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Abstract

This thesis introduces an automatic approach for registration estimation between
successive viewpoints of a laser range camera that takes advantage of the raw measurements
and does not require any external device for pose estimation nor complex feature extraction
or triangulation. Assuming only object rigidity and some overlap between the scanned areas,
the approach allows one to estimate the six rotation and translation parameters that link
scans gathered from different viewpoints in 3D space. A compact modified Gauss sphere
representation is used to encode a simple planar patch approximation of the objects’ surface
and to validate the mapping between the measurements as the appropriate rotation and
translation parameters are computed. This solution results in an important reduction of the
computational workload and a sufficient accuracy for most robot navigation applications.
The proposed approach is demonstrated in an experimental context using real range

measurements collected from a series of viewpoints.
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Chapter 1 Introduction

1.1 Introduction

With the development of various technologies, and an increasing human’s dependence on
machines, artificial intelligence (AI) is becoming a hot research topic worldwide. Like the
human body, artificial intelligence is very complex. Al requires knowledge from many
disciplines, such as electrical engineering, computer science, chemistry and biology. Of all
the branches of artificial intelligence, one of the most diverse is that of computer vision
systems -- also called machine vision systems -- which tries to reproduce the human vision
capabilities. However, the range of applications for this relatively new and still growing
technology is as diverse as the principles and techniques that are used. These applications go
from basic tasks like part inspection to exciting new technologies such as autonomous robot
navigation systems. In these applications, the computer vision system captures images of its
objective environmeat, interprets and renders them. These tasks seem easy for human’s eyes
to perform, but not that simple for a computer vision system.

A major goal of computer vision is to produce systems that enable successful interaction
with the environment (rather than aiming only at producing a particular representation).
Interaction may mean [1]:

a.) Navigating a robot or autonomous vehicle through obstacles or along a road;



b.) Moving a robot arm to manipulate parts for assembly;
¢.) Recognizing human gestures and movements for computer control;
d.) Identifying images in a database on the basis of their content.

In order to achieve successful applications of these interactions, online building of
accurate 3D models for the environment/objects is very important. For example, an
autonomous robot navigation would fail if the system cannot obtain a good 3D model
estimate of its surroundings that will lead to correct path planning. Large delays in building
the 3D model would also make the navigation planning invalid. An incomrect 3D model also
deviates the interpretation of human gestures and movements for computer control. As a
result, building accurate 3D representations of the environment is a critical issue in the
development of a successful computer vision system implying interaction.

Unfortunately, automatic 3D modeling still remains a challenge. A great deal of research
work is still required to develop robust and effective techniques. Typically, automatic
construction of 3D object models involves the following three steps:

a.) Data acquisition from multiple viewpoints;
b.) Registration of views;
c.) Integration of the data sets.

Data acquisition in computer vision involves obtaining either intensity images or range
data of the object surfaces. Usually, we use regular cameras to get object texture (intensity
images), and ultrasonic sensors or laser sensors for depth (range images). However, the
construction of complete object models requires that data are obtained from multiple

viewpoints because of the limited field of view of sensors and the complexity of the scenes



that preempt the system from getting measurements on the complete surface of solid objects
from a single viewpoint.

For this reason, the integration of these multiple views is unavoidable. The way to
integrate them depends on the representation chosen for the model. However, knowledge of
the transformation relating data obtained from different viewpoints is minimally required.
Elfes [2] and Payeur [3] have developed some algorithms to deal with the integration of range
data from different viewpoints. Other related research can also be found in [4, 5, 6].

The registration step consists of finding the transformations that relate the views from
different viewpoints and that are required in the integration step. Each dataset gathered from a
given point of view is defined with respect to a local sensor-based reference frame. The
position and orientation of the sensors at each point of view must be precisely estimated to
ensure that the information obtained from every source is merged in a consistent way to build
a 3D model. Contrarily, a bad registration can preempt a correct integration of data. It
ultimately results in holes and discontinuities, or even completely wrong 3D models, which
are not reliable for collision avoidance or fine interaction control between a robot and its
environment [4]. In short, accurate registration estimation is a vital step in 3D modeling.
Developing some robust techniques to estimate registration parameters becomes the rule of
thumb. In this thesis, we focus on the issue of pair-wise registration of range images.

Research on the problem of registration estimation has been performed for a while in the
computer vision community and many methods were developed. For simple cases,
registration can be estimated with the help of external devices such as magnetic position and
orientation trackers, robotic arms or even cameras providing images from which position and

orientation can be extracted. The latter solution implies very complex image processing and



pattern recognition algorithms that are time consuming and rarely fully reliable. A magnetic
position and orientation tracking device, such as the Fastrak System from Polhemus, seems to
be a promising approach. However, the magnetic fields used to track the pose are very
sensitive to the environment. In an experimental setup containing quite a large number of
metallic parts such as computer boxes, power supplies and robotic equipments, such a device
does not succeed in providing the required pose information except in a very limited
workspace and under constrained displacements. When a robotic arm is used to move the
sensor from one viewpoint to another, the registration between views can be estimated from
the movement of the robot. However, the accuracy depends on the precision of the internal
encoders of the robot and on its repeatability. Another problem is that the robot might reveal
to be too expensive in some situations or might be unavailable as in hand-held scanning
devices. Sometimes, the accuracy of estimation also varies with the cleverness of designers
on how to make use of external devices. In summary, approaches based on external devices
are not always suitable to provide an accurate, practical and automated estimation of
registration parameters. Therefore, there is still a necessity to devise general techniques to
solve the registration problem without external input.

An interesting solution in tackling this problem is to take advantage of the raw data
provided by the sensor, here a range camera. Assuming that there is an overlap between the
areas of the scene that are measured from each viewpoint, it becomes possible to search for
some matching characteristics in both sets of information and then compute the necessary
transformation parameters that would bring those matching points one onto the other. Based
on some assumptions, several techniques have been proposed in the past to develop such a

technique, but no extensive and definitive solution has been found yet. These techniques can



be divided into two categories. The first group is based on interactive approaches (7, 8, 9, 10].
One of the two range images to be registered is called the model. The other one to be
transferred over the model is called the scene. Corresponding points are found iteratively
between the scene and the model until they converge. Finally, a rigid motion estimate is
obtained from the corresponding points. The method works well if each data point has its
corresponding point in the model. However, it requires an initial estimate and provides no
guarantee of getting the correct solution. The second group of approaches relies on feature
extraction [11, 12, 13, 14]. Some features are extracted from each set of data to compute the
registration. No initial estimate is required for this kind of method, but it fails when no
prominent local features exist in the dataset and is sensitive to noise. Another disadvantage of
this kind of method is that much time is spent on extracting features. Intensity images are
sometimes used to assist in extracting feature points [15].

For the techniques based on raw data discussed above, the objective function of the 3D
registration process seeks to minimize the distance between corresponding points on
overlapping surfaces associated with two data sets from two different points of view. In
practice, it is made more complex because range data are often corrupted by measurement
errors, outliers and, sometimes, a lack of data. The errors in surface measurements of an
object include scanner errors, camera distortion, and spatial quantization, and missing data
can result from self-occlusion or sensor shadows [16]. Because of these measurement errors,
it is difficult to optimize one cost function to obtain a closed-form solution for a rigid
transformation between two sets of noisy 3D points. For example, in the first category of
techniques, the cost function is easily minimized locally but not globally based on the given

initial estimate. Missing data makes some corresponding points impossible to find and this



tends to deviate the computation of the cost function. Moreover, unlike regular grid-based
images, raw range images usually have a varying resolution and a non-uniform distribution of
measurement error over the entire image. This makes the estimation of registration
parameters more difficult. Compared to 2D intensity images, the addition of a supplementary
dimension in 3D range images is another concern in 3D modeling as it makes time
consuming computation even with the same size of images. All the problems presented here
exist in all techniques based on raw data. However, they are not properly overcome in
existing techniques. One more robust technique is still expected.

Our objective in this thesis is to derive such a technique that can solve these problems in
some optimal sense and estimate the registration parameters that globally register noisy range
data provided from different viewpoints. Only a few basic assumptions are made on object

surfaces, and the computation time is minimized while obtaining accurate registration.

1.2 Proposed algorithm

In this thesis, we propose a new method dealing with the registration problem that is
based on a modified Gauss sphere [17] representation of the object surfaces and
homogeneous transformation matrices. Starting from the fact that planar surfaces exist on
most objects (even for round objects that can be approximated by many small planar
patches), the only assumptions used in the proposed algorithm are that rigid transformations
exist between objects or groups of objects, and that there is enough overlap between two
views from two different viewpoints to be registered. These basic assumptions are the same
that are usually imposed in current 3D modeling applications and that are required for

techniques exposed previously with different extents on the overlap constraint.



The proposed algorithm is briefly described as follows. First, straight-line segments are
interpolated in each range profile. Within a specific precision, object surfaces along the scan
lines can be approximated by these straight-line segments. The normal vector, length and
starting point of each line segment are extracted. Then, neighbor range profiles with similar
global normal properties are grouped into planar patches. The surface normal vector and the
centroid point are then computed for each patch. The area of the patch is considered as a
weight that determines the length of the normal vector. Then, those normal vectors with
similar orientation are combined together. This step does not only reduce the number of
normal vectors, but also significantly shortens computing time. Moreover, this allows one to
consider the scene globally which helps in obtaining an accurate transformation estimate.
Aligning all compacted normal vectors together on the origin of the coordinate system
produces a modified Gauss sphere representation of the object surface. Finally, three pairs of
normal vectors extracted from two surface representations to be registered are compared and
used to compute the three rotation parameters in a linear way. Next, the three translation
parameters are computed by averaging the coordinate difference between centroid points of
matching surfaces computed in the second step after applying the rotation transformation.

The advantages of the proposed approach are the following: First, no initial estimate is
required. Second, no sophisticated features need to be extracted and therefore computing time
is reduced. Third, no cost function is computed bringing no requirement for long iterative
minimization. The registration parameters are obtained directly from matched normal
vectors. Fourth, rotation and translation parameters can be obtained separately. There is no
need to scan 3D rotation and 3D translation parameters by loops over given ranges of values

thus saving much computing time. Fifth, the drawbacks of varying resolution and non-



uniform distribution of measurement errors in 3D range images can be overcome to some
extent. Most points on the object surface can be extracted if a sufficient precision is used to
approximate the object surface. This facilitates the matching of points between two data sets.
Finally, simplifying sparse 3D data points to planar patches enables fast and efficient
computation by reducing the size of data to process. It also acts as a filter as it averages
measurement errors which cause problems in other methods when cost functions are used.
Compared to other research works on 3D modeling, the proposed algorithm is also more
reality-oriented because it is based on the raw range measurements (scan lines) directly
provided by an off-the-shelf sensor. Most other research works assume that full range images
are directly provided by the sensors. As a result, they search for matching characteristics
between such full images and compute geometrical transformations from there. Such a
framework does not correspond to reality because the majority of range sensors currently
available on the market or even prototypes found in laboratories do not provide such full
images by themselves. They rather generate single points or scan lines of range
measurements [18]. Those sensors that artificially generate full images rely on an external
mechanical device to translate the sensor or change its orientation [19], or even scale the data
into grid-based images. This solution compares to the use of a robot to move the sensor and is

sensitive in terms of registration errors.



1.3 Contributions

The contributions of this thesis can be summarized as follows:

a.) Proposing an automatic registration algorithm useful in 3D modeling that does not

require initial estimation nor human interaction;

b.) Proposing a method of compact representation of object surfaces which facilitates

the estimation of registration between viewpoints;

c.) Proposing an evaluation scheme to select the best solution within one group of
choices without any cost function, which makes the algorithm computationally

efficient;
d.) Proposing a way to register two data sets at a global convergence;

e.) Proposing a solution that estimates rotation and translation parameters separately

which speeds up the estimation of registration.

1.4 Thesis organization

The rest of the thesis is structured as follows: Chapter 2 proposes a review of several
relevant papers related with data registration. Next, a detailed description of the experimental
setup is presented in chapter 3. This is followed in chapter 4 by the discussion of the
principles of the proposed algorithm for both 2D scan lines and 3D range images. Then in
chapter 5, considerations on how to implement the proposed algorithm are discussed for real
range data. Experimental results are presented and analyzed in chapter 6. Finally, chapter 7

gives a summary of the thesis work and examines avenues for future developments.



Chapter 2 Literature Review

2.1 Introduction

This chapter presents a detailed review of some research efforts that have been performed
over the past years to solve the registration problem. The approaches developed have
different division schemes according to their characteristics. Here we divide them into two
categories. The first category of approaches is based on external assistance. The other
category takes advantages of raw data. The latter one is further categorized into two groups
based on the techniques they use: Iterative Closest Point (ICP)-based and feature-based.
Some approaches using some combined techniques may belong to different categories. The
rest of this chapter follows the hierarchical structure of these categories and proposes a

detailed discussion of them.

2.2 Techniques based on external assistance

This category of approaches relies on mechanical estimation of poses, manual assistance
or both. The objects to be modeled or the sensors are attached to some precisely-controlled
mechanical devices. Then the data are acquired from some predefined viewpoints in the
experimental setup. Therefore, the registration of the raw data corresponds to the

transformation of the mechanical devices and can be used directly for the integration of data
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in applications. For example, Normand [20] uses one mobile platform with fixed positioning
sonar range sensors to construct 3D indoor models for autonomous robot navigation. Miller
et al. [21] use an autonomous helicopter with a differential global positioning system (DGPS)
to build terrain models. Inversely, Turk and Levoy [10] obtain the registration for 3D model
construction by keeping the sensor fixed and moving the object on a calibrated platform.
Neugebauer [22] extracts the registration by specifying manually some corresponding feature
points in pairs of range images. Some other examples using pre-calibrated devices or manual
assistance can be found in [23, 24, 25, 26]. Estimating registration based on this category of
approaches is an easy and straightforward way. However, as views are restricted to rotation or
to some known viewpoints only, the object surface geometry cannot be exploited in the
selection of vantage views to obtain measurements [16]. These methods also tend to be
expensive and time consuming. They might reveal impractical in some situations. For
example, moving a sensor with an articulated arm might be unaffordable in some basic
applications. On the other hand, articulated arms’ workspace might be too large for small
environments. Fortunately, other techniques have been developed to obtain the
transformation estimation from the characteristics of range images rather than from external

devices.

2.3 ICP (Iterative Closest Point) based methods

Besl and Mckay [9] propose an algorithm for computing the rigid transformation based
on iterative theory. Their algorithm minimizes the average distance between two data sets by
iteration over the following steps: The correspondence of closest points between the scene

shape and the model shape is first computed (the two data sets are specified as the scene
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shape and the model shape respectively); then the registration is estimated from the closest
matched points; finally, the latter registration parameters are applied to the scene shape and it
is compared with the model shape. The error (distance difference) is then derived. Iterations
stop when the change in mean square error falls below a preset threshold. Besl and Mckay
allow the model shape to be represented in any of the allowable forms (point, line or triangle),
but only points are used for the scene shape. A quatenion-based algorithm is applied to get
the registration given known paired points. Besl and Mckay approach provides good results.
The main advantages of the algorithm are that: a) it can handle the full set of six degrees of
freedom; b) it does not require preprocessing on the 3D point data; and c) it does not require
derivative estimation or local feature extraction. However, it can also be shown that the
algorithm tends to converge to a local minimum of the error. This is intuitively clear since the
registration stage decreases the average error at each iteration while the closest point
determination decreases the individual error. But this does not guarantee that a global
convergence can be achieved, and therefore a reasonable initial guess for the rigid
transformation has to be provided as a reference to tell if the computed result is right or
completely wrong when it is not estimated based on a global convergence.

Many researchers try to improve the algorithm proposed by Besl and Mckay by assuming
some initial knowledge or combining it with other techniques. For example, Chen and
Medioni [8] compute iteratively incremental transformations that would minimize the
distance between the transformed points from the data shape and the points from the model
shape by assuming an initial approximate transformation for registration. However, the
problem remains that there is no guarantee that point-to-point match exists when computing

the distance from one view to another view. The particularity of the approach is that they use
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range data directly without computing any surface representation or extracting features. As
such, a method must provide a way to select a subset of the points, known as control points.

Dorai et al. [7] obtain these control points by minimizing the distance from one point to
one plane. Therefore only the direction along which the distance can be reduced is
constrained. It is shown that the effectiveness of the algorithm for establishing the
correspondence of control points in two views depends on the accuracy of the initial
transformation and on the smoothness of surfaces to be registered. If the initial estimation is
accurate and the object surfaces are smooth, reasonable approximation of the true
corresponding control points can be obtained. Otherwise, bad estimation located far away
from the true ones are obtained in some cases. Dorai et al. also improve the method proposed
by Chen and Medioni in [8] by introducing a control point verification process. One equation
is applied to check the compatibility of control point pairs. Those that are not compatible with
others are removed. Ultimately, the registration is estimated only from these control points
that are compatible. Compared to the technique of Chen and Medioni, a higher accuracy can
be achieved. However, a drawback of this method is that the extent of surface overlap directly
influences the number of corresponding points that can be established as control points. As a
result the accuracy of the estimated transformation is affected.

Instead of obtaining control points by extracting features, Masuda and Yokoya [27]
integrate random sampling with the ICP algorithm. They classify each range data point into
one of the four categories: Occluded, Unpaired, Outlier and Inlier. A point of the scene that is
hidden by other points projected on the same pixel of the image is an occluded point. A point
that has no paired point on the same pixel in another range image is an unpaired point. The

other points are separated into inliers and outliners by thresholding the distance between
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paired points. In each iteration, Masuda and Yokoya take sub-samples from the given data
set. The algorithm succeeds when one sub-sample including no outlier is selected after
several trials. It is clearly shown that the effectiveness of the technique depends on the size of
the sub-sample, the number of trials of taking sub-samples, and the rate of outlying points.
Masuda and Yokoya do not provide a general way to select these factors. Also, computation
time is shown to be long (up to 12 minutes) from their experiment.

The algorithms introduced above in [7, 8, 9, 27], as well as some other methods like [16,
28, 29], all need some a priori knowledge on the transformations. It makes them less general
in solving the registration problem. Other more flexible techniques could advantageously be

developed.

2.4 Feature-based approaches

Object surfaces may have many features. Usually comers and edges (both in 3D range
images and 2D intensity images) are used as features. However, control points, planar
surfaces and spin images are also good features. Under the assumptions of rigidity constraint
and a sufficient overlap between the data of two views to be registered, the characteristics of
these features on the rigid object surfaces are preserved. Therefore, they can be used to match
two sets of data and extract the registration parameters. The following sections review

research works related to different types of features.

2.4.1 Control point-based

Chen et al. [30] improve the approaches in [8, 9, 31] by choosing some control points

based on the geometry constraint instead of using all initial points or a subset of sampled
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points. Three control points or more are found in the scene data set, called primary point,
secondary point, and auxiliary point(s) respectively. Then an exhaustive search is applied in
the model data set to find each possibility of three corresponding points with similar
geometry constraints. For each possible three-point correspondence, a unique rigid
transformation can be determined. Then after the application of the transformation on the
scene data set, the number of occurrences where the points in the scene data set are
successfully aligned on the model surface is computed. This is called the overlapping
number. Finally, the rigid transformation with the largest overlapping number is selected as
the solution for the registration. Chen et al. [30] introduce one approach with no
preprocessing, no local features required and no initial estimate, which seems reasonable and
easy to understand. However, there are some limitations in each step. For example, there is no
precise way to choose control points in the scene data set. A lot of time is spent on searching
correspondence in the model data set. Moreover, using the overlapping number as an
evaluation factor is not practical because every range measurement has a different uncertainty
level that depends on its position in the scene. Also the whole process has to be rerun if the
corresponding control points in the model data set cannot be located as a consequence of
noise or missing data. Finally, Chen ez al. [30] propose to use a random sample consensus
scheme in partial overlap cases, but this solution meets the same difficulties encountered in
(8,9, 31].

Roth [15] also addresses the registration problem by an exhaustive search of
correspondences based on the rigidity constraint. The difference is that he does not compute
the three control points in the scene data set. Alternatively, he extracts feature points from the

intensity image and then uses the associated 3D values collected from the range image to
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compute the registration. After the computation of a 3D Delaunay tetrahedrization based on
these 3D range points, all the compatible triangle pairs are tested for matching. The
registration is estimated and applied to the scene data set for each triangle pair. He also takes
the number of aligning points as an evaluation factor to select one transformation as the
solution. Roth provides a very good theoretical description. The proposed algorithm is able to
handle geometrically symmetric objects, and it does not require significant sub-sampling of
the range image, so the whole information is preserved. However, the algorithm requires that
the viewpoints of the intensity images are relatively close together (1/4 of the image size) and
there must be a lot of textures on the objects being scanned. This is a significant limitation as
most man-made objects are textureless. Another limitation is that a lot of time is spent on
finding the interest points, computing the Delaunay tetrahedrization, and searching for
matched triangle pairs. Computation time depends on the number of interest points. The
experimental results that are presented demonstrate the computational inefficiency and
limited robustness of the algorithm originating from the previous limitations. For example,
the registration of the ‘head’ model fails 2 out of 7 times, and succeeds 3 out of 7 times.
Some other research works regarding control points-based approaches can be found in

(27, 32, 33].

2.4.2 Spin image-based

Johnson et al. [35) as well as [13, 14, 31, 34] propose a new idea in solving the
registration problem based on the computation of local surface signatures, called spin images.
This method does not need any initial estimate nor any explicit feature extraction. These

papers also discuss some problems in dealing with real application data, such as varying
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resolution, absence of reliable features and the large data set. The signature of a given basis
point P (figure 2.1) is computed by projecting every point x within a support region centered
at P onto a 2D spin coordinate system, defined by the distance of x to the tangent plane p, B,
and the distance to the normal line n, a. The spin image at P then can be defined by
histogramming the values of a and f. It is shown that the spin image meets the rigidity
constraint in transformation, and can be used to estimate the transformation. In a way similar
to other feature-based approaches, Johnson ez al. define the approach as follows: First, they
convert the two range images into triangular surface meshes and spin images are computed
for every vertex point in the mesh. Then, control points are found and matched by doing a
correlation computation on the spin images between two views. Transformations are derived
for each group of matched control points and the one that best aligns the corresponding points

is selected as the solution; Finally, Johnson et al. also refine the solution by the ICP method.

Figure 2.1 Spin image definition (Reprint from [14]).

The main problem in this algorithm is the spin image computation. Not only is it
computationally intensive, it is also sensitive to the mesh resolution. If the mesh resolution of

a region is too low for the chosen spin image region, too few data points will be accumulated
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in each histogram bin, which will degrade the spin images. Initially, Johnson et al. employed
a vertex-based mesh decimation algorithm, which resulted in significant lost of information,
and was computationally expensive. In subsequent work they extended the approach to use
face-based spin images. Each mesh face is subsampled by linear interpolation in a raster scan
pattern before computing its spin image. Significant improvement has been achieved with
this strategy. But it is still sensitive to the choice of the sampling rate used for interpolation.
The results presented in [13] show that much time is required (~5 minutes) to register two

terrain range images.

2.4.3 Triangular mesh-based

Bergevin et al. [36] do some interesting research in tackling the registration problem
making use of hierarchical surface representation and 4 by 4 homogeneous matrix
representation. The approach proposed is basically a three-stage process in which a number
of transformations are initially generated before being sorted. A refinement process is added
at the end. From the hierarchical surface representation, range measurements are triangulated
and represented in a very effective way. Meanwhile, a number of geometrical attributes are
extracted for each triangle such as the area, the normal vector, the centroid and the number
and label of each of its adjacent triangles. During initial transformation, this approach takes
advantage of the fact that corresponding regions (triangles) in two views should have similar
global properties such as centroids and normal vectors. This provides some means for pairing
the correspondences rapidly while generating reliable transformation. A 4 by 4 homogeneous
matrix provides a direct way of getting registration parameters given the correct

correspondence. To simplify, a 2D overlap is used to evaluate the initial transformation in the
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intermediate step instead of considering the full 3D space. This scheme eliminates many bad
transformations and only keeps some candidates close enough to the right one. This saves
much time for the final refinement process. In spite of its significant advantages, the approach
also has some limitations. First, it uses a small triangular representation, which is very
sensitive to measurement errors, especially for its normal vector computation. Lots of time is
also required to compute the attributes of triangles coming from a large number of small
triangles. The authors state that about 20~30 minutes is spent for this triangulation step for
each view which is quite unpractical for real applications. The authors also state that the
triangulation is not perfectly invariant with respect to the viewpoints. As a consequence, they

have to accept a large tolerance level when selecting matched triangle pairs (10 mm distance

difference between two centroids; 20° angular difference between two normal vectors).
Therefore, the accuracy of the transformation based on this first estimate is usually

unreliable. The authors add two final steps to refine the transformation but this still increases

computing time.

2.4.4 Edge-based

Stamos and Allen [37] propose to build a system to create geometric and photometric 3D
models by extracting 3D linear features. In a similar way to the method proposed by Bergevin
et al. in [36], Stamos and Allen employ surface representation and make use of the normal
vectors to surfaces. The difference is that Bergevin ez al. triangulate the surface into facets,
which makes the representation sensitive to noise and computationally expensive. On the
other hand, Stamos and Allen group as many points as possible into a set of planar surfaces,

such that noise is minimized when using many raw data and the data set size is reduced. This
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way the computational efficiency is increased. After having segmented range data, Stamos
and Allen detect the 3D lines that correspond to the intersection of two neighboring planar
regions. These lines are considered as the candidate correspondences between two views. A
quaternion-based solution is used to get the registration estimation. Unfortunately, the
approach described in this paper cannot automatically detect the correspondence. The users
have to manually select some of the corresponding 3D lines generated above. Some
improvements are still required before this approach can be made practicable. Even though

no complexity analysis is presented, some interesting ideas are introduced in this paper.

2.5 Other related techniques

This section reviews some techniques that cannot be grouped into one of the above
categories but that introduce some interesting ideas.

Szeliski [38] derives a method for motion estimation between two range image frames of
the same terrain without feature extraction and point matching. He makes a smoothing spline
approximation of data given the assumption that there is no abrupt variations on object
surfaces, which is not always the case. A cost function indicating the average of the
covariance-weighted Z difference between the points and the surface is minimized while
applying a conventional steepest descent algorithm to transform one data set to another data
set. He gives each range measurement a different weight based on its distance from the
sensor. This can decrease some negative effects coming from the uncertainty in real data
points, which vary significantly from the foreground to the background. Szeliski scales the

range measurements into a grid-structure image. But this tends to introduce some errors
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artificially. He presents some interesting results but they are just simple cases with a very
limited number of degrees of freedom that are far from real application requirements.

Horn and Harris [39] try to address the same problem as Szeliski [38] by extending the
optical flow equation to some constraint equations for the sequentially grided range image
frames. This method works faster than the one proposed by Szeliski and provides six degrees
of freedom motion estimation. However, it cannot extract a rigid motion with large rotation
and translation and thus resumes to the refinement of some initial estimates of the
transformation. Kamgar -Parsi er al. [40] also derive one technique for registration without
distinctive features, but the method is restricted to three degrees of freedom.

Taubin [41] presents a different method for position estimation without feature extraction
based on algebraic representation. He interprets the raw measurements in some implicit
algebraic forms with one predefined resolution using an approximate distance metric. Global
shapes (not occluded shapes) can be identified based on generalized eigen values, and the
registration transformation can be recovered. The method works well with complete planar
curve and space curve shapes, but has difficulties with complex surfaces. Taubin introduces
an interesting theoretical way to solve the registration problem. But much research work is
necessary before it can be practicable.

Wong et al. [42] and Li [43] propose another idea using attributed graphs for 3D
matching. An attributed relational graph of fundamental surface regions for data and model
shapes is first built. Then some algorithms perform the graph matching. It is shown that this
method has a large tolerance on the variability in attributes and in graph adjacency
relationships. But derivative-based attributes extraction still makes it sensitive to noise and

the complexity of the scene.
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Chapter 3 Experimental Setup

3.1 Introduction

This chapter describes the experimental setup used for our development effort that is
available in the Vision, Image, Video and Audio (VIVA) Research Laboratory at the
University of Ottawa. The specific configuration of the setup, shown in figure 3.1, has an
impact on many decisions made in the design phase. A Jupiter laser range finder, which scans
one line on the object surface at a time, is mounted on a 7 degree-of-freedom CRS F3 robot
arm to collect the depth information on the scene from a series of viewpoints. The 7th DOF of
the robot is provided by the track on which the arm is mounted. There is one controller for the
range finder and one for the robot arm. To collect scan lines, the range finder is moved in
constant increments along a straight line (along the X axis in the camera coordinate system).
while its orientation is kept approximately constant. The steps of this movement are kept
relatively small, 5 mm or 3 mm in our experiments, to get a good coverage of the entire object
surface. Displacements are under the control of the F3 robot arm operated in the world
coordinate mode in order to ensure a precise control of the sensor position along the straight
line. After one set of scans from one viewing line is completed, the sensor is moved to a
completely different viewing area and the process is repeated. This is illustrated in figure 3.2.

Figure 3.3 shows one configuration used in our experiments for one viewpoint, and the



associated plot of the depth information collected on the object (a small piece of foam

looking like a little chair) is shown in figure 3.4.

Figure 3.1 Experimental setup.
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Figure 3.2 Viewing lines.

Figure 3.3 Range sensor scanning from one viewpoint.
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Figure 3.4 Range measurements collected on the piece of foam in figure 3.3.

The measurement precision achieved by the Jupiter range finder depends on the depth
and on the angle between the laser beam and the object surface. The precision can be up to
0.3 mm in depth and 0.7 mm along the direction orthogonal to that of depth. On the other
hand, the CRS F3 robot arm provides a resolution of 0.05 mm in translation and 0.005
degrees in rotation. Compared to the Jupiter range finder, the F3 robot arm has a much higher
resolution. Therefore, we use it to provide the theoretical registration parameters for the
evaluation of our algorithm. The extraction of the theoretical registration parameters is

illustrated in figure 3.5. R; and R, are the robot arm base reference frames for two points of

view. T, and T, are the corresponding end effector (Jupiter sensor) reference frames. The
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transformation matrices Q;, Q; and Q3 are obtained directly from the joint parameters

provided by the robot controller for each configuration. As a result, the transformation

matrix, Q, from reference frame T, to T is easily computed from the following equation:

Q=Q,'Q;Q, (3-1)

Where Q corresponds to the registration between the two sets of measurements captured from

these two points of view.

Tool reference frame T, Tool reference frame T,

" Track

b\

Robot arm base
reference frame R,

Robot arm base
reference frame R.

Figure 3.5 Theoretical registration parameters extraction.
As a first part of our research work on the registration problem, we realized a close
investigation on the Jupiter laser range finder and the CRS F3 robot arm in order to make the

setup work properly and to be able to calibrate the measurements according to the

configuration. The following sections examine these two devices in more detail.
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3.2 Jupiter laser range finder

3.2.1 Introduction

The Jupiter laser range finder is a 2D vision system from Servo-Robot Inc that is based
on a technology developed at NRC. It has two major components: the camera head and the
controller, which are interconnected by a cable. The camera head, or range finder, is a
distance-measuring device based on an active optical triangulation principle. The controller
maintains the camera head in its optical operating condition by adjusting in real-time the laser
power and/or the sensitivity in order to cope with varying surface conditions and textures. As
shown in figure 3.6, the Jupiter sensor can provide range measurements up to 1005 mm
beyond a blind zone of 170 mm and over a wide field of view (close plane: 108 mm, far
plane: 579 mm). Jupiter scans a single line profile and can work in two modes. The first mode
collects 512 points per profile. The second one gathers 256 points per profile with up to 40

profiles per second.

3.2.2 Reference frames

The raw range profile obtained from the Jupiter sensor is based on a spatial orthogonal
reference frame. According to the manufacture calibration, the measurement reference frame,
X'Y'Z’, is located 1389.6 mm in front of the camera along the Z axis. There is also an offset
of -38.9 mm along the Y axis. Therefore, to facilitate the visual interpretation of the raw data
with respect to the reality, we have to make some transformations. The data processing
module that we developed operates the following coordinate transformations to represent the
depth information on the object surface with respect to a reference frame XYZ rigidly

attached to the front part of the camera:

27



OFFSET_Y= 389 mm
<>

1 ’

A
579 mm
Far p]aﬁk
g
E
°
2
N
NI
[
7
&
o]

49_8_

Closeiplane

Field of View

170 mm

~
» N

Jupiter
Range Finder

Figure 3.6 Jupiter field of view and reference frames.
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Y = OFFSET_Y-Y’ (3-2)

Z = OFFSET_Z-7Z (3-3)
with OFFSET_Y = -38.9 mm and OFFSET_Z = 1389.6 mm. Figure 3.7 shows an example of
a characteristic scene that has been used for initial investigation. One of its corresponding 2D
profiles is shown in figure 3.8. Figure 3.8 (a) illustrates the raw profile generated by the
sensor and that corresponds to the surface shape in inverse order. Figure 3.8 (b) shows the
profile after the coordinate transformation has been applied and the right surface
representation is recovered. The WinUser software interface provided with the camera stores
each profile in a *.3dx format file, which uses -32768 to record points where no relevant
measurement is obtained because of the lack of a sufficient reflection of the laser beam on the
surface towards the sensor. Such invalid points originate from holes on objects surfaces or
from areas that are out of the camera field of view as well as from surfaces not properly
oriented. Appendix A provides a detailed description of the useful part of a 3dx file format to

allow extraction of relevant information.

Figure 3.7 One simple scene for profile investigation.
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Figure 3.8 One scan profile collected on the surface of objects in figure 3.7.
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3.2.3 Precision analysis

In order to get a close idea of the accuracy of the raw data provided by the sensor, an
investigation has been conducted on a large number of profiles. These profiles were obtained
by scanning a flat surface, which was always kept parallel with the Y’ axis as shown in figure
3.9. The flat surface has been placed in front of the camera at different distances successively
(Z’ =200, 300, 400, 500, 600, 700, 800, 900, 1000, and 1100 mm with respect to the X'Y'Z’
reference frame). The ten corresponding raw range profiles are presented in figure 3.10. From
these profiles, we found that the measurements have varying resolutions along the Y’ and Z’

axes, and contain some errors. The following sections detail this investigation.

Figure 3.9 Experimental setup for precision analysis.
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Figure 3.10 Ten raw range profiles obtained with the experimental setup in figure 3.9.

3.2.3.1 Resolution along the Y’ and Z’ axes

By computing the distance between two successive measurement points, figure 3.11

shows the average resolution along the Y’ axis at different depth levels. When the surface is

close to the camera, the resolution is maximum (say if Z' = 1100 mm, A_y = 0.7 mm) and

decreases with the increase of the distance between the surface and the camera (say if Z’ =
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200 mm, K_; = 2.5 mm). This comes from the fact that the camera always takes 256 or 512
samples whatever the width of the field of view is. Actually, the resolution still changes along
Y’ even for a constant depth. It is higher in the middle than at the extremities of the field of
view as shown in figure 3.11. This disparity is explained by the triangular-based principle of
the Jupiter laser camera as shown in figure 3.12. The constant angular resolution of the laser
beam between successive measurement points leads to different distances (Ay) along the Y’
axis. Space between measurement points is smaller in the middle of the field of view and it

goes larger at the extremities. If we let Ay, ;. Ay.» and Ay,, represent the resolutions at the
extremities and in the middle of the field of view respectively, Ay.; and Ay, are always
larger than Ay,, while they are similar to each other because the field of view is

approximately symmetric with respect to the Z’ axis. Figure 3.13 and 3.14 show two
examples where the flat surface is measured at Z’ = 200 mm and Z’ = 700 mm respectively.
The horizontal axis is the index of sample points from the range profiles. The vertical axis
presents the resolution along Y’ at each sampled point. When Z’ = 200 mm, the resolution in
the middle of the range profile is about 2.3 mm, while it reaches about 2.8 mm and 2.9 mm at
the extremities. When Z’ = 700 mm, the resolution in the middle of the range profile is about
1.3 mm, while it is about 1.7 mm at the extremities. The full plot of the Y’ resolution (Ay)
versus Y’ and Z’ is shown in figure 3.15. As described above, when Z’ increases, Ay becomes
smaller thus providing a higher resolution along Y’. Ay also demonstrates some symmetry

along the Y’ axis, being smaller around the center of the profile.
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Figure 3.11 Resolution along Y" at different depth levels.
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From the profiles in figure 3.10, we can also compute the resolution along the Z’ axis in
Y’-Z’ space. It varies from 0.3 mm in (j) to 2 mm in (a). In a way similar to the extraction of
the resolution along the Y’ axis, an estimate of the depth resolution along Z’ versus the Y’
and Z’ axes has been computed by estimating the resolution for some specific points in each
range profile. Figure 3.16 shows a plot of the sensor resolution on depth measurements (Az).
It increases with Z’ as objects are closer to the camera and shows symmetric behavior on both

sides of the Z’ axis with higher resolution for small Y’ coordinates.

400 -300

Y axis (mm)
Z' aus (mm)

Figure 3.16 Z’ resolution (Az) versus Y" and Z axes.

3.2.3.2 Measurement errors

Pursuing the investigation on the profiles, we also observed three main types of
measurement errors. First, from the above experimental setup, we should ideally get straight-

line profiles, but real profiles are somewhat different as shown in figure 3.10. The sensor
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tends to provide somewhat larger measurements around the center of the scan with variations
going from 2 mm to 8 mm in magnitude. This may result from the optical triangulation
principle of the Jupiter sensor. When the laser beam is perpendicular to the object surface, the
CCD in the sensor receives a higher laser intensity in spite of the automatic adjustment on the
laser power provided by the controller. This phenomenon introduces variations in the depth
estimation of those points scanned by a perpendicular laser beam in spite of the fact that the
distance between the Y axis of the sensor and the surface is constant. In the above
experimental setup, the surface is perpendicular to the laser beam in the center of the field of
view, and inclined with respect to the laser beam at the extremities. The magnitude of these
variations in the depth estimation also increases when the object is moved away from the
sensor. As a result, some compensation might be considered in future work to avoid too
important deviation from the reality, and to build more accurate 3D models.

Second, using the object setup shown in figure 3.7, we observed the occurrence of some
overlapping points within the region of Y’ € [500, 1000] (0.1 mm) shown in figure 3.8 (a).
Practically, this phenomenon happens when two object surfaces overlap along the Y’ axis
when they have a large depth variation along the Z’ axis, and when the farther object surface
has a good reflection and is inclined with respect to the laser beam. In figure 3.7 specifically,
the flat box surface, with a depth variation to the wood surface, has a good reflection and it
causes the problem. This issue may result in some troubles when we try to locate the surface
by interpolation points in between such profiles. In order to limit the negative impact that this
may have on the registration estimation, these points can be removed if the depth variation is
large. Another solution consists in selecting the end points of the line segments that will be

introduced in the next chapter using the Y values rather than the index of the sampled points.
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These methods can minimize the problem because the number of such overlapping points is
usually limited and they can be considered as outliers. The overlapping points can also
sometimes cause difficulties when extracting points for planar patch fitting. Therefore, an
efficient algorithm has to be built during the point extraction process.

Third, the scan profile is also sensitive to the texture of the object surfaces. Smooth
objects show much better in the scan profiles than rough objects. This phenomenon is
illustrated in figure 3.17 where two similar foam objects are scanned. One of them has a
rough gray surface. The other one is covered with white paper to make it smoother. The
corresponding scan profile is shown in figure 3.17 (b). It is clear that the profile collected on
the object covered with white paper is more representative of the reality but more Gaussian
noise. However, the quality of scan profiles also depends on the angle between the laser beam
and the normals to the objects surfaces. For example, on a specular surface like the PC
screen, we get clear scan profiles except when there is a large angle between the laser beam
and the normal vectors to the screen. We also validated above statements by scanning objects
with many different textures, such as foam, a gray computer box, a wood bar, a red plastic
cone and a chair covered with brown fabric.

There are some other sources of errors in the measurement process, such as the errors
originating from the object surface diffusion, the complexity of objects, and the optical
properties of the laser beam. Fortunately, the automatic power adjustment function of the
sensor controller succeeds in significantly reducing the impact of some of these problems.
However, we had to ensure a limited complexity of the scene in our experiments in order to

obtain clear and meaningful range profiles.
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Figure 3.17 The sensitivity of Jupiter sensor on different textures.
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3.3 F3 robot

The F3 robot arm is a ‘human scale robot’ from CRS Robotics Inc. It provides a powerful
combination of high—speed flexible automation, increased reliability and ease-of-use. The six
DOFs (Degrees Of Freedom) of the robot allow its end effector to cover a relatively wide
workspace both in position and in orientation in an easy and efficient way. The track provides
a 7th DOF to the robot that still enlarges the workspace and provides a more flexible setup.

The F3 robot arm employs four coordinate systems to describe its workspace: World,
Tool, Joint and Cylindrical systems. The world coordinate system is defined with respect to
the world Cartesian reference frame located at the base of the robot (see XYZ in figure 3.1).
We can easily control the rotations and translations of the end effector, here holding the
Jupiter camera, in this reference frame. The tool coordinate system of the F3 robot is located
at the robot end point as shown in figure 3.18. It is useful when we care more about the local
movements of the end effector than that of the robot itself. The F3 robot arm also allows more
flexible control of the movement of the end effector by defining the tool center point (TCP)
with respect to the tool coordinate system. This feature is interesting as we are usually more
concerned about the movement of the TCP rather than that of the point at the extremity of the
robot. If a TCP is defined, all movement information provided by the F3 robot arm system is
referred to the TCP directly. Therefore, no transformation is required. In our experiments, we
have set TCP = [Olry, Olyy» 210 mmir;, Olyay, Olpicchs Olront)- Theoretically, this value is
measured from the transformation between the robot tool coordinate system and the sensor
coordinate system (the one after transformation), as shown in figure 3.18. However, we did

not have a precise mechanical calibration for the bracket that we used to attach the Jupiter
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sensor to the robot end effector. Therefore, the TCP location that we used is only an estimate,
which will influence the accuracy of the theoretical registration parameters we extract for
reference. Once the TCP is set, the F3 robot arm can provide the registration between the
sensor coordinate system and the robot base system directly. This representation can be used
to obtain the theoretical registration parameters between two sensor coordinate systems
corresponding to two different points of view, as described in the first part of this chapter. The
joint system is defined with respect to the robot’s joints, which are precisely controlled by
pulse counters. Each joint contains an encoder that generates pulses as it rotates (569 pulses
per degree for joint 1, 2 and 3, and 455 pulses per degree for joint 4, 5 and 6.) In our
experiments, we used the joint system to accurately control the rotation of the sensor.
Specifically (with respect to the tool system), joint 1 controls the rotation around the X axis
(Yaw); joint 5 controls the rotation around the Y axis (Pitch) and joint 6 controls the rotation
around the Z axis (Roll). The joint specification is shown in figure 3.19.

The F3 robot arm provides two types of movements: straight-line motion and rotation.
Straight-line motion can only work in world coordinate mode, but it is useful when we must
maintain the level or the orientation of the payload. In our experiments, we made use of it to
move the camera within one viewing region along a straight line to collect a series of parallel
range profiles separated by S mm or 3 mm increments. Rotation motion was used along with

straight-line motion when the camera was moved from one viewing line to another.
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Figure 3.18 F3 robot tool coordinate system and TCP (Tool Center Point).

Figure 3.19 F3 robot arm joints specification.



Finally, the movements of the F3 robot arm can be controlled in three ways: with the
teach pendant device, from terminal commands or by RAPL-3 programs. The teach pendant
can move the robot in world, joint and tool systems. It is easy to use but it cannot move the
end effector to a precise pose because it is done manually. We mainly used it to move the
sensor to an initial pose for scanning, for which high precision is not critical. Terminal
commands operate the robot arm in a similar way as the teach pendant. However, it is not
really automatic control and we didn’t use it extensively. The RAPL-3 language, which is
similar to C programming language in syntax, is a powerful way to precisely control the
movements of the F3 robot arm. It consists of many easy-to-understand commands for basic
applications and powerful commands for experienced programmers and system integrators.
We developed a program to move the camera during our data gathering process and it is
presented in appendix B. This RAPL-3 program can be run both by the teach pendant or

terminal commands.
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Chapter 4 Algorithm Description

4.1 Introduction

Starting from design requirements and goals analysis, this chapter presents a detailed
description of the proposed algorithm for the registration estimation system. The first
assumption that is made is that most man-made objects are composed of a set of planar
surfaces. Even objects of higher complexity can be approximated by a set of planar surfaces
that are easy to represent. Assuming also that the rigidity constraint is validated (i.e. solid
objects are assumed.), these planar regions remain unchanged when the whole objects are
moved or the viewpoint is changed. As a result, the reality that is projected on the image
plane of a range sensor only depends on the relative position and orientation of the sensor.
This observation is useful in estimating the registration between two or more sets of
measurements gathered from different viewpoints on the same group of objects. These
assumptions are equivalent to those made in most research works on the issue of registration
estimation. The difference with other related techniques is that the approach introduced here
relies on a simpler surface representation — a Gauss sphere that maps sparse 3D range points
to planar patches. Patches with the same orientation (within some tolerance level) are united
together without taking into account the geometrical connectivity between them. It makes the

representation very compact. Line segment approximation applied on the raw range profiles
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speeds up the merge of the profiles, and in turn, the computation of the planar surfaces. This
way, the main part of the effort is dedicated to the estimation of the position and orientation
variations of the sensor between viewpoints in 3D space, that is the computation of
registration parameters, rather than to a sophisticated surface modeling technique or feature
extraction procedure.
Following the assumptions discussed above, we list the design requirements and goals
for the proposed registration estimation algorithm as follows. The approach should:
a.) provide an accurate registration estimation for sensor positioning systems;
b.) not require any a priori knowledge about the transformation information;
¢.) place minimum requirements on the object surfaces;
d.) exclude human interactions;
e.) be computationally efficient;
f.) make use of the raw data provided by Jupiter range sensor;
g.) be easily adaptable to various types of range sensor data;
h.) be implemented using the experimental setup described in chapter 3.
Starting from these requirements and goals, the architecture of the proposed algorithm
illustrated in figure 4.1 has been developed. The algorithm begins with segmenting the input
data to locate the linear or planar sections and to approximate them with straight-line

segments, Line; (2D case), or planar patches, patch; (3D case). The normal vectors, n;, and the
centroid points, cp;, are extracted for each segment, as illustrated in figure 4.2 and figure 4.3.

The normal vector and the length (2D case) or the area (3D case) of each segment are used to
encode the surface representation as a modified Gauss sphere, which significantly simplifies

the search for rotation parameters. For the 2D case, since the normal vectors in the Gauss

47



sphere are distributed on a plane only, the compact representation is a circle rather than a
sphere. Therefore, we call it a modified Gauss circle rather than a modified Gauss sphere for

the 2D case in this thesis.

Input Raw Range Data

Input Raw Range Data
* + Straight lines

Planar Patches Segmentation [{ Scementation

Straight Lines Segmentation .
+ * Scan Merging
Gaussian Circles Encoding Gaussian Spheres Encoding

7 v

1 Rotation Parameter 3 Rotation Parameters

I v

3 Translation Parameters

2 Translation Parameters

(a) 2D registration (b) 3D registration

Figure 4.1 Theoretical system architecture.

Provided two corresponding Gauss circles or spheres, the next step consists in estimating
the rotation parameters by finding the appropriate rotation matrix that makes similar vectors
on the circles or spheres overlap. Finally, the translation parameters associated with the
displacement of the sensor between viewpoints are estimated by computing the necessary
shift of the centroids that makes corresponding segments match.

In the remaining part of this chapter, we discuss the 2D and 3D registration cases
separately because different elements (line segments in 2D case; planar patches in 3D case)
are employed to represent the object surface. However, 2D registration can be seen as a
special case of 3D registration, where the object surface is assumed to be always vertical.
Some issues about the implementation are discussed in the next chapter. In most practical

applications, the aim is to estimate registration for the 3D case. However, the 2D case is
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detailed for clarity and because the ideas to obtain 3D registration are an extension of the

solution for 2D registration.

m

patch;

Figure 4.3 Segmentation of a set of 3D range profiles.
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4.2 2D Registration

When registering two 2D range profiles, only three registration parameters need to be
estimated: one rotation d@ and two translations dx and dy. The input 2D range profiles are
segmented into some linear sections and a modified Gauss circle is built for each profile to
provide a compact representation of the shape of the profile. This section describes the

process of registration using a specific example.

4.2.1 Segmentation and encoding

Figure 4.4 (a) and (b) show two simulated range profiles of the same object surface from
two different points of view. In the simplest case, computation loops can be used to estimate
the registration parameters d@, dx and dy. With such a solution, all possible combinations of
dg, dx and dy contained within their respective ranges and based on the required precisions
are tested. Only the combination that minimizes a given cost function is selected as the

solution. An algorithmic description of such computation loops is presented below:

dP= Pnminimum’
for d@ < Pmaximum
dX = Xpinimum:
for dx < Xpavimum
Y = Yminimum
for dy < Ymaximum
{ Compute some cost function, compare it to the previous cost,
and update with the smallest one}
dy=dy + Ysteps
end
dx = dx + Xgp;
end
dp=do+ Pyep:
end
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Figure 4.4 Two range profiles collected on the same surface from different viewpoints.
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As a result, when the ranges of all possible values that dg@, dx and dy can take are large
(Pmaximum = Pminimum *maximum — Xminimum» A4 Ymaximum - Yminimum are large), and a good
precision is required (@yep» Xsrep and yg,, are small), the computation time increases as a
power of 3, and the algorithm becomes intractable. Fortunately, this problem can be
simplified. As illustrated in figure 4.5 (a) and (b), range profiles can be approximated by a set
of line segments by means of some simple processing. Once each profile has been segmented,
the normal vector and the coordinates of the centroid point are extracted for each line
segment. The length of each line segment defines the length of its corresponding normal
vector. A range profile of 256 measurements can therefore be encoded as a set of 2N
parameters (N centroid points plus N normal vectors), where N corresponds to the number of
straight-line segments associated with the given profile (N = 5 for both range profiles in this
example). Then a polar map of each range profile can be obtained by representing these
normal vectors all together with their extremity located on the origin of the map coordinate
system as shown in figure 4.6 (a) and (b) respectively. As mentioned in the previous section,
this polar map is called a modified Gauss circle in this thesis. This simplified notation allows
both the compactness of the representation and an approximation of the surface structure
along a single line in 3D space. It also facilitates the merge of range profiles to obtain the

planar patches that are to be used when registering 3D range profiles.
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Figure 4.5 Line segment approximation of the range profiles.
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Figure 4.6 Polar representation of the range profiles (modified Gauss circles).
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4.2.2 Registration estimation

Using the polar representation for each range profile, the rotation parameter d@ between
successive viewpoints can be directly estimated from the sets of normal vectors. Next the
translation parameters can be computed from the centroid points coordinates, cp;, while
taking into account the rotation value previously obtained.

Under the rigidity constraint, these two Gauss circles in figure 4.6 (a) and (b) possess a
similar normal vector distribution except for some rotation difference that results from the
change in the viewpoint. If we rotate all vectors in (b) by a d¢ angle, most of them will
overlap with the vectors in (a). This is illustrated in figure 4.7. Two vectors are considered to
overlap when they have a similar orientation (within some tolerance level). The amount of
overlap of the normal vectors depends on the overlap of two associated range profiles
representing the object surfaces. Say that ng, overlaps ny 3, ng4 overlaps ny s, ng,; overlaps
N, and ng3 overlaps n; 4 when a rotation d@ is applied to the polar map of the right range
profile. Obviously, the required angle d@ corresponds to the rotation parameter we need to
estimate. As a result, d@ is obtained independently from dx and dy, thus providing a higher

computational efficiency in comparison with the computational loops previously considered.

NR4

v <

Figure 4.7 Rotation estimation from two modified Gauss circles.
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Once the rotation is estimated, the application of the rotation parameter to the right range
profile leads to two range profiles having a similar orientation with one being shifted in 2D
space. Therefore, the translation parameters dx and dy can be estimated as the translations
along the reference axes between the centroid points associated with each line segment, as
shown in figure 4.8. If we translate all centroid points from the right scan profile (cpg, ~
CPRrs) by dx along the X axis and by dy along the Y axis, then cpg, overlaps cpys. cpra
overlaps cpy 3, Cpr3 overlaps cpy 4, and cpr4 overlaps cp; s within some tolerance level. At
this time, their associated line segments overlap each other too, i.e. Lg; overlaps L; 5, L,
overlaps L; 3, L3 overlaps L; 4, and Lg4 overlaps L 5. The total overlap is Lg; + Lg, + L3
+ LRg4, which is the maximum as well as the best overlap between left and right range
profiles. As a consequence, the translation parameters dx and dy are determined. As we can
anticipate, the estimates of the coordinates of centroid points maybe slightly deviated under
the effect of noise, which would lead to a deviation of dx and dy estimates. Therefore,
averaging and weighting operations are applied to compensate the problems. Details are

presented in chapter S.

Right scan protile

Left scan profile

Figure 4.8 Translation estimation from the centroid points of line segments.
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Figure 4.9 shows a superposition of the two original scan profiles shown in figure 4.4 (a)
and (b) after applying the three transformation parameters (d@, dx and dy) obtained through
the above process. The efficiency of the algorithm is verified in theory. The validation on real

applications will be presented in chapter 6.
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Figure 4.9 Superposition of left and right range profiles after transformation.

The registration parameters (d@ and dx) can be computed by the loop method discussed
previously, i.e., scanning all the possible values in their respective ranges and selecting those
that maximize respectively the overlap of the normal vectors in the polar maps and the
overlap of line segments generated from the centroid points. Ideally if the same line segments
are obtained on the overlapping part between the two range profiles, then the y coordinate
difference (Ay) for each correspondence of centroid points is the same, and this is the
expected translation parameter along the Y axis (dy). But in practice, some deviations occur
as a consequence of measurement errors and line segmentation approximations. However, the

final dy can be refined by averaging the y coordinate difference of all correspondences of
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centroid points as it tends to reduce the impact of the noise and increase robustness. The
revisited procedure to obtain the complete set of parameters can be presented as follows:
Loop

Obtain rotation do
End

Apply dp
Loop
Obtain translation dx
End
Apply dg and dx
Obtain translation dy

With this improved approach, each of the dg, dx and dy parameters is obtained separately
even though the latter are based on previous ones. No recursive loop is required, which makes
the approach much more efficient than the initial strategy.

This process can still be improved to compute d@, dx and dy in a more efficient way.
Instead of performing loop computation, an exhaustive search can be applied to find all
possible correspondences of normal vectors. For each correspondence, dg is then estimated
as the angular difference between two corresponding normal vectors as shown in figure 4.7.
dx and dy are computed as the shifts in 2D space between corresponding centroid points after
the application of a dg rotation on one polar map. The resulting d@, dx and dy are then
applied to all other line segments, and the overall overlap of line segments is computed as an
evaluation factor. Those d@, dx and dy values that lead to a maximum overlap are selected as
the best estimates for the registration parameters. Given one pair of corresponding normal
vectors and the associated centroid points, the closed-form solution to compute the

transformation parameters is:

do = atan (Jy‘—:) - atan (Y-') @-1)

X
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dx = Xp1 = Xpa* cosdg — Yp2- sindQ 4-2)
dy = yp1 +Ypy - cosdQ -y, - sind@ “4-3;

where (x,, y;) and (x3, y,) are the coordinates of corresponding vectors, and (x;), yp) and
(xp2, Yp2) are the coordinates of associated centroid points. A detailed development of this

closed-form solution can be found in Appendix C.

In practice, the number of normal vectors for each scan profile is very small compared to
the number of raw data points, resulting from the line segmentation and the combination of
line segments having a similar orientation. Therefore the exhaustive search for matching
normal vectors is realistic and the computation time is reasonable. For example, with the 5
normal vectors describing each profile in the above example, only 25 (5 times S) loops are
required. The advantages of this solution will be fully revealed in solving the 3D registration

problem.

4.2.3 Discussion

The main characteristic of the algorithm described above is that it relies on a straight-line
segments approximation that leads to a compact range profile description, instead of directly
using raw range measurements. The advantages of this approximation can be summarized as
follows:

1.) It simplifies the representation of the data. Initially, up to 256 points are
contained in the representation of one range profile. However, depending on the

precision required a limited number of line segments are necessary to represent the
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same range profile. Therefore, a higher computational efficiency is achieved in
comparison with a point representation.
2.) No complex cost function needs to be computed when matching two range

profiles. A widely used cost function to evaluate the correctness of registration is:

nl
E=Y (R-P-0) @-4)

i=1

where, E is the overall square error between two matched profiles; R is the
registration matrix; P; is the point in one range profile; Qj is the corresponding
point to P, in the other range profile.

For each estimate of R, the cost function has to be recomputed. However, in the
proposed algorithm, instead of computing the difference (errors) between two
matched profiles, we compute the overlap between the range profiles, which is
equivalent to the overlap between the normal vectors in the polar maps because the
length of normal vector stands for the length of its associated line segment. And

this can be obtained by simple additions:

n
TotalOverlap = Z len,; 4-5)

i=1
where len; is the overlap of the i pair of normal vectors with similar orientation
(within some tolerance level). The overlap values, len;s, are computed only once at

the beginning as the smallest one between one pair of normal vectors.
3.) The difficulties originating from measurement errors and varying resolutions can

be reduced by the straight-line segmentation process. For example, considering



some raw range points in figure 4.10, a good estimate of the actual object surface is
provided by the approximate line segments. Moreover, the computation of a cost
function based on the raw data points would result in a large error when matching
the profiles in (a) and (b) together, even though the corresponding surfaces would
be properly aligned. As this error tends to grow when the number of data points
increases, it would be difficult to define a threshold value based on such a cost
function. Moreover, assuming that the object surfaces in figure 4.10 (a) and (b) are
the same, it is shown that p; in (b) cannot find its corresponding point in (a)
because of the varying distances between two successive measurement points. But

if the approximate line segments representation is used, p; can be approximated by
p1’» then a point q; located on the corresponding line segment can be matched with

it. In general, registration based on point representation appears to be more
sensitive to measurement errors and resolution than registration based on line
segments. The same phenomenon is observed for triangular mesh representation

(15, 36].

Line segments

LAy PN

(a) (b)

Figure 4.10 Straight-line segments approximation for some raw points.

4.) No sophisticated features on the object surface are required. In feature-based

approaches, complex features, such as edges, corners and contours, need to be
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extracted. This makes these techniques highly sensitive to the representation as
these features are difficult to detect and to locate precisely given the current state of
computer vision technologies. The proposed approach rather makes use of simple
straight lines or flat surfaces which exist on most object surfaces. Even round
objects can still be approximated by a set of small straight lines or planar patches as
shown in figure 4.11. The number of line segments is adjusted with the required
precision to improve the approximation. This makes the proposed approach very

robust.

(a) low precision (3 segments) (b) medium precision (4 segments)c) high precision (5 segments)

Figure 4.11 An example of straight-line segments approximation with various precisions.

5.) Considering the overlap of the line segments as the evaluation factor rather than
the number of matched points between the two sets of data [7, 13, 14, 15] speeds up
the computation. It also gives more weight to those points that belong to larger
straight segments. This strategy seems to be appropriate as large approximated
segments based on more data points appear to be a more reliable representation of
the object surface for a given required accuracy.

6.) Globally optimized transformations tend to be found, instead of locally optimized
transformations. This benefits from the simplicity of the computation of overlap

which is used as the evaluation factor. Those segments with similar orientation are
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grouped together without caring about the geometrical connectivity between them.
As a result, the computation of overlap between normal vectors is based on the
object’s global shape rather than on local features.

7.) Each registration parameter is obtained separately. This significantly reduces
computation time.

8.) Finally, this approach can be easily extended to 3D registration, thus providing six
DOFs registration [d6, dg, dy, dx, dy, dz}. For this purpose, straight-line segments
are simply replaced by planar patches. In this case, normal vectors are referred to
the orientation of the patches in 3D space. Their length reflects the area of the

patches, and the modified Gauss circle is extended to a modified Gauss sphere.

4.3 3D registration

As stated in the previous section, the technique introduced for 2D registration estimation
can be extended to 3D registration. The main difference is that planar patches are used instead
of straight-line segments. As a consequence, one supplementary step needs to be added at the
beginning of the process to merge the 2D range profiles and get planar patches that
approximate object surfaces. The following sections mainly describe these steps that differ

from 2D registration introduced previously.

4.3.1 Patch segmentation and encoding

The straight-line segmentation previously obtained for 2D registration provides an
efficient way to merge similar neighboring range profiles and to create a simple patch-based

surface representation. As we know from the experimental setup described in chapter 3, the
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raw data provided from the Jupiter range finder consist of a set of 2D scan profiles collected
along a straight line followed by the sensor. As the displacement between these two
successive profiles is small (5 mm or 3 mm in our experiments), the variation of the shape
between two successive profiles should be smooth where the object surface is continuous. As
a consequence, these profiles should have a similar normal vector distribution and they can
be merged together to create patches. On the other hand, transitions between objects appear
as abrupt changes between successive profiles. When such a transition occurs, the respective
profiles are assigned to different neighbor patches as shown in figure 4.12 (a). The angle and
the length differences between normal vectors are used as similarity evaluation parameters
between two candidate range profiles. The threshold values used in our experiments are 0.025
rad for angles and 25% in length.

Considering the example of figure 4.12, scans 1 to 4 have been collected on a continuous
surface and can therefore be merged. As these profiles have been previously segmented, a
different surface patch is created for each scan segment (patches 1 to 5 inclusively). The same
idea applies to scans 5, 6 and 7 as they are similar to eachother. However, there is an
important transition between scans 4 and 5 which are successive profiles in the raw data set.
Locating this transition allows one to delimit the boundaries between patches associated with
the first and the second group of scan lines respectively. The details of implementation on
how to fit the patches from grouped scan profiles will be discussed in chapter 5. Once the

planar patches are obtained, three patch parameters are computed: the normal vector, n;, the

centroid, cp;, and the area, s;, which defines the length of n;.



(a) Seven scan profiles from one point of view.

x4

(b) Modified Gauss sphere.

Figure 4.12 3D registration principles.



In a way similar to what is done for 2D registration, bringing the extremities of all
vectors to the same reference point provides the modified Gauss sphere representing the
object surface as shown in figure 4.12 (b). Under rigid transformation constraints, processing
the other set of data collected from the second viewpoint produces another modified Gauss
sphere, with a similar normal vector distribution but with some rotation and translation

differences for the overlapping parts in the scanned scenes.

4.3.2 Registration estimation

Provided with these two modified Gauss sphere representations of surfaces, the
registration parameters are computed in the same way as for 2D registration. An exhaustive
search for correspondences of normal vectors between the two Gauss spheres is performed
and a rotation matrix is computed for each possible set of correspondences. The rotation
matrix that maximizes the overlap of the two sets of normal vectors is considered as the best
estimate. Theoretically, three correspondences of normal vectors are required to uniquely
determine the rotation matrix, from which three rotation parameters (6, @, ¥) can be
computed [44].

In our experiments, we use the evolving reference frame-based TRPY transformation

convention (translations along the X, Y and Z axes (T, T, T,) — rotation around the Z axis
(Bron) — rotation around the Y axis (@|pjcp) — rotation around the X axis (¥y,w))- The

corresponding homogeneous transformation matrix is defined as follows:

Q=T RRo:z : RRoty "Rpoix (4-6)



cos0 - cos® cosO - sin@ - siny —sind - cosy
0= sin@ - cos@ sin0 - sin@ - siny + cosO - cosy
-sin@ cosQ - siny
0 0

cos0 - sin@ - cosy + sin@ - siny X, ]
$in@ - sin@ - cosy - cos@ - siny Y, @7
CosQ - cosy Zr

0 1

_ IR
Q [oil (4-8)

where, R is a 3 by 3 rotation matrix; T is a 3 by 1 translation matrix, T = [T,, Ty TZ]T; v
and @ are three rotation parameters around the X, Y, and Z axes respectively; Ty, Ty and T,

are three translation parameters along the X, Y, and Z axes respectively.

Provided that n; and n;’, ny and ny’, n3 and n;’ are three non-degenerated sets of
corresponding normal vectors respectively extracted from the two sets of raw data associated
with two viewpoints between which a rotation, R, exists, these vectors must satisfy the

following constraint equations:

ny=R-n @-9)
ny=R-ny (4-10)
ny=R-n, @-11)
If we let:
n; =[xy, ¥y, z|]T and n’'= [al,bl,cllT
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np =[x y22]"  and ny’ = [a3, by, c,)"

n3=[x3,y3z3]"  and n3’ = [a, b, c3]"
and
ghi
R= 1kl
mnp

Then we have:

x| [a;,c,0 0000 0] .
Yi 0 00abc, 000 i
z 000000abc |
X5 ay, byc, 0 00000 j
Y2l = {0 0 O0ayb,¢c, 00 O |k 4-12)
2 00000 O0aybycy| |!
x;| |aybyc; 0 0000 0 (™
vyl [0 0 0a3b,¢,00 0f |"
u| {00000 0abc P
which corresponds to:
and can be solved with:
X=47B (4-14)

Solving for X = [g, h, i, j, k, |, m, n, plT provides the rotation matrix parameters. The

three rotation parameters are then extracted as follows:
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y = atan (-’9 rotation around the X axis (4-15)

Q= atan(j _siny —m - cosw) rotation around the Y axis (4-16)
4

0= atan(--) rotation around the Z axis (4-17)

In a simplified context, if we assume that there is no rotation around the Z axis (i.e. ==

0), then the rotation matrix, R, becomes:

cosQ sin@ - siny sin@ - cosy
R = 0 cosy —siny (4-18)
—sSin@ cos@ - siny cosQP - cosy

In this case, only one correspondence between two normal vectors is required to compute
the two remaining rotation parameters (¢ and ¥). If n = [x, v, z]T corresponds ton’ = [a, b,

c]T, then they must satisfy:

X cos@ sin@ - siny sin@ - cosy| |a
y| = 0 cosy —-siny “|b (4-19)
z —-sin@ cosQ - siny cosQ - cosy| |c

With this simplified constraint equation, 6, @, and ¥ can be computed by the following

equations (please see Appendix C for detailed explanations on how to obtain these

equations):
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06=0 (4-20)

= asin—3 x
@ = asm = 2+atan(z) 4-21)
X +2
= in—J> 2
Yy = asin = 2+atan(c) (4-22)
+c

As with the 2D registration problem, the three translation parameters, T = [Ty, Ty, T,],
can be estimated from the required translations along the reference axes between the centroid
points associated with each surface patch. The correspondences of centroid points are
achieved by examining the correspondences between normal vectors associated with the
same patches. This can be shown mathematically as follows: if a normal vector, n, and a
centroid point, cp, refer to one patch while n’ and cp’ refer to another patch, and n matches n’

when the rotation matrix R is applied on the second patch, then we have::

- L

R-cp’+T (4-24)

cp

T=cp-R-cp’ (4-25)

As many surface patches need to be matched, a good estimate of the translation
parameters is the average of the necessary displacement along each axis over all matched

centroids, that is:
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l .
T=5" 2 (cpi-R-cp;) (4-26)

N
=1

i

where N is the number of correspondences between centroid points.
In practice, the percentage of overlapping areas of corresponding patches is taken into
account to compute the translation. With this strategy, better results can be achieved as more
weight is put on those correspondences that have a larger percent of overlap. The previous

equation is then modified to:
N
Z (cpi=R-cp;)-s;

- i=l
T = i - 4-27)

i=1
where s; is the percentage of overlapping area of the i correspondence of patches. It is
computed as follows. Provided that patch; and patch, are two corresponding patches with

areas a; and a; respectively, and a; is larger than a,, then we have:

=2

a
s =
a

(4-28)

In summary, the proposed approach extended to 3D space allows the computation of the
full set of six registration parameters (3 rotations and 3 translations) following the procedure
described previously. In addition to the characteristics mentioned for the 2D registration
problem, the line segments approximation now contributes to make the merge of range
profiles efficient. Planar patches of large dimension can be computed efficiently. The

proposed planar patches representation is advantageous in comparison to triangular mesh
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representation as it is easy to implement and makes a direct use of single line of raw data sets.
It also uses more raw points for fitting each patch and is less sensitive to measurement errors
and varying resolutions.

After this theoretical description of the proposed algorithm, chapter 5 will examine the

particularities of the implementation on real data.
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Chapter 5 Implementation

5.1 Introduction

Following the theoretical description presented in the previous chapter, some practical
aspects of the implementation of the algorithm are now examined. For the proposed

registration mechanism, the steps of data processing are summarized in figure 5.1.

5.2 Preprocessing

In practice, two preprocessing steps are executed on the range profile before
segmentation. That is outlier removal and profile smoothing. Outlier removal consists of
eliminating some isolated points that cannot be realistically considered as being part of a
surface as they are separated from their neighbors by a large distance. This eliminates large
deviations that often occur in raw measurements. A 1 by 5 size median filter is also applied
on the range profile to reduce the effect of Gaussian-like noise. These two steps are important
because they influence the accuracy of the line segmentation and, in tum, the final
registration estimation. Figure 5.2 shows one scan profile before and after preprocessing. The
outliers are removed and the noisy area is smoothed after preprocessing. This results in a

better representation of the object surfaces.
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Figure 5.1 Steps of data processing for registration estimation.
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Figure 5.2 Preprocessing of a raw range profile.

5.3 Scan segmentation

In the previous chapter, we discussed straight-line segments approximation for each
range profile. Here are the details of the implementation. As shown in figure 5.3, the process
starts at one extremity of the range profile. The first three measurements are initially used to
obtain a coarse estimate of the orientation of the straight line. The following points
encountered along the profile are then successively checked for their proximity in terms of
the distance with respect to the initial line estimate. When the deviation between a
measurement point and the straight-line estimate is below a given threshold (4 mm in our
experiments), then the point is considered to be part of this straight-line segment. A segment
is terminated when the following measurement point is located too far away from the
straight-line estimate. In this case, a new straight-line segment is initialized and the remaining
points in the range profile are successively checked for their proximity with this new

segment. The process is repeated until the end of the profile is reached. Once a segment is
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terminated, it is revisited in order to refine the estimates of its parameters. The parameters of
each straight-line segment are then computed on the basis of the entire set of measurement
points that are associated with it rather than only from the estimate of the first three points.

The process of straight-line fitting on a large number of raw data is discussed in appendix D.

segment revisited

first estimate

Figure 5.3 Straight-line fitting on a sequence of range measurements.

5.4 Patch segmentation

Provided segmented input profiles have been grouped based on their similarity as
discussed in section 4.3.1, planar patches can then be defined for each group of merged
straight-line segments. Three points from each segment (one in the middle and two
respectively at % and % of the line segment) are considered to estimate the patch orientation.

Figure 5.4 illustrates the process of patch definition for the first patch. p, p, and p; are
selected from the first segment in scan 1, while p;, ps and pg are extracted from the

corresponding segment in the second profile. Knowing the distance between two successive

profiles, which is determined by the increment of Jupiter sensor movement when gathering
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the measurements, the X and Y coordinates of p4 can be estimated. The corresponding Z
coordinate of p, is then extracted from the second range profile. The same logic applies to
estimate the coordinates of ps and pg. Eventually the process is repeated to locate p; to pg

from p4 to pg and so on for as many scans as necessary to fully define a given planar patch.

X Z
Y

o

n; =(a, b, ¢)

Figure 5.4 Definition of patches as merged segmented scans.

Our experiments revealed that some Z estimates might have a large deviation with
respect to the previous range profile. A special treatment has then been developed to correct
this situation. The correction is based on the parallel property of the rectangular shape of the
patches, i.e., the deviations of Z value of the three points on one line segment compared to
their corresponding points in the previous range profile should be similar. If the deviation of

the Z estimate of two out of three points in one line segment are larger than a threshold, we
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replace the three Z estimates with the Z values of their corresponding points in the previous
range profile if there are only two profiles that are grouped together, otherwise the Z
estimates are established by interpolation from their corresponding points in the associated
group of range profiles, based on the assumption that the object surfaces are continuous
within the area of one group of range profiles.

When the 3D coordinates of all triplets are known for a given patch, the best fitting
planar surface parameters are computed following these steps:

Let the plane equation be:

a-x+b-y+c-z+d =0 (5-1)

where a, b, ¢ and d are optimized when E is minimized:

N
E= Z(a-x,-+b-y,--&-c-z,-+d)2 (5-2)

i=1
where p; =(x;, ¥;, Z;) are the point coordinates obtained above for a given planar patch.

An equivalent way to implement this minimization process is to use the following

equation:
E = |la-VI? (5-3)
where:
gl
o= |f2r22l
......... 1
Xy Yy 2y 1
and
V = [a,b,cd]T
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Mathematically, E is minimized when V is a unit eigenvector of ala associated with the

smallest eigen value [16]. This way, a fitted plane, which minimizes the sum of the squared

distance between the data points and the plane, is obtained. If we renormalized V, [a, b, c]T
becomes the unit normal vector to the plane while d corresponds to the shortest distance
between the plane and the origin of the coordinate system. The centroid point coordinates, cp,
of the patch are defined as the mean of the coordinates of all triplet points belonging to the
patch.

For the zones between groups of range profiles, intermediate patches might also be
generated to connect the initial ones together. This is reasonable because surfaces still exist in
between scanned surfaces even though there is a sharp transition on the objects surfaces.
However, we only compute those intermediate patches when the neighboring line segments
are parallel between the last range profile in the previous patch and the first range profile in
the following patch, as shown for patch,q, patch;; and patch,, in figure 5.4. This strategy
compensates for some of the lost of information that results from the use of rectangular
patches. This adaptation also tends to compensate for imperfect subdivision of range profiles.

The representation of other areas, like area; and area, in figure 5.4, is to be considered in

future developments of this approach where an irregular patch representation methodology or

other strategies will be examined to obtain a better surface representation.

5.5 Gauss sphere compactness

After the modified Gauss spheres have been built, we observed that this representation

can still be advantageously compacted to a limited number of normal vectors without
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seriously degrading the surface representation. Specifically, those normal vectors which have
a small angular difference in between them can be merged into a single vector and their
respective lengths added. Merging these normal vectors is equivalent to the unification of the
corresponding planar patches that have a very similar orientation (within some tolerance
level) with no consideration of their respective position in space. Figure 5.5 shows the metric

of conormality that we introduced to select normal vectors that can be merged. Assuming that

- - .
n, and n, are two normal vectors corresponding to two patches, and p, and p, are their

projection points on the unit sphere surface, 17: and E; can then be merged if the distance

between p; and p, is less than a given threshold (0.14 mm in our experiments). The resulting

- - . .
vector A has the total length of n; and n,. In practice, the number of normal vectors is

significantly reduced after this procedure. This opportunity to further reduce the complexity
of the representation is provided by the fact that most objects are approximated by a large

number of separated patches, many of them having a similar orientation.

Figure 5.5 Conormality of normal vectors.
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5.6 Rotation estimation

In chapter 4, we have derived the closed-form solution for rotation estimation based on
three pairs of matched normal vectors. However, the implementation is somewhat more
tricky than the theoretical description as the following questions must be addressed: How to
choose three norn-degenerate normal vectors from one Gauss sphere in an efficient and
exhaustive way? How to find the corresponding vectors from another Gauss sphere?
Moreover, the orthogonality of the resulting rotation matrix has to be verified before it is
applied to compute translation parameters. The diagram of the module that we developed to
estimate the rotation is illustrated in figure 5.6.

The angles between each pair of vectors within one compacted Gauss sphere are first
computed and they are stored in two arrays: left_ang_diff() and right_ang_diff(). These two
arrays are symmetric along the diagonal because the angle between vector i and vector j is the
same as the angle between vector j and vector i. For a compacted Gauss sphere containing N

vectors, the array becomes:

column

ANt AN2 AN3 ... ...

where A'J = Aji’ l,_] € (l, 2, 3, veey N)
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Figure 5.6 Rotation estimation.

When we choose three vectors from the left compacted Gauss sphere, we actually choose
three angles from the upper triangle of the left_ang_diff() array which are in one row and one
column. In other words, one of the three angles has to be at the intersection of the row and
column. This results from the fact that the three angles are generated from three independent
vectors, say i, j, k. Provided that i is larger than j which is larger than k, then the locations of
the three angles generated from vectors i, j and k in the array are (k, j), (k, i) and (j, i). We do

not choose the other three locations that are (j, k), (i, k) and (i, j) because they are in the lower
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triangle of the array that is symmetric to the upper triangle. The three locations chosen then
form one row and one column with one location being at their intersection in the array as
shown in the array representation above. The degeneration of the three vectors corresponding
to the three chosen angles is then checked. If one of the angle is equal (within some tolerance
level) to the sum of the other two, then these three vectors are discarded and the next
available group of three vectors is selected and tested.

Once three non-degenerate vectors have been found in the left compacted Gauss sphere,
three corresponding vectors in the right compacted Gauss sphere are found by searching three
angles in the right_ang_diff() array that are equivalent to those selected in left_ang_diff().
They must only consist of one row and one column as well. Then equations from (4-9) to (4-
17) inclusively are applied using these vectors to compute the rotation matrix. Finally, the
resulting rotation matrix is checked for orthogonality in order to eliminate solutions without
physical meaning. After the application of the rotation matrix, the overlap of normal vectors
between the right and the left compacted Gauss spheres can be computed. The rotation
estimate is then updated with the solution that maximizes the overlap. If all possibilities of
three matching vectors are visited and no rotation estimate can be made, we conclude that
three rotations (around the X, Y and Z axes) cannot be found based on the information

available.
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5.7 Translation estimation

Translation parameters correspond to the shift of matched centroid points in 3D space, as
explained in the previous chapter. However, as many patches in the surface description might
share the same orientation, this tends to result in some false matches of centroid points.
Fortunately, statistics tell us that the correct translation parameter set can be estimated as the
one with the maximum number of correspondences. In practice, we therefore only consider
those shifts having the maximum of occurrence.

Figure 5.7 and figure 5.8 illustrate this idea in the simple case of two pairs of matching
patches. The raw patches from viewpoint 1 and viewpoint 2 are shown together in figure 5.7
(a), and their corresponding patches are redrawn in figure 5.7 (b) after the estimated rotation
matrix has been applied to one set of patches. Based on the single criteria of similar
orientation, four pairs of matching patches can be obtained, i.e., patch a matches patch c;
patch a matches patch d; patch b matches patch c; and patch b matches patch d. As a result,
four possibilities of translation estimates exist: T,.(x.,y,z), Tu4(x,y.z), Tpc(x,y,z) and
Tpd(x.y,2z). However, only T, (x,y,z) and Tpy(x,y,z) lead to a correct pairing of patches. This
can be deducted as T,. and Tpy are similar, resulting in a double occurrence of the
corresponding shift value. The maximum of occurrence can be clearly displayed if we plot
the four possible shifts together as shown in figure 5.8. Therefore, the final translation
estimate would only take into account T,.(x,y,z) and Ty4(x,y,2).

Figure 5.9 illustrates the same idea but with some experimental data. All possible
coordinate shifts are now shown as 3D points. We observe that they tend to spread
everywhere in the work space. But if the area with the highest density of translation values,

which corresponds to the maximum of occurrence, is extracted for each axis, as depicted by
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the small cube, a good estimate of the translation parameters can be extracted as the weighted
average of only those points within the high density area. This estimate then completes the

full set of 6 registration parameters that is expected.

viewpoint | viewpoint 2
patch d

patch b

atch c

patch a P/

(a) Raw patches.

viewpoint 1 viewpoint 2
patch b
? t Todx,y:2)  patchd
patch a IT,.d(x.y,z) Toe(x,y,2)

(b) Patches after applying estimated rotation to the second set of patches.

Figure 5.7 Patch matching.
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Figure 5.8 Shift occurrence graph for the case in figure 5.7.
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Figure 5.9 Extracting translation parameters from all possible matches.
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Chapter 6 Experimental Results

6.1 Introduction

This chapter presents some experimental results obtained with the proposed registration
algorithm. The approach is validated both for the 2D and 3D registration cases. The outputs
of each step in the 3D registration process are illustrated for completeness. The algorithm is
applied on simulated data and on real data collected with the laser range sensor in the
experimental setup described in chapter 3. The registration parameters provided from the
simulated and the physical setup are referred to as the theoretical values.

The following parameters are used to perform the experiments. The increment of the
sensor movement along the X axis between two contiguous scans when collecting the
measurements is XSTEP = S mm, except for the real computer setup where XSTEP = 3 mm
is used; The threshold value to associate one point with a given line segment during line
segment approximation is WARP = 4 mm; The threshold value to detect discontinuities on
object surface is CLIFF = 10 mm; The maximum allowed rotation for the global distribution
of normal vectors belonging to two contiguous scans to be merged together is RotationTh =
0.025 radians; The maximum allowed length difference in percent for normal vectors
belonging to two contiguous scans to be merged together is OverlapTh = 20%; The same

angular value as RotationTh is taken as the threshold to decide if two normal vectors are close
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enough to be merged and reduce the size of the surface map, CloseNormal = 0.025 radians.
Specifically, RotationTh deals with one group of normal vectors from one range profile at a
time, while CloseNormal is concemed about two independent normal vectors. However, both
of them consider the overlap of normal vectors. The same parameter value is therefore used
as an evaluation factor.

In the following sections, four experiments are presented to validate the proposed

algorithm and its implementation. The first one validates the approach in the case of 2D

registration. Others are applied to 3D registration.

6.2 2D registration

Figure 6.1 illustrates the experimental testbed for the first experiment. A piece of foam is
used as the object to model. It is covered with white paper in order to improve the quality of
range measurements. 44 scan lines are captured from each viewing line (left and right) at
corresponding elevations and the 2D registration algorithm is applied to each pair of scan
lines. The theoretical registration parameters between corresponding scan lines are obtained
from the manipulator encoders. The transformation between the viewing lines corresponds to
Q = (-58.40 degrees|gq, -458.2 mmiyy, 383.2 mmiy,), which is defined with respect to the
camera reference frame of the top viewpoint in the right viewing line. This geometrical
relationship is illustrated in figure 6.1 (b). Experimental results are shown in figure 6.2 and
6.3. In figure 6.2, 42 out of 44 points, each of those being associated with one scan line,

provide a very similar rotation estimation. Taking the mean of these points leads to a rotation

parameter estimate equal to -58.95°. It is very close to the theoretical value of -58.40°. In the

same way, figure 6.3 shows the computed translation parameters (-453.8, 383.6) mm, which
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are also close to the theoretical values of (-458.2, 383.2) mm. The experimental errors are
[58.95 — 58.40| = 0.55 degrees for rotation, and (|453.8-458.2|, |383.6-383.2|) = (4.4, 0.4) mm
for translations along the Y and Z axes. The processing time required to get these 44
estimates of transformation is 8 seconds, i.e. 0.18 second per pair of scan lines when the data
processing module written in Matlab is running on a Pentium [II, 933MHz processor with

256M RAM. This experiment demonstrates the validity of the basic idea of our algorithm.

uft K4 ."’.r
viewpoint ﬁ -

(-458.2, 383.2) Y (mm)

viewpoint

(a) Foam to be modelled (b) Geometric relationship between viewpoints.

(c) Left view. (d) Right view.

Figure 6.1 Experimental setup for the first experiment.
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6.3 3D registration with a simple object

The second experiment employs the same testbed and data as for the first experiment.
The difference is that we consider the 44 scan lines from one viewing area as a virtual range
image, which includes about 5280 (=44*120) points. Therefore we compute the registration
between 3D object surfaces rather than between individual 2D scan lines. Figure 6.4 shows
the set of raw range measurements (44 scan lines) from the right side viewing line before and
after preprocessing (outliers removing and measurements smoothing). After applying the line
segment approximation and the scan merging processes, we plot the right view and its
simplified patch representation in figure 6.5. The corresponding plots for the left view are
illustrated in figure 6.6. As shown in figures 6.5 and 6.6, creating this compact representation
of the object surfaces leads to a significant reduction of the data set from thousands of points
to 32 patches (right view), and to 46 patches (left view).

The following step consists in merging patches that have similar orientations (within
some tolerance level) for each view. As a result, the representation can still be simplified to 9
normal vectors (right view) and 10 normal vectors (left view). The modified Gauss spheres
for the right and the left view measurements are plotted in figure 6.7. This compact mapping
significantly reduces the workload for the registration estimation phase.

Matching the vectors from the two modified Gauss spheres according to the proposed
algorithm, we obtain the rotation parameters R = (-57.93%ggix» 1-13%Rory Olrorz)- APPIying

these rotation values, the coordinate shifts between corresponding centroid points are
computed as plotted in figure 6.8. From these shifting values, we estimate the translations to

be T = (1.44}y,, -448.5}y,, 375.7}r,) mm.
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Figure 6.4 Raw range measurements from the right view (foam).
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Figure 6.5 Compact representation of the object surface from the right view (foam).
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Figure 6.6 Compact representation of the object surface from the left view (foam).

9%



Z axis (0.1 mm)

x10°

-0.5 -

14

" \

Z axis (0.1 mm)

X axis (0.1 mm)

Y ads (0.1 mm)

(a) Right view.

Y axis (0.1 mm) 15 5 X axis (0.1 mm)

(b) Left view.

Figure 6.7 Modified Gauss sphere representing the compact maps (foam).
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Figure 6.8 Occurrence graph of shifting values between centroids
of the right and the left views (foam).

Figure 6.9 shows the superposition of the two sets of raw range measurements after the
application of the estimated transformation matrix. This validates the efficiency of our
algorithm. Table 6-1 compares the experimental results with the expected theoretical values.
It demonstrates that rotation parameter estimates are quite accurate. For translation
parameters, the estimates suffer from a slightly higher level of error. This fact is due to the
difficulty to determine the region of maximum of occurrence in the occurrence graph that is
used to extract translation values. The application of imprecise rotation estimates before
translation estimation also makes some contribution of the translation errors.

Computation time for the whole process in this example is about 16 seconds still using
Matlab code running on a Pentium III, 933MHz processor. More CPU time is required than in
the 2D registration case because the full set of 6 transformation parameters are estimated here

rather than only 3 transformation parameters in the previous case.
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Figure 6.9 Superposition of the two sets of data after registration (foam).
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Transformation Parameters Left to Right Viewpoints
Theoretical Values Experimental Results
Rotation (X) -58.40° -57.93°
Rotation (Y) 0° 1.13°
Rotation (Z) 0° 0°
Translation (X) 0 mm 1.44 mm
Translation (Y) -458.2 mm -448.5 mm
Translation (Z) 383 mm 375.7 mm

Table 6.1 Transformation parameters between two viewpoints on the foam object.

6.4 3D registration with simulated range measurements

Three sets of simulated measurements generated by a range sensor simulator operating on
a virtual scene representation were provided to perform the third experiment. 40 noise free
scan lines containing 256 measurement points are generated from each viewing region: left
view, center view, and right view. The geometrical relationships between these three views are
illustrated in figure 6.10. The virtuai scene is built according to the real scene as depicted in
figure 6.11 except that some simple blocks are used to replace the objects in the scene. The
simulated range measurements from the left, the center and the right views are plotted in

figures 6.12, 6.13 and 6.14 respectively.
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Figure 6.11 Computer scene layout.
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Figure 6.13 Raw measurements from the center view (virtual computer scene).
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Figure 6.14 Raw measurement from the right view (virtual computer scene).

Figures 6.15, 6.16 and 6.17 show the simplified patch representations for the left, the
center and the right views respectively. Their corresponding modified Gauss spheres after
merging patches that have similar orientations (within some tolerance level) for each
viewpoint are illustrated in figure 6.18, 6.19 and 6.20. This compact representation allows one
to map about ten thousand (40*256) points by 13 normal vectors for the left view, 8 normal
vectors for the center view and 11 normal vectors for the right view. Starting from this
compact mapping, we successively run the program to compute the registration between the
center and the left views, between the center and the right views, and between the left and the
right views. We observed that a larger error on the translation along Y axis is obtained when
we try to estimate the registration between the left and the right views. This is explained by

the fact that there is a larger shift along the Y axis between the left and the right viewpoints.
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Figure 6.16 Patch representation for the center view (virtual computer scene).
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Figure 6.18 Modified Gauss sphere for the left view (virtual computer scene).
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Actually, the registration between the left and the right views is better extracted from the
two registrations between the left and the center views, and between the right and the center
views which are closer one to each other.

Figures 6.21 and 6.22 show the superposition of range measurements originating from the
left and the center views, and from the right and the center views after the experimental
transformation matrix is applied to one view. When the three views are superposed, the full
scene structure is reproduced as depicted in figure 6.23 and the alignment between range
images is very good.

Numerical experimental results are presented in tables 6-2 and 6-3 along with the
expected theoretical values. Comparing the theoretical and the experimental values, a
precision of up to 0.07 degrees in rotation, and 0.1 mm in translation can be achieved. Larger
deviations of the translation parameters estimated are limited to about 2% of the theoretical
values. Given the difficulties to locate the actual region of maximum of occurrence in the
occurrence graph and the fact that a highly simplified surface representation is used to speed
up the registration process, these results can be considered very satisfactory.

The required computing time for each of the above two registrations is about 6 seconds
respectively. This is less than in the second experiment while a similar number of scan lines
are used. This reduction in the computing time is mainly due to the fact that noise free
measurements are used in this experiment. This facilitates the merge of scan lines and the
determination of the compact surface maps. Also the number of resulting planar patches tend

to be smaller, which shortens the search of matching normal vectors.
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Figure 6.21 Superposed range measurements after registration between
the left and the center views (virtual computer scene).
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Figure 6.22 Superposed range measurements after registration between
the right and the center views (virtual computer scene).
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Figure 6.23 Superposed range measurements from the three views

after registrations (virtual computer scene).
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Transformation Parameters Center to Left Viewpoint
Theoretical Values Experimental Results
Rotation (X) 0° -0.11°
Rotation (Y) 5.15° 5.06°
Rotation (Z) 14.89° 15.01°
Translation (X) 0 mm 2.6 mm
Translation (Y) 300 mm 304.5 mm
Translation (Z) 0 mm 0.1 mm
Table 6.2 Transformation parameters between the center and
the left views on the virtual computer setup.
Transformation Parameters Center to Right Viewpoint

Theoretical Values

Experimental Results

Rotation (X) 0° 0.07°

Rotation (Y) -5.15° -491°

Rotation (Z) -14.89° -14.38°
Translation (X) 0 mm 3.57 mm
Translation (Y) -260 mm -254.9 mm
Translation (Z) 0 mm -1.1 mm

Table 6.3 Transformation parameters between the center and

108
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6.5 3D registration with real range measurements

The fourth experiment is conducted on the real computer scene shown in figure 6.11.
This time, the objects are also scanned from the left, the center and the right viewing lines but
with a real Jupiter laser range finder as described in chapter 3. Plots of raw range
measurements from these three views are shown in figures 6.24, 6.25 and 6.26. The high
density of data results from the fact that there are 130 scan lines in each view rather than 40.
Figures 6.27, 6.28 and 6.29 illustrate their corresponding simplified patch representations.

As in the previous experiment, the proposed algorithm has been applied on the data to
estimate the transformation parameters between the left and the center views, and between
the center and the right views. Experimental results are presented in tables 6-4 and 6-5 along
with the expected theoretical values. The imprecise location of the region of maximum of
occurrence in the occurrence graph and the error contribution from the application of
imprecise rotation estimates can also justify the larger deviations in the estimates of
translation parameters. But these errors also partially come from the imprecision on the
theoretical values that we extracted from the real experimental setup. This will be discussed
in the next section. Superposing the raw measurements of figures 6.24, 6.25 and 6.26 after the
application of the estimated transformations, we observe that the alignment between

matching surfaces is appropriate as shown in figure 6.30.
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Figure 6.25 Raw measurements from the center view (real computer scene).
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Figure 6.27 Patch representation for the left view (real computer scene).
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Transformation Parameters Left to Center viewpoints
Theoretical Values Experimental Results
Rotation (X) 0° 0.38°
Rotation (Y) 0° -0.24°
Rotation (Z) -25.44° -25.43°
Translation (X) 0 mm -1.9 mm
Translation (Y) -410.2 mm -396.6 mm
Translation (Z) 188.8 mm 186.4 mm

Table 6.4 Transformation parameters between the left and

the center views on the real computer setup.

Transformation Parameters Center to Right viewpoints
Theoretical Values Experimental Results
Rotation (X) 0° 1.23°
Rotation (Y) 0° -0.24°
Rotation (Z) -34.43° -34.73°
Translation (X) 0 mm 6.7 mm
Translation (Y) -651.4 mm -653.3 mm
Translation (Z) -229.6 mm -226.6 mm

Table 6.5 Transformation parameters between the center and
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Figure 6.30 Superposed range measurements from the three views
after registrations (real computer scene).
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The computing time required for each of the above two registrations is about 60 seconds
with the same Matlab code running on the same processor as in the previous experiments. It
is longer in comparison with that in the third experiment because many more raw
measurements are employed with the 130 scan lines in each view. Moreover, this time raw
measurements contain noise that contributes to lengthen the determination of the compact
surface map. The fact that a large number of patches with different orientations exist on the

scene surfaces also makes the implementation of the program slower.

6.6 Discussion

As described in chapter 4, the proposed strategy makes use of a simple representation of
surfaces and therefore significantly reduces the computation time of the registration
parameters which is mainly related to the number of normal vectors contained in the modified
Gauss spheres. As we need to exhaustively search three vectors from each modified Gauss
sphere in order to match them and estimate the full set of 3 rotation parameters, the number of
normal vectors considered is critical. Taking advantage of the fact that most man-made
objects consist of a limited number of faces with different orientations, the minimization of
the number of normal vectors that is proposed results in a very compact Gauss sphere
representation. As a consequence, the computation time becomes reasonable, that is about 6
seconds for the equivalent of a 40*%256 range image used in the above experiments. This
computing time is achieved in spite of the fact that the implementation is running on Matlab
which is far from being the most efficient platform.

Actually, even for some complex or natural objects, the number of vectors can still be

reduced by adjusting some parameters (WARP, RotationTh, OverlapTh or CloseNormal)
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when performing the line segment approximation and the compaction of normal vectors. In
spite of some loss in the resolution of the representation, this strategy proves to be sufficiently
accurate for many applications while it significantly speeds up the computation in
comparison with more rendering-based representations such as classical triangular meshes
for which a large number of facets are usually required to approximate the object surfaces. On
the other hand, when the number of normal vectors in one Gauss sphere is less than two, or
when three matching vectors from two Gauss spheres are not available, the program is made
robust by adjusting itself to estimate two rotations by assuming the third one to be zero under
the specification of the user. This reveals to be useful as many applications do not imply three
rotations such as mobile robot navigation.

We notice that the error level on translation estimates is somewhat higher than that on the
rotation estimates. The fact that the rotation estimates are used to compute the translation
ones implies that rotation errors have accumulative impact on translation errors. For the
experimental results presented, we located the region of maximum of occurrence of shifting
values by selecting those areas with a maximum of occurrence along each axis separately,
then we united these areas to form the 3D region of interest. Much time is saved in this way
but it has an impact on the accuracy as delimiting this region is not trivial. The union region
of those areas containing maximums of occurrence along a specific axis is not necessary the
region with maximum of occurrence in 3D space. If more accurate estimates are expected, we
can consider the 3D region of maximum of occurrence along the X, Y and Z axes together

rather than separately. Therefore, the limitation originating from the incorrect union is

eliminated.
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In chapter 3, we have discussed the accuracies of the measurements and the theoretical

parameters extraction from the experimental setup. The F3 robot arm provides a precision of

0.005° for rotation values. Theoretically, this precision should be extended to 2*0.005 = 0.01°
after the application of equation (3-1) because Q, and Q, are two transformations including
the rotation. On the other hand, the measurement resolution of the Jupiter laser sensor varies
from 0.6 mm to 2.9 mm along the Y axis and from 0.3 mm to 2 mm along the Z axis. Based
on these limitations, it is normal that we cannot achieve a higher precision in the resulits.

One important thing that needs to be mentioned here is that the theoretical registration
parameters we extracted from equation (3-1) are not fully reliable. It may have a deviation of
up to a few degrees in rotation and few tens of millimeters in translation. This comes from the
imprecise calibration of the Tool Center Point of the manipulator mainly resulting from the
use of a home-made bracket to attach the camera on the manipulator and from some
imprecise calibration of the hardware. As these deviations are not precisely known, we
provided ‘theoretical values’ as an estimated reference. The superposition of the data from
different viewpoints while applying the computed registration parameters is used as an
alternative way to validate the proposed algorithm.

In the experiments presented above, the rotation errors are between 0.01° and 1.23° for
the real data sets and the translation errors are between 1.4 mm and 13.6 mm. Overall, we
observe that a maximum relative deviation of about 2% is achieved for both rotation and
translation estimations. This appears to be satisfactory for many applications. Moreover, we
observed a higher accuracy in the implementation on simulated data due to the absence of

noise.
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It is also shown in the experiments that a higher precision is achieved for the translation
estimates along the Z axis than that along the Y axis. This can be due to the following
reasons: The first one is that we applied a larger movement of the sensor along the Y axis
than along the Z axis between two viewpoints as shown in the example of the registration
between the center and the left viewpoints in the third experiment. In this case, an error of 4.5
mm is obtained for the translation of 300 mm along the Y axis, while an error of 0.1 mm is
produced with no translation along the Z axis. This corresponds to a maximum deviation of
1.5% which is satisfactory given the complexity of the scene. Second, the fact that the
resolution of range measurements along Z is higher than that along Y for the same position in
3D space as illustrated in chapter 3 can also partially justify why we obtain more precise
estimates of translation along the Z axis than along the Y axis. Finally, having a better
estimate of translation along Z than along Y when estimating the tool center point (TCP) may
be another reason influencing the accuracy of the translation estimates.

Actually, the precision we obtained in the above experiments is good enough for most
applications where large environments are to be inspected and medium to coarse quality
models are expected. If more precise parameters are required, the ICP (Iterative Closest
Point) algorithm discussed in the literature review can be applied to refine the results after the
proposed algorithm has been applied. On the other hand, the precision for the translation
estimates might also be improved by taking advantage of the distance from the origin to the
patch. The same patches used for rotation estimation can be reused to compute three distance
vectors, from which three translation parameters are estimated. Compared to the computation

of the shifts between centroid points, this strategy can theoretically ensure a more precise



result and it is independent from the overlap between two patches as long as they represent
the same surface on the object. This strategy is to be tested in future work.

Our experiments revealed that for geometrically symmetric objects having only a few
distinctive surfaces, an overlap of up to 50% between the scanned areas might be required to
achieve correct registration. However for common man-made objects, the required overlap
area is much less. The minimum overlap mostly depends on the complexity of the objects.
Also, increasing the overlap between scanned areas increases the reliability but makes the
scanning process longer. A trade-off must then be found to minimize overlap while
preserving sufficient information for matching.

We also observed that the accuracy of the experimental results depend on that of the
patch representation. That is why lots of efforts have been spent on testing various
alternatives for the scan merging process that allow to preserve compactness while achieving
a sufficient accuracy. Even though some errors persist, the experimental results presented
here demonstrate the validity of the proposed approach and its coding. The accuracy of the
estimated registration parameters is sufficient for most applications in robot navigation with
collision avoidance where computing time is a critical issue that makes more sophisticated
algorithms based on high-level features extraction not tractable.

Overall, the scan segmentation and surface representation as a compact modified Gauss
sphere reveals to significantly improve the computation efficiency while it is not significantly
degrading the accuracy of registration parameter estimates. As we might anticipate, the
computation time depends on the size of the workspace and the desired resolution. As a
consequence, a compromise must be made between the computation time and the desired

accuracy. The strategy also makes patch fitting simpler and faster. Using the overlap of
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normal vectors as an evaluation factor rather than the number of matched points between the
two sets of data speeds up computation. This strategy also uses more points to estimate the
surface patch than triangular meshes. This results in surface representations that are less

sensitive to noise measurements.
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Chapter 7 Conclusion and Future Work

3D modeling is an important issue in computer vision. It has many applications in robot
navigation, unknown environment exploration and other intelligent operation situations. In
this thesis, we made a detailed study of the Jupiter laser range sensor that can be used to build
3D models of robot workspaces. Based on the fact that such a sensor has a very limited field
of view, we developed an automatic approach for the estimation of registration parameters
between viewpoints of the sensor. This approach makes use of the raw range measurements
only without any external pose tracking device.

All the requirements and goals stated in chapter 4 have been met. As most off-the-shelf
range sensors, the Jupiter camera provides single scan lines of raw range measurements
rather than full range images that are usually considered in most research projects. As a
result, the proposed registration technique makes use of a simple line segment representation
to group scan lines together and create planar patch segments to represent object surface.
Taking advantage of a modified Gauss sphere representation, the mapping of planar patches
is significantly compacted. This solution results in an important reduction of the
computational workload while providing efficient means for matching estimation and
validation all along the process. The registration parameters are computed without any need
for an external device or preprocessing to provide an initial estimate, nor any feature

extraction or triangulation. Assuming only object rigidity and some overlap between the
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scanned areas, the approach allows to estimate the six DOF parameters that link 3D scans
gathered from different viewpoints. The proposed approach provided excellent experimental
results with a sufficient accuracy for most robot navigation applications with collision
avoidance.

The proposed contributions listed in chapter 1 are also achieved. First, an original
automatic registration algorithm is proposed and no a priori knowledge and no human
interaction are required. Second, a modified Gauss sphere is employed to represent the data
sets in a compact way. This can reduce the data size from thousands of points to a few planar
patches, and can therefore speed up the estimation of registration. Third, the approach works
without a cost function. Instead, use is made of the overlap between data sets as an evaluation
factor. Not only can it facilitate the estimation, but it also makes the algorithm less sensitive
to noise and to varying resolutions found in range measurements. Fourth, a scheme that
allows to register two data sets globally is proposed. This is achieved by grouping those
patches that have similar orientation (within some tolerance level) without taking into
account the geometrical connectivity between them. Finally, 3 rotation parameters are
estimated separately from 3 translation parameters. Patch normal vectors are used to first
estimate the rotation parameters while the estimation of translation parameters makes use of
the centroid points of corresponding patches between two data sets.

Further developments to this registration technique will examine some alternative ways
to obtain the patch segments. Instead of following the order of point index when performing
line segment approximation, longer segments could be estimated before smaller segments in
order to give them a higher priority. This would reduce the impact of noise, provide a better

approximation and facilitate the merge of scan lines that would eventually result in a more
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robust patch estimation. Rectangular shape patches might also be complemented by some
irregular shape patches which would provide a more complete approximation of the object
surfaces, especially for the transition zones between two consecutive groups of scan profiles.

A better method, which would accelerate the three rotation parameters extraction, could
also be explored to search for three pairs of corresponding normal vectors from the two
modified Gauss spheres. Factors other than the angular difference between normal vectors
can be considered to constrain the search. Improvements on the estimation of translation
parameters could also be achieved as discussed in chapter 6. For example, the determination
of the high density areas in the 3D shifts occurrence graph could possibly be improved by
means of a hierarchical location scheme.

Finally, an implementation in C with optimization of the code will certainly resuit in an
important reduction of the computing time that will make this technique highly tractable for
on-line operating systems. An initial trial has shown that the CPU time can be reduced by a

factor of 6 to 10, which can be further improved.
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Appendix A *.3dx File Format

Table A.1 *.3DX file format needed to retrieve raw range profiles.

Field Format
Title (unique)
Identification “SRI3DX”

Number of 3DX version unsigned char (8 bits)
Number of CPU version 5*unsigned short (16 bits)

Number of WinUser version | 4*unsigned short (8 bits)

Number of profiles unsigned short (16 bits)
Unit of visic~ unsigned short (16 bits)
Content unsigned char (8 bits)

Profiles (x number of profiles)

Number of pixels unsigned short (16 bits)

Direction unsigned char (8 bits)

Pixels number of pixels * (short y; short z;
unsigned char intensity)
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Appendix B RAPL-3 Program

This appendix presents the RAPL-3 program that has been developed to move the Jupiter

sensor from one viewing area to another one.

ale e e o e e ek o 3 e e e e s e o e o sl s e i o e 3 e o e o e s o sl e e ofe e sl e sl e oo ke ok ok ol o e o e o e e o sk o ke ok ko ok e sk ke ok

e 3¢ 3k 2k e 20 o o 3k 3k an function ke ol 3¢ e e e o o e ok
e ke 2k e s e 3 3 afe o afe 2 s ke 2 2 3 3 ke 2 e 2 e 2fe e 3k 3 2k 3 2k 2 3k 2 e 2k 3 2 3 3k e ke e e ke 2 e 3 2 ke e e A ke o e e 2 2 e 2 2k b e ok ke e e ke ke ke

intdire=1

main
teachable int fast, slow
teachable float low, high
teachable ploc start, view1, view2
teachable cloc safe
teachable int dstep, tstep
teachable float mstep
int count

dire = 1

speed(slow)

move(start)

viewl = start

viewl = getfirstview(viewl, high, low)
print(viewl, "\n")

view2 = getnextview(view 1, dstep, tstep)
print(view2, "\n")

move(viewl)

print("\nBegin to scan view1\n")

count =scanview(view 1, mstep, high, low)
print(count, " scans are performed\n")

125



print("\nplease wait for next scan while robot is moving\n")
print(™and then press F1 to continue\n")
if(onbutton(B_F1, ON))
panel_light_set(B_F1, ON)
else
delay(250)
end if
print("\nBegin to scan view2\n")
count = scanview(view2, mstep, high, low)
print(count, " scans are performed\n")
print("\nEnd of the program\n")
speed(fast)

end main
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func ploc getfirstview(ploc view, float high, float low)
cloc cloc_temp
ploc ploc_temp
float [8] loc_cdata

pos_get(POSITION_ACTUAL, viewl)
ploc_temp = viewl
motor_to_world(ploc_temp, cloc_temp)
loc_cdata_get(cloc_temp, loc_cdata)
if loc_cdata[2] > high
loc_cdata[2] = high
dire=1
elseif loc_cdata[2] < low
loc_cdata[2)=low
dire=0
end if
loc_cdata_set(cloc_temp, loc_cdata)
world_to_motor(cloc_temp, ploc_temp)
return ploc_temp
end func
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func ploc getnextview(ploc viewl, int dstep, int tstep)
const TRACK = 260000
int [8] loc_pdata
cloc cloc_temp
ploc ploc_temp

loc_pdata_get(view1, loc_pdata)
loc_pdata[0] = loc_pdata[0] + dstep
loc_pdata[6] = loc_pdata[6] + tstep
if loc_pdata[6] > TRACK
print("\nOut of track range, use maximum track range instead\n")
loc_pdata[6] = TRACK
end if
loc_pdata_set(ploc_temp, loc_pdata)
motor_to_world(ploc_temp, cloc_temp)
world_to_motor(cloc_temp, ploc_temp)
return ploc_temp
end func
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func int scanview(ploc startpoint, float mstep, float high, float low)
ploc ploc_temp
cloc cloc_temp
float[8] loc_cdata
intn

n=0
ploc_temp = startpoint
motor_to_world(startpoint, cloc_temp)
move(startpoint)
do

loc_cdata_get(cloc_temp, loc_cdata)
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if dire==1
loc_cdata[2] = loc_cdata[2] - mstep
else
loc_cdata[2] = loc_cdata[2] + mstep
end if
loc_cdata_set(cloc_temp, loc_cdata)
world_to_motor(cloc_temp, ploc_temp)
panel_lights_set(0xf, 0x0)
online(ON)
print("\nplease press PAUSE/CONTINUE for continue\n\n")
if(onbutton(B_PAUSE_CONT, ON))
panel_light_set(B_PAUSE_CONT, ON)
else
move(ploc_temp)
delay(250)
end if
n=n+l1l
print(n,"\n")
until (loc_cdata[2]>high-mstep + 1 || loc_cdata[2]}<low+mstep -1)
print("\nEnd of one scan\n\n")
return n
end func
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Appendix C Closed-Form Solution For Registration

Estimation

C.1 2D registration problem

This appendix discusses the closed-form solution for computing 3 registration parameters

given two corresponding normal vectors and the associated centroid points.

Provided V| and V, are two corresponding normal vectors in two Gauss circles. cp; and

cp, are the centroid points of their respective line segments.

Vi=(xp,yp
Vi =(x2,¥2)

cpy = (Xp1» ¥p1)

cp2 = (Xp2: ¥p2)

Ay

Vi(x15, y7)
Vilx, yp)

X
—>

Then the rotation parameter, d@, can be easily computed as follows:

de = atan C;—i) — atan (x

We also have from the 2D affine transformation matrix:

C-n



Xpi cos@ sin@ dx||*p2
Ypi| = |-sin@ cos@ dy||y,,
1 0 0 ijl

The translation parameters can therefore be derived in equation (C-2) and (C-3).

dx = Xp1 = Xpy  COSQ—y,, - SINQ (C-2)

dy = Yp1 +Xp2 - COSQ—yp, - SINQ (C-3)

C.2 Simplified 3D registration problem

Assuming that the rotation around the Z axis, 6, is always zero, and V| =[x, y, z]T and V,

= [a, b, c]T are two corresponding normal vectors, the other two rotation parameters (@, )

can then be computed as follows:

x cosQ sin@ - siny sin@ - cosy| |a
y| = 0 cosy —siny “|b
Z ~sin@ cosQ - siny cos@ - cosy| |c

xX=a-cos@+b-sin@-siny+c-sin@-cosy

(C4)
y = b-cosy—-c-siny (C-5)
Z=-a-sin@+b-cos@-siny +c-cos@ - cosy (C-6)

Multiplying (C-5) by cos(y) and adding with (C-6) multiplied by sin(y), we get:
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a=x-cos@-z-sin@

From (C-5), we have:

sin(a-y) = —X—

:Jbz + c?'

where:

= a9

As a result, we obtain the closed-form solution for ¥ to be:

v = asn 2= + uan(?)

:Jbz + c2

Similarly, the closed-form solution for ¢ can be extracted from equation (C-7):

. a X
¢ = asm(m) +atan(z)
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Appendix D Straight-Line Segment Fitting

This appendix discusses the problem of straight-line segment fitting based on some
known points. This is achieved by optimizing two straight line parameters (slope and
intercept) such tha. the sum of the squared distances between the data points and the
approximated line segment is minimized. Mathematically, we follow the following steps.

Provided p; = (x;, y;), where i = (0, 1, 2, ..., N-1) are the raw points to be interpolated by a

straight-line parameterized as:

y(x) = ag+a,-x (D-1)

Interpolate all points in equation (D-1), and rewrite it in matrix format:

Yo 1 xg
1 1 &) a
RN R § U (D-2)
a,
1
yv-if L E-y
Y=X-A

xTr=x"-x-A

xxy X r=xoxxXTx1-A
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Finally, the two parameters defining the straight line can be computed from:

H =ixX"-x1 X"y (D-3)

a,
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