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Abstract

In this thesis, we handle the problem of extracting 3D information from multiple images of a
robotic work site in the context of teleoperation. A human operator determines the virtual
path of a robotic vehicle and our mission is to provide him with the sequence of images that
should be seen by the teleoperated robot moving along this path.

The environment, in which the robotic vehicle moves, has a planar ground surface. In
addition, a set of wide baseline images are available for the work site. This implies that a
small number of points may be visible in more than two views. Moreover, camera parameters
are known approximately. According to the sensor error margins, the parameters read lie
within some range. Obstacles of different shapes are present in such an environment. In order
to generate the sequence, this ground plane as well as the obstacles must be represented. The
perspective image of the ground plane can be obtained through a homography matrix. This
is done through the virtual camera parameters and the overhead view of the work site. In
order to represent obstacles, we suggest different methods; these are volumetric and planar.

Our algorithm to represent obstacles starts with detecting junctions. This is done through
a new fast junction detection operator we propose. This operator provides the location of the
junction as well as the orientations of the edges surrounding it. Junctions belonging to the
obstacles are identified against those belonging to the ground plane through calculating the
inter-image homography matrices.

Fundamental matrices relating images can be estimated roughly through the available cam-
era parameters. Strips surrounding epipolar lines are used as a search range for detecting pos-
sible matches. We introduce a novel homographic correlation method to be applied among
candidates by reconstructing the planes of junctions in space. Two versions of homographic
correlation are proposed; these are SAD and VNC. Both versions achieve matching results
that outperform non-homographic correlation. The match set is then turned into a set of
3D points through triangulation. At this point, we propose a hierarchical structure to clus-
ter points in space. This results in bounding boxes containing obstacles. A more accurate
volumetric representation for the obstacle can be achieved through a voxelization approach.

ii



Another representation is suggested. That is to represent obstacles as planar patches. This
is done through mapping among original and synthesized images. Finally, steps of the different
algorithms presented throughout the thesis are supported by examples to show the usefulness
we claim of our approaches. '

Keywords

obstacle modeling, 3D modeling, 3D reconstruction, JUDOCA, junction detection, stereo
vision, binocular vision, wide baseline matching, sparse view matching, homographic correla-
tion, point clustering, voxel occupancy, voxelization.
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Chapter 1

Introduction

The ultimate goal of Computer Vision is to simulate the vision system in human beings.
Humans can visually recognize the surrounding environment using a sequence of calibrated
stereo two-dimensional images captured by their eyes. In this case,

1. the parameters of the camera; i.e., the eye, are known;

2. color images are transferred to the brain;

3. the sequence is of stereo type;

4. the baseline; i.e, the distance between the two eyes, is small;

5. certain cells in the visual pathways of the brain often have an approximately Gaussian

response [FPWWO94] that can be used to reduce the level of noise.

As a result of the above-mentioned facts, humans can understand the surrounding environ-
ment in a three-dimensional fashion. This information is valuable for making decisions; e.g.,
avoiding obstacles as they move.

As a matter of fact, the problem of 3D reconstruction of objects is the center of interest
for many researchers in different fields, in addition to Computer Vision, including Computer
Graphics, Computer Aided Design (CAD), Virtual Reality and Computer Animation [BS91,
CC92, MBL*91, PS91].

In this thesis, we propose to study the problem of building a 3D representation of an
environment in the context of a telerobotic application where mobile robots, equipped with
cameras, have to perform some tasks in a distant work area.
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1.1 Teleoperation

Telerobotics may be the answer for machinery operating in harsh environments; e.g., mining,

waste disposal, forestry, or oil platform maintenance environment. However, conventional

teleoperation techniques require direct operator-equipment transactions and create three ma-
jor disadvantages [AAH*]:

1.

The complex machine-environment interactions produce continual operator-equipment
dialogs that require the operator’s constant attention.

Collisions or control errors may result from the direct nature of the transactions;

. Transmission delays to and from the operator’s site affect the efficiency, relevance and

safety of the specifications.

In order to avoid the above-mentioned disadvantages, an alternative solution, called SMART,!

has been proposed by a number of Canadian universities. It is based on the concept of

augmented reality, which enables the dissociation of key aspects of task specification and task

execution. This endeavor is centered on four main schemes [AAH™]:

1.

Interactive 3D sensing: This field is concerned with limiting the amount and frequency
of data transmitted (to the human operator from the work site) to a small representative
subset of all necessary information. Minimizing the amount of data involves reducing the
number of images and viewpoints transmitted to the operator. In order to compensate,
the system should provide the teleoperator with 3D interpretation of the scene. Moreover,
the remaining portion of the work site should be synthesized upon request by the human
operator.

. Enhanced sensori-motor interaction: Mediating between task specification and task exe-

cution through the embedding of virtual replica of the equipment in the scene as perceived
by the operator.

. Intelligent mediation system: The system should be intelligent enough to monitor se-

quential autonomous tasks and decide whether human operator assistance is required.
This allows the operator to introduce new commands, and modifies objective and control
using direct teleoperation.

. Intelligent control: This refers to the capability of a control system to execute subtasks

previously defined by a human operator.

Our work in this thesis falls under the first scheme. It aims at extracting 3D information

from the environment and providing the operator with a sequence of synthesized images that

ISMART stands for Sensori-Motor Augmented Reality for Telerobotics.
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represent the remaining part of the site. In the next sections, we will closely define our
segment, of the problem. we will also state the assumptions we have considered.

1.2 Definition of the Problem

In the SMART project, the mining environment was targeted to illustrate the concepts de-
veloped. In such an environment, teleoperated machinery operates over a relatively flat work
surface. Furthermore, rocks of different sizes and shapes may also exist, constituting obsta-
cles that must be avoided when moving the equipment. It is therefore not an easy task for
a robotic vehicle to navigate in these conditions. In today’s teleoperation technology, this
requires the human operator’s uninterrupted attention. Also, a great deal of data is transmit-
ted to and from the operator (e.g., commands and images), which slows down the operation.
This suggests that we should increase the level of automation by developing intelligent control
systems, which implies less supervision on the part of the human operator.

Using the concept of 3D sensing, only a small number of natural images of widely separated
views of the work site are taken as a first step, using cameras mounted on the navigating
robotic vehicle. This is combined with approximate camera parameters; i.e., position and
orientation, at every viewpoint. Camera parameters are assumed to be obtained through the
use of sensors such as GPS or inertial devices [BDU%99].2 However, the accuracy of these
measurements will be limited by the error tolerance of the devices. Any information inferred
from these measurements must take these uncertainties into account.

In order to provide the operator with information about the remaining portion of the
work site, 3D information must be extracted from the available images to generate a virtual
sequence of images that can be seen by the robotic vehicle along a defined path. In other
words, the system should have the capability to generate views of extended portions of terrain,
including obstacles. This helps make decisions, e.g., avoiding obstacles or changing paths.

From the definition of the problem, we can assume that:

1. the ground on which the obstacles reside is flat. This allows us to establish a relationship
among the projections of the ground in different images. Hence, the obstacles can be
detected and the matching process can be facilitated;

2. several views of the work site are available. These views are widely separated (i.e.,
the differences among successive camera poses are large) so that the amount of data
transmitted to the human operator is reduced as well; and

2The examples presented in this thesis use another source of information: PhotoModeler Pro software copyrighted by Eos
Systems Inc. This software provides the three parameters for the position of the camera and other three parameters for the
rotation angles for every image in a given set of images.
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3. the parameters of the camera are known for each view. This includes three parameters
that determine its position and three others representing its orientation about all three
axes. Based on the sensor specifications, the values of these parameters are within a
certain range.

From the above-mentioned assumptions, our goal is to obtain a representation of the site
showing the work surface, the obstacles lying over it through a virtual sequence along a
predetermined path; i.e, each frame of this sequence represents the scene as observed by a
camera moving along that path.

To reach this goal, different — but related — research areas contribute to our investigation.
These are:

e Projective Geometry (e.g., homography estimation in Chapter 2); and
e Computer Vision (e.g., feature correspondence in Chapter 5)

that are the main fields of our research. In addition,

e Image Processing (e.g., feature detection in Chapter 3); and

e Computer Graphics (e.g., mapping in Chapter 7)

are important complementary areas.

The last point to emphasize is that this thesis does not consider the telerobotics, teleopera-
tions or telecommunications aspects of the project. It assumes that images have been correctly
captured and transmitted and that our task is to obtain three-dimensional information from
them.

1.3 Related Work

Many papers discuss projects related to SMART. For example, [THF 03] presents two systems
for acquiring accurate volumetric maps of underground mines. [DKO01] describes a real time
localization and map-building system. (Localization is the problem of determining a robot’s
pose from sensor data, where the term “pose” refers to the robot x-y-coordinates in the
environment along with its heading direction [TBB*00].) Mapping is defined here as the
problem of estimating the occupancy of all locations in the environment [BCF*99].) Some
other works discuss non-vision aspects of projects similar to SMART. For example, [RC01,
DeS97] discuss the kinematics and control of vehicles used in mining operations. However, in
this section we will concentrate our discussion on works related to the vision-based aspects of
the SMART project.
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Pears and Bojian presented a system in which they integrate multiple visual cues in order to
help a mobile robot navigate in an indoor work site [PL02, Pea02]. (A visual cue is a source
of information in an image or sequence of images, such as edges, corners, colors, texture
or motion [Pea].) Their idea was to detect and segment the ground plane from the rest of
the scene using monocular uncalibrated camera [PLO01]. Corners are first detected using the
Plessy-Harris operator. Those corners are tracked in n frames and grouped to form coplanar
regions using a proposed method they called H-based tracker. Ground plane regions are then
detected and region-growing algorithm using color classification is applied to achieve ground
plane segmentation. An improvement to quadtree-based split-and-merge segmentation has
been developed [LP02a]. In [LP02b], they presented some of their achievements. One of them
was the computation of the plane homography (see Section 2.3.5) when the camera motion was
restricted to pure translation; i.e., elation. In this case, there are only four degrees of freedom
and hence only two pairs of corresponding points are used to compute the homography. Also
in [LP02b], they presented a new method for applying planar homographies to measure the
height of some feature above the ground. Using this information, a decision can be made as
to whether the point belongs to the ground plane; i.e., if height reaches zero, and hence the
robot may drive over this point, or if the point belongs to obstacles and must be avoided or
driven under if they are overhanging and of sufficient height.

In [CJZ03], Cobzas et al. presented a cylindrical image-depth model that can be auto-
matically acquired and then used to support both robot localization and predictive display.
They presented a system that provides real time feedback images that replace delayed real
images. Their system consists of three main modules. In the first module, a panoramic image
is captured by rotating a camera about a vertical axis passing through its optical center. In
addition, a laser range-finder is used to provide depth values. Data are then registered with
respect to a common reference frame. This is followed by plane fitting and line detection. The
second module is the online localization system that matches line features in the model with
those of the current view. This allows the robot location to be acquired. (Refer to [CZ00a]
for the localization problem as well.) As a result, the predicted view can be rendered which
represents the third module. Note that no full 3D reconstruction is achieved in this system.

RHINO, an autonomous interactive tour-guide robot software, is presented in [BCF+99].
This robot was built to entertain people in public places; e.g., museums. The software,
which consists of 20 modules, addresses many challenges including localization, mapping, col-
lision avoidance, planning, and Web-based telepresence. For example, the collision avoidance
module which they called uDWA, addresses the problems of the inability to handle invisible
obstacles and consider dynamics. It uses a hand-supplied map for the environment to avoid
collision with obstacles that cannot be sensed. Collision avoidance and reaction to people
are related in this system. A number of actions are taken by the robot in order to avoid
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collision ranging from slowing down to blowing the horn when the obstacle is not on the map
(e.g., a person), to finding a local detour and finally finding a global detour. Minerva is a
second generation interactive tour-guide robot developed by the same team of researchers and
presented in [TBB100].

In the following section, we will present the elements of the system that we developed to
solve our problem of extracting 3D information and representing the work site.

1.4 Overview of the Proposed Scene Modeling Approach

As mentioned above, our goal is to obtain a representation of the site showing the surface, and
the obstacles and their positions such that virtual exploration of the site becomes possible.
In other words, our task is to perform scene modeling. In our case, the modelization requires
detecting, locating and representing the obstacles on the ground plane. We can summarize
our scene modeling approach into two main streams:

1. representing the ground plane; and

2. representing obstacles.

These objectives may be achieved through the procedure illustrated in Figure 1.1 on Page
8, which can be summarized as follows. Using the camera parameters, a rough estimation for
the representation of the planar work surface is obtained. Through the available error margins
of the sensors used, we may identify junction features that putatively belong to obstacles; i.e.,
those that are not lying on the ground plane.

Based on the epipolar geometry derived from the available parameters, these junctions
must be matched. The matching process leads to 3D point reconstruction resulting in a set
of 3D points. These points are then grouped in clusters based on some proximity criteria.
The points in each cluster are used to define a bounding box inside which an obstacle must

be present.

Finally, a representation for each obstacle is to be obtained. In addition to the bounding
boxes, two alternative models are proposed: the first approach involves a full 3D reconstruc-
tion for each obstacle based on a voxel occupancy scheme defined across the bounding box;
the other approach approximates the obstacle as planar patches where silhouette images or
the projections of the bounding boxes are used as opacity maps.
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Using the above-mentioned ideas, we can split the scene modeling problem into:
1. representing the ground plane;

2. extracting feature points;

3. detecting feature points on obstacles;

4. matching feature points;

5. estimating the three-dimensional positions for feature points;

6. clustering points that leads to bounding boxes; and

7. rendering obstacles which includes:

(a) three-dimensional rendering through voxel occupancy; and

(b) planar rendering through opacity mapping.
In the following sections, we analyze each of the above-mentioned subproblems.

1.4.1 Ground Plane Representation

As mentioned, the ground level of the work site is assumed to be planar. If the top view of
the scene is obtained as an image, the relationship between this image and the projection of
the planar ground in the synthesized view sought will be a 3 x 3 homography matrix. This
matrix can be calculated using the virtual camera parameters. This is the “Ground Plane
Representation” module represented in Figure 1.1. The inputs to this module are the overhead
view image, the camera parameters and the virtual camera parameters. The output is used to
represent the ground plane where obstacles are represented as bounding boxes, 3D structures
or planar patches. The output is also used as a primary step to establish relationships among
the projections of the ground plane in the different images.

1.4.2 Feature Detection

Features are used to refine the homography, epipolar geometry and to detect and locate the
obstacles. Different types of features, such as corners, can be used at this step. However, we
are looking for a feature type that can provide a richer information. In our case, we want to
detect not only the position of the corner but also its orientation; i.e., the inclination angles of
the edges forming that corner, in order to facilitate the matching process. In other words, we
want to detect junctions of different shapes. This is the module called “Junction Detection”
in Figure 1.1. The input to this module is composed of the available images. The output is
used as an input to the next module; i.e., “Junction Selection.”
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1.4.3 Junction Selection

Many texture features may exist on the ground plane along with those on obstacles. Since our
goal is to match features on obstacles only in order to localize them, there is a need to extract
junctions that are on the obstacles, or in other words, exclude junctions that are not part of
the obstacles. That can be achieved through the matrix mentioned in Section 1.4.1. This step
is represented by three modules in Figure 1.1. The input to the first module, “Homography
Estimation,” is the homography matrix calculated in Section 1.4.1 and obtained through the
original approximate camera parameters. The output of this module along with the complete
set of junctions detected previously in Section 1.4.2 are the inputs of the second, “Junction
Selection,” in which junctions are selected and passed to the next module, named “RANSAC”
where homography matrices may be refined using the match set that belong to the ground
plane. Hence, more ground features can be detected as a result. Consequently, other features
that putatively belong to the obstacles are passed to the next step; i.e., the matching process.
Also, the output of the “RANSAC” module is used as an input to the “Silhouette Extraction”
module.

1.4.4 Wide Baseline Matching

Wide baseline or sparse view matching step is represented by three modules in Figure 1.1
called “Epipolar Geometry Estimation,” “Obstacle Matching” and “RANSAC.”

The input to the first module is composed of the approximate camera parameters. Through
this information, we can calculate the epipolar geometry where a corresponding point should
lie on a specific line. Due to the inaccuracy of camera parameters, a point may not lie exactly
on the line but in its vicinity. We therefore consider a strip whose shape and width can be
determined according to the error margins of the camera parameters. Using this strip, the
search for possible matches can be restricted to fewer candidates. The output of this module
is used by the “Obstacle Matching” module.

The inputs to the second module, “Obstacle Matching,” are three types of information.
These are: the strips obtained through the epipolar geometry; the features that survived the
previous step (Section 1.4.3); and the original images. The strips are used to restrict the
search area when looking for matching candidates. The second piece of information is used
to construct a planar patch in space that can be formed through the edges of the candidate
junction. Using the third input; i.e., the images, and through correlation techniques, we
determine the best candidate for a given feature. The last stage in the matching process is
disambiguating the match set. This is done by calculating the epipolar geometry that agrees
with most of the matches. This is followed by rejecting matches that do not agree with
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the new epipolar geometry. The output of this module is the improved match set. This is
represented by the module “RANSAC.”

1.4.5 Three-Dimensional Point Reconstruction

Given that obtaining 3D information for the scene is of primary concern, in this step we
try to convert our information into 3D form. This step is represented by only one module
called “3D Point Reconstruction” whose input is the match set obtained in Section 1.4.4.
Every match pair contributes to two rays that should intersect in space at the location of the
corresponding 3D point. However, because of the assumption that the camera parameters are
known approximately, the two rays are most likely to be skew. In this case, we calculate the
midpoint of the perpendicular to both rays. This produces an output set of 3D points.

1.4.6 Three-Dimensional Point Clustering

After calculating the 3D locations of the feature points in the previous step, we group those
points into clusters, where each cluster belongs to one obstacle. This point clustering is
performed in order to determine a bounding box for every obstacle. This step is represented
by one module called “3D Point Clustering,” whose input is the set of 3D points and whose
output is a few sets of 3D points where the points of each set should belong to one obstacle.

1.4.7 Obstacle Representation

For some applications, a simple bounding box representing the obstacle might be sufficient.
This is represented by the “Bounding Boxes” module. The inputs to this module are three
types of information. These are: the sets of points obtained in the previous step (Section
1.4.6); the matrix that represents the ground as obtained in Section 1.4.1; and virtual cam-
era parameters used to calculate a projection matrix. However, in order to obtain a more
accurate representation of the terrain and to improve the quality of rendering, two alterna-
tive approaches will be considered: reconstructing the obstacles in 3D space and representing
them as planar patches.

1.4.7.1 Obstacles as 3D Models

The 3D reconstruction of the obstacle is represented by four modules. These modules are
“Box Projection,” “Silhouette Extraction,” “Voxel Occupancy” and “3D Rendering.”

The inputs to the “Box Projection” module are the dimensions and locations of the bound-
ing boxes as well as the updated projection matrices obtained through the enhanced match
set. The output of this step is used to extract silhouettes or as opacity maps for planar ren-
dering. The next module is named “Silhouette Extraction” where silhouettes are extracted
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using the boxes projected in the previous module as well as refined homography matrices of
Section 1.4.3 and the original images. The output of this module is used towards voxelization.
Also, it is used as opacity maps for planar rendering. The inputs to the next module, “Voxel
Occupancy,” are: the silhouette images obtained previously; the set of original images; and
the updated projection matrices estimated through the enhanced match set. Those three
pieces of information are to determine the occupied voxels through the “Voxel Occupancy”
module. The output is the set of occupied voxels, which becomes an input to the “3D Ren-
dering” module in addition to the matrix that represents the ground as obtained in Section
1.4.1; and virtual camera parameters used to calculate a projection matrix.

This reconstruction of the obstacle is performed through a voxelization technique. The
idea is to split the bounding boxes obtained previously into small cubes. Starting from the
location of a given cube in space, we can project it onto the images. If the information at
the projected points is similar in as many images as possible, it is considered a part of the
obstacle; otherwise, it should be discarded. The outputs of the “Voxel Occupancy” module
are the location and color of every occupied voxel. The 3D representation of an obstacle in
“3D Rendering” module is therefore the union of the accepted voxels.

1.4.7.2 Obstacles as Planar Patches

When an approximate representation of the work site is sufficient for the operator to work,
a simpler way to represent the obstacles can be considered. In this case, the obstacles may
be represented as planar patches. The inputs to the “Planar Rendering” module are: the
original images; the associated parameters; the matrix that represents the ground as obtained
in Section 1.4.1; virtual camera parameters used to calculate a projection matrix; and the
projections of the bounding boxes, or optionally, silhouette images that may be used as
opacity maps to add realism to the output. This representation is achieved by determining
the boundaries of the planar patch using the projection of the bounding boxes. Mapping
is then performed between the appropriate original image and the patch in the synthesized
image.

1.5 Organization of the Thesis

The rest of this thesis is organized as follows. Chapter 2 explores many aspects of Projective
Geometry that are used extensively in today’s Computer Vision research. The last part of that
chapter concentrates on three-dimensional reconstruction. The use of projective geometry in
this area is discussed. Different approaches are surveyed.
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Chapter 3 discusses a new approach, called JUDOCA, which we introduce to detect junc-
tions of different shapes. We use junctions detected by our method to facilitate the matching
process discussed in Chapter 5.

Chapter 4 derives the homography matrix used to establish the perspective view of the
planar ground surface where the obstacles reside. This matrix is also used as a primary
step to detect features on obstacles and exclude those on the ground. Detecting features
on obstacles is an important step in order to facilitate the matching process (discussed in
Chapter 5).

Chapter 5 addresses the problem of wide baseline matching. Using the junctions survived
the process in the previous chapter, we introduce an algorithm to achieve point correspon-
dences given the constraint of wide baseline. The idea is based on the fact that every two
edges that form a junction are in fact forming a plane in space. Relationships can be estab-
lished among different projections of the same plane as discussed in Chapter 2. Consequently,
through these relationships of the planes at junction locations, correlation techniques may be
applied; and hence, we can achieve good matching results.

Chapter 6 discusses three main steps in our system. These are: 3D point reconstruction;
3D point clustering; and voxelization. The discussion starts with reconstructing 3D points
in space as done through their projections onto images. This is followed by clustering points
in space through a hierarchical structure we propose. The idea we introduce is based on the
concept of irregular pyramids. The result is a bounding box for each obstacle, which can be
used as a final representation for the obstacle. Alternatively, it can be used as a primary
step towards 3D modeling through voxelization. The last part of the chapter concentrates on
a voxel occupancy technique that determines the 3D shape of the obstacles and renders the
resulting shapes.

Chapter 7 investigates an approach to represent the obstacles approximately as planar
patches. This is introduced to speed up the representation process if the time factor is critical
and high spatial accuracy is not required.

Our work in this thesis deals with many parameters and thresholds. In order to clarify
matters, Appendix A summarizes the parameters and thresholds used and defines their role
in different stages of computation. Appendix B lists the details of each term of the planar
perspective matrix discussed in Chapter 4 as well as the projection and the calibration rota-
tion matrices and the translation vector. Appendix C lists the derivations of some formulas
used throughout the thesis. Finally, Appendix D handles three-dimensional modeling from a
Computer Graphics viewpoint.
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1.6 Main Contributions

Two demos of our work were presented at two IRIS/Precarn® conferences [EL00, ELO1b] held
in Montréal and Ottawa in 2000 and 2001, respectively. Those demos showed sequences of
images created along a path determined by a user on an overhead view of the work site. Two
different representations of obstacles were presented: volumetric and planar. Besides, during
the course of this thesis, we have presented many other contributions that may be summarized
throughout the rest of this section.

Traditional corner detectors involve finding the location of a corner point. Other informa-
tion, such as the orientation of that corner and the shape characterizing it, may get neglected.
In [ELO2], we proposed a new data structure called cone data structure to detect junctions
where corner locations and orientations were detected. Its algorithm works on the intensity
values of the image that was time consuming. In order to speed up the process, we proposed
another algorithm to detect junctions that we called JUDOCA [LE, LE04]. This operator
works on binary edge maps. Avoiding working with the intensity values helped save time.
The effectiveness and the ability of this operator to work were demonstrated on both synthetic
and real-world images.

Wide baseline matching is always a tough problem that regular correlation techniques
usually fail to solve. The main reason for this is the existence of perspective deformation,
which usually presents between pairs of wide baseline images. In [Eli04], we presented a
novel approach to match feature points among wide baseline pairs of images. We deployed
a measure of invariance to overcome this difficulty by applying homographic transformation
that can estimate this deformation for planar patches formed by the junctions detected by the
above JUDOCA detector. We have shown through examples and analysis that our approach
is effective compared with standard correlation techniques. In [HELO03, HELO4], we used our
wide baseline approach to localize and detect obstacles.

In Image Analysis, pyramid levels (regular or irregular) usually process an image along
different stages. In this thesis, the concept of irregular pyramids has been deployed in a new
way. In [Eli03a], we proposed to use the concept of irregular pyramids on a set of 3D points,
rather than an image, to perform point clustering. We have shown that this idea may be used
to localize and detect obstacles [HEL03, HELO04] and obtain bounding boxes containing them
for use as a step towards obstacle modeling or even for use as a representation by itself.

3IRIS, “Institute for Robotics and Intelligent Systems,” managed by Precarn Incorporated, is a federally funded Network of
Centres of Excellence that brings together top Canadian researchers to combine efforts and expertise on projects that focus on
the essential elements of an intelligent system - the ability to perceive, reason and act [Inc03b].
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In [ELO4], we used those bounding boxes to extract silhouette images for obstacles and
deployed the updated versions of the fundamental matrices to obtain more accurate projection
matrices and hence achieve volumetric representation of obstacles through voxel occupancy
scheme.

Geometry plays a key role throughout this thesis particularly Projective Geometry. Un-
derstanding geometric relations among different entities is essential for achieving good recog-
nition algorithms. We discussed the main concepts of this important branch of geometry in
[ELOla, EliO3b].

The orientation of a virtual camera can be represented through different types of angles
resulting in different rotation systems. In [ELO3|, we derived the homography matrix that
relates an overhead view of the site to a virtual camera viewpoint. This derivation was
accomplished in detail through two different rotation systems.

Finally, we intend to present another journal paper summarizing our work in this thesis.

1.7 Summary

This chapter started with an introduction to Computer Vision and teleoperation. It provided
a brief overview of the SMART project, which involves four main schemes. We mentioned that
our work in this thesis was related to the first scheme of the project. We defined the problem
and stated the assumptions that were applied to this thesis and to the SMART project as
well. Some related works were discussed. We provided an overview of the proposed scene
modeling system. This was followed by a discussion of the organization of the thesis and the
contents and topics of each chapter. Finally, we briefly stated our contributions through this
work.



Chapter 2

Projective Geometry for

Three-Dimensional Computer Vision

Homogeneous coordinates simplify the camera properties formulation. This is one of the
reasons why Projective Geometry is an attractive framework in Computer Vision [Fau96,
MZ92]. This chapter explores many aspects of Projective Geometry that have been used
in Computer Vision. It starts with declaring the notation used. Then, it discusses the
camera model. It, then, moves to investigate a very important aspect in three-dimensional
reconstruction, namely binocular vision. Under this title, we explore many topics including
the fundamental and the essential matrices and the plane homography. The last part of
this chapter addresses the three-dimensional reconstruction problem. It provides a general
overview for different poses investigated to reconstruct an object in space. Then it moves to
explore the role of Projective Geometry in this matter.

Many concepts explained in this chapter are used throughout the rest of the thesis. They
have been divided into the following main sections:

e The projective model discussed in Section 2.2 is used in Chapter 4 to compute the homog-
raphy matrix of the ground;

e Binocular vision concept discussed in Section 2.3 is used in Chapters 4 and 5 to compute
the fundamental matrix; and

e 3D reconstruction discussed in Section 2.4 is used in Chapter 5 to reconstruct lines in space
and Chapter 6 to reconstruct points in space.

Our discussion in this chapter is available in [ELO1la, EliO3b]. In order to get started, the next
section introduces the notation that will be used throughout this thesis.

15
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2.1 Notation

This section is a collection of the Projective Geometry notations used in this thesis. These
notations draw on materials from [ZLA98, ZDFL94, LV94, aODF&89].

o The scalar quantities are represented by italic letters (e.g., s).
e The vectors are represented by:

o uppercase bold letters when they refer to 3D space (e.g., M) or,

o lowercase bold letters when they refer to 2D space (e.g., m).
e The matrices are represented by uppercase fixed size letters (e.g., ).

e When several views are included (several coordinate systems), these are identified using

prime notation (e.g., m,m’).

e When transformation in space is carried out, it will be identified by the subscript e, to
indicate it (e.g., Mye, to indicate transformed M).

e The estimated position of the points are indicated by the hat notation (e.g., ﬁl)

e For any vector T=[t,ts,t3])7, there is an antisymmetric matrix Ty defined as:

0 —t3
TX = t3 0 _tl (2 1)
—t9 1t 0
such that
Tyx=Txx (2.2)

where X denotes the cross product.

2.1.1 Points

In order to differentiate between the Cartesian and projective or homogeneous coordinates,
the following notation is used. A point, M = [z,v,2]T, in 3D space is represented by its
homogeneous coordinates, M = [z,y,2,1]7. Similarly, its image on the retinal (or image)
plane, m = [z, y]7, is represented by its homogeneous coordinates, m = [z,y, 1]7.

In general, the last entry in homogeneous coordinates can be different from 1; i.e., we may
have M = [z,y, 2,t]7. In this case, the relation between M and M is:

i T
M = [5, Q,E] (2.3)
t t't
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Figure 2.1: Pencil of planes.

2.1.2 Lines

Similar to the point notation, a line in 2D space is represented by a 3D vector. If a point 1
is on a line 1 (where 1 = [a,b,c]T) then I"m=0. Consequently, there is no difference between
the representation of a line and the representation of a point. This fact is known as the
duality principle. The equation of a line 1 going through two points m; and ms is given by
1 =m; X mgy. Similarly, the intersection between two lines 1; and 15 is a point m =1 X 1,.

A number of methods have been proposed to represent lines in 3D space. One possible
representation is that a line is the axis of a pencil of planes (see Figure 2.1 on Page 17).
This axis can be represented by the intersection of any two planes from the pencil. A similar
representation is that a line is a pencil of collinear points and is defined by any of two of these
points. To represent that mathematically, we consider a line as the span of two vectors. Thus,
if a line is the intersection of two planes II; and II; (see Section 2.1.3), it can be represented
as:

i

L=
I3

(2.4)

2.1.3 Planes

Also, a plane is represented by a 4D vector. If a point M is on a plane II (where IT =
[a,b,c,d]T) then I M=0.

2.1.4 Directions

A direction is a point on the plane at infinity. Points at infinity are called ideal points
[Fis97b]. In homogeneous coordinates, such points have their last entry equal to zero (e.g.,
d = [z,9,0)7, D = [z,y, z,0]T).
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2.2 The Projective Model

The main property of the camera model is that the relationship between the world coordinates
and the pixel coordinates is linear projective. This relationship remains linear regardless of
the choice of both coordinates. Thus, M and m are related by:

sm = PM (2.5)
where
e s, a scale factor, is called the depth [HA98];

e Pis a 3 X 4 matrix, called the perspective projection matriz (also known as the camera
matriz [RCF95]).

Because s is an arbitrary scale which could take any value, we will simply denote Equation
(2.5) as:
m = PM (2.6)

If the origin of the world coordinate system is located at the optical center of the camera (see
Figure 2.2 on Page 19) whose focal length is 1, then P is simply:

1000
P=P.=[0 10 0 (2.7)
0010

In the general case, the origin of the world coordinate system is located arbitrarily in space
(see Figure 2.3 on Page 19) and image points are denoted by a different coordinate system
(pixel or camera coordinates). Changing coordinates in space is equivalent to multiplying
matrix P to the right by a 4 x 4 matrix while changing coordinates in the retinal plane is
equivalent to multiplying matrix P to the left by a 3 x 3 matrix. Thus, the perspective
projection matrix, P, could be decomposed into 3 matrices:

P = AP.D (2.8)
where

e A is called the camera calibration matriz which maps the normalized image coordinates to
the retinal image coordinates. This matrix has a number of entries called the ntrinsic
parameters (of the camera). A camera is calibrated if A is known. The camera calibration

matrix, A, is defined as:
fky fkycotf wug

A=| 0 Ly (2.9)
0 0 1

The intrinsic parameters are:
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Zw

Optical center C /A
[0,0,01"

e e ¢ o o DPixel (image) coordinate system (Xp, Yp)
w—— \¥/otld (space) coordinate system (Xw, Yw, Zw)

Figure 2.2: Special case: The origin of the coordinate system coincides on the optical center of the camera
whose focal length is equal to 1.

Zw

/o )
Optical center C \\e,{\g"o 4
. ?00’5

e e ¢ o o Pixel (image) coordinate system (Xp, Yp)
e World (space) coordinate system (Xw, Yw, Zw)

Figure 2.3: General case: The origin of the coordinate system is arbitrarily located in space.
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1. f, the focal length of the camera;

2. k, and k,, the horizontal and vertical scale factors. Their inverses determine the
size of the pixel in world coordinate units;

3. up and vy, the coordinates of the intersection between the optical axis; i.e., the line
passing through the optical center and perpendicular to the retinal plane, and the
retinal plane (the principal point of the camera);

4. 6, the angle between the retinal axes. This can take care of the fact that the pixel
grid may not be orthogonal; i.e., in the general case, # may not be equal to 90°.
When 6 = 90°, the matrix A is defined as:

fk:u 0 Uop
A=| 0 Jfk, wo (2.10)
0 0 1

Because we cannot separate the focal length of the camera from the scale factors, we
have five intrinsic parameters o, = fky, oy, = fky, uo, vo and 8 which contribute to the
skew element v (y = fkycotf). So, assuming that sinf = 1, the matrix A could be
rewritten as:

Oy Y Uo
A=1| 0 a, v (2.11)
0 0 1

Note that the ratio r = o is the aspect ratio (i.e., the ratio of the width to the height).
If f as well as the format height and width are expressed in millimeters, «, and «, can

be expressed in pixels as:
W

a, = [f+o
A (2.12)
v FH

where IW, I H are the image width and height expressed in pixels, FW, FH and f are
the format width and height and focal length expressed in millimeters.

e Dis a4 X 4 matrix defined as:

D= [ ROT (2.13)

of 1

where

1. Ris a 3 x 3 rotation matrix (which has 3 parameters). It can defined as:

11 Ti2 T3
R= | 71 1o 723 (2.14)

Ta1 T32 Ta3
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2. T is a 3D translation vector (which has 3 parameters). It can be defined as:

(2.15)

The matrix D describes the change of the pose of the camera (the world coordinate
system) and has 6 independent parameters (3 parameters for R and 3 others for T).
These parameters are called the extrinsic parameters.

A geometric interpretation for the perspective projection matrix, P, can be obtained by
decomposing the matrix P as follows [Fau96]:

PT
P=|PT (2.16)
Py
where P;|i € {1,2,3} are 4D vectors. Each vector represents a projective plane with point

equation:
P'M =0 (2.17)

Another decomposition of the perspective projection matrix, P, makes explicit the relation-
ship between the matrix P and the optical center of the camera C [LF96]:
P = [P|P] (2.18)
where
e P is a 3x3 matrix of rank 3;
e P is a 3D vector.

Assume that the optical center, C, is not at infinity and its homogeneous coordinates is the
4D vector, C = [CT, 1]7. Then, the optical center, C, satisfies the equation:

PC=0 (2.19)
which means that:

C=-p"'P (2.20)

Also, the matrix P can be decomposed into [HA98]:

rf vf wo
P=| 0 f w |[R—RT] (2.21)
0 0 1

where
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e 7 is the aspect ratio;

e f is the focal length;

e v is the skew;

o [ug,vp]T is the principal point;

R is the rotation matrix; and

o T is the translation vector.

The camera is called non — skew if v = 0, aspect — free if r = 1 and with Euclidean image
plane when both v = 0 and » = 1. The camera calibration matrices

rf 0 w f v w f 0 u
0 f Vo |, 0 f Yo and 0 f Vo (222)
0 0 1 0 0 1 0 0 1

are called non-skew, aspect-free and Euclidean calibration matrices respectively.

If we consider a 3D transformation of the world coordinates, so that:
M, = TM (2.23)

where T is a 4 X 4 non-singular matrix, then image measurements will not be affected and

we can write:
m=PM = PT*anew = Pneanew (224)

This means that P,e, = PT~! under the transformation T [BZM97]. When P has the form:

P = [AR| — ARC] (2.25)
where
e C is the optical center; and

e AR (see Equation (2.21)) is a 3 x 3 nonsingular matrix, which requires the optical center
not to lie on the plane at infinity [BZM97).

then,

—— [ [Agé'l (13 } (2.26)

Notice that C is the translation as well.
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Generally, in order to transform to a new coordinate system through a rotation matrix R
and a translation vector T, a 4 x 4 transformation matrix, T, is used. That is:

T!'= (2.27)

R°! —R°IT
of 1

For example, to transform the projection matrix, P, to a new coordinate system through R
and T, the matrix P should be multiplied to the right by the transformation matrix T~}.

Ppe = PT1 (2.28)

2.3 Binocular Vision

2.3.1 The Epipolar Geometry

The epipolar geometry is the basic constraint arising in stereo vision. Let us consider using
two cameras to view a point M in space. We will get two images for this point, one on
each image plane. This is shown in Figure 2.4 on Page 24. Given a point M in space and
two cameras with optical centers C and (o} , M is the image of M formed through C on the
image plane IT and m’ is the image of the same point on II'. So, given an image point 1h, its
matching point m’ belongs to the line segment, 1, formed by intersecting the plane MCC
with the image plane II'. This line is called the epipolar line associated with rh, while the
epipolar line 1 associated with i’ is the line formed by intersecting the plane MCC’ with II.
These two lines are called conjugate epipolar lines. Any point on the first epipolar line has
its match on the second and vice versa. Finally, the points é and €' are the intersections of
the line CC’ with IT and I’ respectively and they are on the epipolar lines 1 and I’ and called
the epipoles.

By definition, the epipole e is the projection of the optical center C’' and they are related
by the relation:
e =PC (2.29)

Substituting the value of C’ using Equation (2.20), we get:

—p' ~1p’
e=P

. (2.30)

Finally, given a pair of stereo images, they are called weakly calibrated when the epipolar
geometry between the images is known [LF94].
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Optical center

Conjugate epipolar lines

Figure 2.4: Binocular vision: Using two cameras to view a point in 3D space; M is a point in the space, C
and C' are the optical centers, rh and 1’ are the images of M on the image planes II and IT'.

2.3.2 The Fundamental Matrix

The relationship between the pixel coordinates of a point; e.g., m, and its corresponding
epipolar line, I, is linear projective because the relations between r and < C,mh >, and
< C,mh > and its projection ¥ are both linear projective. The 3 x 3 matrix which describes
this correspondence is called the fundamental matriz F [LF96].

If we partition the perspective projection matrix P as:
P = [AR| — ARC] (2.31)

where C is the first optical center and the 3 x 3 AR matrix is not singular, then the fundamental

matrix can be expressed as:

F = [AR]T[C — C'],[AR]"!
[WR][C — C)« [AR](AR] ™ (2.32)
= [A'R']|"T[AR]"[[AR][C — C]]«

In [HZ00], Hartley and Zisserman pointed out that:
PPt =1 (2.33)

where P* is the pseudo-inverse of P. In other words, P* can be written as:

p+ — [ (AR ] (2.34)

05
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then the fundamental matrix can be expressed as:

F = [¢/]«P'PT (2.35)

Using the notation of the fundamental matrix, we can express the epipolar constraint. For
a point m, the projective representation of its epipolar line is represented as:

! =Fm (2.36)

Since m’ € ', it follows that:
m Fm = 0 (2.37)

Reversing the role of both images, the fundamental matrix will change to its transpose, FL.
By transposing Equation (2.37), we get:

m F'm’ =0 (2.38)
The epipolar line of the epipole € is Fe. As shown in Figure 2.4 on Page 24, & is the image

of the optical ray < C,é > on the plane IT". It follows that this line is reduced to a point €,
or the second epipole. This implies that Fe = 0. The same is applied for €, which means:

Fe=Fle =0 (2.39)

As a result, the rank of F is less than or equal to 2. Generally, the rank is equal to 2 [LF96].
Furthermore, the fundamental matrix is defined up to a scale factor, and depends upon 7
parameters [LF94].

2.3.3 The Relation Between the Fundamental and Projection Matrices

The perspective projection matrix can be written as P=[I3|P] where P=AR is a 3 x 3 matrix.
Then, the projections of a point M = [MT, m]T, according to Equation (2.5), are:

sm = PM 4 mP (2.40)

and
sm’' = M + mP’ (2.41)

where m may be equal to zero [RFC95]. Eliminating M from these constraints results in:
se =P — PP'IP (2.42)

and
s'F = [¢/] PP (2.43)

This represents the epipolar constraints between the two cameras.
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We can set P = [I|0] where I is the 3x 3 identity matrix. This parametrization and Equation
(2.42) and Equation (2.43) result in:

se' =P/ (2.44)
and
§F = [e’]xls’ (2.45)
Both P’ and P’ are constrained so that:
, , I 0Oy
P — [[e]Fle] [ A } (2.46)

where A is an arbitrary vector and a is a non-zero scalar. Thus, given the matrix F, we can
find solutions for P and P’ in a projective frame.

2.3.4 The Essential Matrix

When the intrinsic parameters of both views are known (strong-calibration case), the fun-
damental matrix becomes the essential matriz E [LH81]. This matrix depends upon the 5
parameters describing the relative displacement between the views [LF94]. Specifically, the
first three parameters are of the 3D rotation and the other two parameters define the direction
of the translation [LF96].

If 1h and m’ are images of a 3D point M on both images and (R, T) is the motion from
the first camera to the second, under the pinhole model, we have the following two equations
[Zha98]:

sm = A[I|0]M (2.47)

and
s'm’ = A'[R|T|IM (2.48)

where A and A’ are the intrinsic , or calibration matrices of both cameras. (Refer to Equations
(2.9) through (2.11).) Eliminating s, s" and M, we get:

m? = Fm’ = 0 with F = A~ TT,RA™! (2.49)
where Ty is an antisymmetric matrix defined by T as:
Tuyx =T xx (2.50)

Note that x denotes the cross product (refer to Section 2.1). The essential matrix E can be

written as:

Now, we can write Equation (2.49) as:

m7Em = 0 (2.52)
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Hence, the magnitude of T cannot be recovered from two images, we set | T|| = 1 [Zha98].
The matrices E and F are related by:

F=A"TEA™! (2.53)

and
E = ATFA (2.54)

The essential matrix, E, Is characterized by two constraints found by Huang and Faugeras
[aODF89]. These constraints are the nullity of the determinant and the equality of the two
non-zero singular values.

2.3.5 Plane Homography

This important concept is known as plane projectivity or plane collineation H [LO98]. It relates
two views of a plane in 3D space. More specifically, H is a nonsingular 3 x 3 matrix needed to
relate two views of a plane. Thus, if m is a point in the first view and m’ is the corresponding

point in the second view, then:
m = Hm' (2.55)

Note that H as well as F can be estimated up to scale factors. They are related by:
FTH+ HTF =0 (2.56)
where FTH is a skew-symmetric matrix. Equation (2.56) can be satisfied if and only if [LF96]:
F=[e]H (2.57)

where [€/]x is an antisymmetric matrix formed using the second epipole coordinates. As a

consequence of Equation (2.56), we get:

He = ¢’ (2.58)
which represents the homography of a plane in general position. Also,

He=0 (2.59)

that represents the case where the plane contains the optical center C’, which leads to non-
invertible correspondence.

Also, matrix HY maps epipolar lines to corresponding epipolar lines. Thus, we have (up to

a scale factor):
H'V =H'Fm = F'Him = F'm’ =1 (2.60)
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Matrix H can be decomposed into a concatenation of three matrices S, B and V representing
similarity, affine and pure projective transformations respectively [LZ98]:

H =SBV (2.61)
where
SR ¢t
g = 2.62
[@ J (262)
where

e Ris a2 X 2 matrix representing the 2D rotation;
e t is the 2D translation vector; and

e s is an isotropic scaling;

(2.63)

[ve]

i
o O -
[ !
IR
_ O O

where

e o and S specify the image of the circular points [SK79, LZ98]. « and § determine two
degrees of freedom for this matrix.

1 00
V=|0 1 0 (2.64)
i lp I3

where

e 1o, = [I1,1s,13])7 is the vanishing line of the plane (see Figure 2.5 on Page 29). The vector
1 has two degrees of freedom. Obviously, this line may pass through an infinite number
of planes.

2.3.5.1 Homography Given the Plane
Suppose that the world origin is at the first camera, then the projection matrices are:
P = A[I|0] (2.65)

and
P = A'[R|T"] (2.66)



CHAPTER 2. PROJECTIVE GEOMETRY FOR THREE-DIMENSIONAL COMPUTER VISION 29

/ The vanishing line of the plane

N\ 4
MR 7 44
NIRRT A
W \\\\\\Q\\QQ\\Q\\ - //54////5////// 7
WYY %77

P
7
7
7/
7
4
7
7
7
\
\
N
\\\\\\
§\\
N
W
W
\\ \
N
W
\\\
N
N\

///
~
-~ //
7
A
X
Q %
N

A
g&
\N%
$<& A\
Q
A\
N\ \J
NS
Naw
AR
\\\\
NINNN
SN
N\
AN

/
-
-
NN AN
\\\
NN

/

—
NN N

V
Parallel lines in real world

Figure 2.5: All parallel lines intersect at one vanishing line.

and suppose that a 3D plane has the equation I = [NT,d]T, so for any point M on that
plane, we have:

NTM +d =0 (2.67)
then the homography H is calculated as [HZ00]:
NT
H=p [R’ - TdN } A™! (2.68)

2.4 Three-Dimensional Reconstruction

2.4.1 Varieties of the Problem

Techniques are developed to determine three dimensional object reconstruction. These tech-
niques use groups of images taken by cameras. Variations of the problem include 3D surface
and scene reconstruction. Also, they include:

e 3D reconstruction from uncalibrated monocular image sequence [FCZ98, PKVG98];
e 3D reconstruction from calibrated monocular image sequence [NH95];

e 3D reconstruction from stereo images. This includes pairs of images taken at the same
time by two cameras or at two different instants by one camera provided that the scene
is static;



CHAPTER 2. PROJECTIVE GEOMETRY FOR THREE-DIMENSIONAL COMPUTER VISION 30

Figure 2.6: A 3D line as the intersection of two planes formed by the its projections in both images and the
optical centers.

Usually, The solution is divided into two steps [Zha95]. These steps are:
1. extracting and matching features between corresponding images; and
2. determining structure from corresponding features.

However, the success of the whole process can be affected dramatically by the reliability of
the first step.

Chapters 3, 4 and 5 discuss methods we that implemented to achieve the goal of the first
step. The rest of this chapter is devoted to discuss a major part of the second step where
Projective Geometry plays a key role in determining structures.

2.4.2 Three-Dimensional Line Reconstruction

Assume that a 3D line L is projected into lines in two views as 1 and I’ (see Figure 2.6 on
Page 30). Each of 1 and 1" with the corresponding optical center form a 3D plane II = Pl and
II' = P'l. Considering the notation mentioned in Section 2.1.2, the 3D line can be represented

Lo [ I'p ] (2.69)

l/TP/

as:
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' M

I I

Figure 2.7: M is the intersection of < C,xh > and < €/, ' >.

2.4.3 Three-Dimensional Point Reconstruction

2.4.3.1 Distance Minimization

Using Equation (2.47), we can estimate the 3D coordinates of a point in space M if we know
the motion (R, T) and the matching pair (1n, m’) as follows [Zha98]:

~

M = arg miny(|lm — A[T/O]M]]? + lm’ — &R/ T'[M]P) (2.70)

Note that in this equation we are minimizing the distance between the back-projection of
the 3D reconstruction and the image point. Also, this method requires an initial estimate for

M.

2.4.3.2 Intersecting Camera Rays

A 3D point is the intersection of two rays passing through the optical centers C and ¢/, and
corresponding image points (rh, m’) (see Figure 2.7 on Page 31). The three points 1h, m’ and
M form a triangle. Thus, this is also referred to as triangulation.! The directions of these rays
are [MZL 0]7 and [MZ,0]T (refer to Section 2.1.4) where M, and M/ are the intersections
of both rays with the ideal plane II,. Then, M can be determined by [RCF95]:

Mo } — o cj M ] 2.71)

C
M=a ) + 6 + B2

0 0

1This is not to be confused with Delaunay triangulation that may be used to generate the mesh required for 3D modeling.
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Note that m = P[MZ 0] and m’ = P'[MZ,0]7. If P = [P|P] and P’ = [P'|P’], where P and
P’ are both 3 x 3 invertible matrices, then m = PM,, and m’ = P'M’_. As a consequence,

we get:
y 5—1
Mm:[Mw]:[P m] (2.72)
0 0
and '
/ Df =11
Mgo=[M°°}=[P m] (2.73)
0 0
Also, because PC = 0 and P'C’ = 0 then by utilizing Equation (2.20), we get:
C=-p"'P (2.74)
and
C' =pP’ (2.75)
Using Equation (2.71) through Equation (2.75) leads to:
M o3} B | M Q2 v ‘
o |2, B Yo 2.76
! 0 ] Ba Ba| O o (2.76)

which represents four equations and has only three unknowns %ZL, % and %3 Then M is

obtained by back substitutions into Equation (2.71).

2.4.3.3 Triangulation with Nonintersecting Rays

In the case of noise, the rays are most likely to be skew. Thus, the 3D position can be
estimated as the midpoint of the perpendicular to both rays (see Figure 2.8 on Page 33). The
midpoint, M, can be obtained from the two optical centers and the directions of the rays,
M, and M/ [BZM97]. This is done by calculating:

~

M = (T - MooML] + [T~ ML, MZ)) ™ (€ + € — [CTMo Moo — [CTML, ML) (2.77)
where M, and Mgo are normalized to unit magnitude. The values of My, Mgo, C ¢ are
calculated using Equation (2.72) through Equation (2.75).

2.4.4 Noise and Inaccuracy Correction

Different approaches [BZM97] are possible to deal with noise which is most likely to occur.
Methods developed may include the following:

1. Orthogonal projection on image plane. The steps are the following:

¢ Compute the epipolar line I’ for a given image point m.

e Compute the orthogonal projection of m’ onto 1.
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Figure 2.8: A point in space can be considered as the midpoint of the perpendicular to both rays.

e Use the first point m and the orthogonal projection of its corresponding one to get
two rays guaranteed to intersect in space since they are on the same epipolar line.

o It is assumed that all the errors are in the second image which may be a wrong
assumption.
2. Distance minimization on image plane:

Generally, two corresponding points, m and m’ do not satisfy the epipolar constraint
due to the existence of noise or the inaccuracy in camera parameters. Thus, it is required

to estimate the points  and m that:

¢ minimize the function:
d(m,m)? + d(m’, i) (2.78)
where d() represents the Euclidean distance on the image plane; and

e agree with the epipolar constraint:

i’ Frih = 0 (2.79)

This method ensures that the two optical rays passing through m and m’ will intersect
in space. Thus, correction is a good starting point to detect the 3D position of the point.
In other words, finding rh and i’ leads to M detection by triangulation (Section 2.4.3.2)
since the corresponding back-projection rays should intersect precisely in space.

In [HS95, HS94|, Hartley et al reformulated the problem differently. They requested

to minimize the function:
d(m, 1) 4 d(m’,1')? (2.80)
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where 1 and 1’ range over all choices of corresponding epipolar lines. The steps of this
method, which is referred to as optimal correction, are the following:

(a) Parametrize the pencil of the epipolar lines in the first image by a parameter ¢.
(b) Compute the conjugate epipolar line, I', of 1 using the fundamental matrix F.

¢

(
(d

Express Equation (2.80) as a function of ¢.
Take the derivative of the last step.

)
)
)
)
(e) Maxima and minima happen when the derivative equals to 0.
(f) The last equality (where the derivative = 0) is a polynomial of degree 6 that may have
up to 6 real roots. Solving such a polynomial makes this method computationally

expensive.

This method ensures that the two optical rays passing through m and m’ will intersect
in space.

3. Distance minimization in space:
An estimation for the 3D point can be achieved using the method described in Section
2.4.3.3.

2.5 Summary

In the preceding chapter, we explored many fundamental aspects of Projective Geometry
that are used frequently in Computer Vision research. We started by declaring the notation
used throughout the thesis; e.g., points, lines, planes and directions. This was followed by
explaining the projective model and the role of the perspective projection matrix, P, that
determines the relationship between the world coordinate system and the image coordinate
system. This matrix was shown in its simplest and general forms. Binocular vision concept
was discussed. This was followed by a discussion about the fundamental matrix, F, and its
relation with the projection matrix. Then, we moved to investigate the essential matrix, E.
This was followed by exploring the concept of plane homography. The last main part of
this chapter handled some important three-dimensional reconstruction concepts. It discussed
different approaches for 3D line and point reconstructions. Finally, this chapter ended with
a discussion on noise and inaccuracy correction.

Materials drawn from this chapter will be used in different phases of our modeling system.
For example, the projective model, discussed in Section 2.2 will be used to estimate the planar
perspective matrix of Chapter 4. The inter-image homography, discussed in Section 2.3.5, will
be estimated in Chapter 4 as well. The fundamental matrix, discussed in Section 2.3.2, will be
used in Chapter 5 to estimate the epipolar geometry. Also, 3D line reconstruction, discussed
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in Section 2.4.2, will be used in Chapter 5 as well. Point reconstruction, discussed in Section
2.4.3, will be used in Chapter 6. The similarity matrix of Section 2.3.5 will be utilized in
Chapter 7. The topics covered in this chapter have been published in [ELOla, Eli03b].



Chapter 3

Junction Detection

In Section 2.4.1, we mentioned that a solution to the three-dimensional reconstruction prob-
lem can be split into two distinctive steps. Those steps are:

1. extracting and matching features between corresponding images; e.g., wide baseline
matching; and

2. determining structure from corresponding features.

Distinctive features of an image carrying meaningful information are. often called interest
points. A 3D reconstruction algorithm as well as many algorithms in Image Analysis and
Pattern Recognition rely on the extraction of interest points; i.e., the first part of Step 1
mentioned above. The choice of interest points plays a key role in many of those algorithms.
In addition, the richness of information an interest point operator can provide, the speed
of getting it as well as the accuracy of such an information can affect the whole process
significantly. In a tough application like wide baseline matching, which we address in Chapter
5 (the second part of Step 1), gathering as much rich, fast and accurate information as possible
among views becomes a priority.

This chapter presents a new junction detection algorithm that can be used as an interest
point detector. This operator assumes that the branches of the detected junctions can be well
approximated as straight lines in the vicinity of the point of convergence. These junction radial
lines can be found from the identification of what we have called circumferential anchor (CA)
points. This operator detects not only junction locations but their orientations and strengths
as well resulting in rich information that helps make the wide baseline matching process more
viewpoint invariant and hence more reliable. Furthermore, binary maps rather than their
original images are used which results in speeding up the process. We claim that this operator
can provide rich, fast and accurate information about the localization and characterization of
the interest point. Tests made show that orientation angles gathered through this operator

36
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are of very good accuracy. This is the most important feature concerning this operator that
distinguishes it from an ordinary corner detector.

The rest of the chapter is organized as follows. The next section presents a quick review
of some interest point operators. Section 3.2 discusses the problem of junction detection.
Section 3.3 describes the proposed JUDOCA algorithm while some experimental results are
presented in Section 3.4.

3.1 Interest Point Detection

In the past, several works have proposed various operators that can detect interest points.
Most of the time, these operators look for prominent features that correspond to high-
curvature boundaries in the image. For this reason, the detected features are often referred to
as corners even if, in reality, these operators may be sensitive to a wider variety of intensity
patterns. This leads us to a possible way of defining interest points. This is to describe them
as image points where two or more edges meet. Interest points that comply with this defini-
tion could be called corners or junctions. The number of converging edges and their respective
orientations constitute the signature characterizing the junction. In fact, the existence of such
a characterization constitutes probably the way to differentiate corner detectors and junction
detectors. Indeed, most interest point detectors output the strength of their detected feature.
Once a threshold is applied to these values, the subsequent processing stages are left with a
binary image carrying only information about the feature location. In contrast, a junction
detector would extract the relevant attributes of the detected feature, thus subsuming a more
informative model of the point of interest and of its vicinity.

Methods for characterizing junctions have been proposed in the past. However, their com-
putational complexity generally do not allow them to be used for junction detection and
localization. Instead, they would be applied to selected interest points having been previ-
ously detected by some efficient corner detector. This is the case of the method proposed
in [WY98], which is based on the successive application of rotated wedge averaging filters
around a given key point. A 1D derivative filter is applied with respect to the polar angle
to the filter responses and the junction is then characterized by the maxima of the resulting
function. The approach described in [PGH98] detects junctions using a piecewise constant
function that partitions a circular template into wedge-shaped regions. The detection and
characterization is achieved, in this case, through energy minimization in order to find the
best approximating junction model. Although the method proposed leads to an effective solu-
tion, the required computational effort remains important. The corner detector in [Roh92] is
based on a similar approach where junctions are detected by minimizing the sum of squared
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differences between a parametric model and the observed intensity values. The work pre-
sented in [RT01] is another approach based on the use of a model. However, this time, the
model does not represent a neighborhood by segments of constant intensity but by a color
distribution. This makes the detector particularly suitable for detection at a large scale in
color images.

Another category of approaches proceeds to the detection of junction by looking at the
edge image. For example, in [Bey91], a junction detector is proposed that makes use of the
local properties of the gradient magnitude near junction points to reconnect broken edges. In
[FDO00], junctions are detected by measuring the rate of change of the orientation vector along
lines within a given neighborhood. The detector in [BP01] uses a two-pass Hough transform
to identify points of intersection in an edge map. The corner detector presented in [MS98]
also includes the detection of T-junctions but this is done mainly to eliminate false corners.
For a review of different corner detectors, one may refer to [SB95].

3.2 Junction Detection

Junctions in images occur when several uniform regions join at one prominent point; i.e.,
the point of junction, where the boundaries of the adjacent regions meet. When a junction
is produced by only two regions, this definition assumes a high curvature boundary where
the point of junction corresponds to the point of maximal curvature. In this case, the angle
between the two edges forming the junction deviates from 180°.

Assuming a symmetrical transition between the adjacent regions, then locations of junctions
will correspond to points where ridges in the gradient domain of the image intersect. This
suggests that junction detection can be accomplished in the gradient domain. Moreover, in
order to facilitate the detection of junctions, a further restriction can be introduced; the class
of junctions to be detected will be restricted to those where the joining edges can roughly be
approximated by straight lines in the vicinity of the location of the junction. The detector
proposed in this chapter is built around these ideas. It defines the vicinity of a putative point
of junction as a circular neighborhood of radius A and centered at the point of junction. The
radial lines that form the junction must therefore lie on some rays of this disc, as illustrated
in Figure 3.1 on Page 39. In addition, the following two properties should hold for such
junctions:

1. The value of the gradient of the points of intersection between the circle that delimits
the junction’s neighborhood and each of the junction radial lines must correspond to a
local maximum in the direction of the gradient (a ridge point).
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(a)

Figure 3.1: (a) One corner of a box that produces a Y-junction. (b) The junction at p with three circumfer-
ential anchors qq,q2 and qs (superimposed on the gradient image).

2. The value of the gradient along the ray on which each junction branch lies must always
be greater than a predetermined value (not necessarily on a ridge though, in order to
permit some minor deviations from the straight edge model).

Note that constraints on the orientation of the gradient on each junction radial line could
have been added. However, it can be shown that the above two properties somewhat subsume
that the gradient orientation will be consistent with the orientation of each junction branches.

Consequently, there will be a junction at a given image point if at least two rays obeying
properties 1 and 2 can be emitted from this point. We must add that, if only two such rays are
found, then the angle between the two rays must not be within 180° range that is determined
according to a predefined value. The strength of such a junction should be proportional to
the sum of the gradient magnitudes along each accepted ray.

Properties 1 and 2 form the basic principles through which junction detection and charac-
terization can be performed. An operator that makes use of these properties is presented in
the next section. The underlying algorithm is based on the identification of local directional
maxima of the intensity gradient values located on the circumference of a circular neighbor-
hood. When devising this algorithm, one concern was to obtain an operator that can perform
junction detection in a fast efficient manner. For this reason, it operates on binary edge
maps. As it will be seen, this simplification significantly reduces the computational cost of
the method while still detecting junctions that adhere to properties 1 and 2. The proposed
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algorithm has been named JUDOCA for JUnction Detection Operator from Circumferential
Anchor points.

3.3 The JUDOCA Algorithm

In order to detect junctions, the proposed operator relies on the intensity gradient. This

can be conveniently estimated using Gaussian derivative filters. The size of the Gaussian

filter, which is specified by a variance parameter, o, also offers the advantage of allowing edge

detection at different scales; i.e., only more prominent edges being detected for larger value

of o. Note, however, that if good localization is required, smaller ¢ value should be used.

The algorithm proceeds as follows [LE, LEO4]:

1.
2.

Apply vertical and horizontal Gaussian derivative filters on image Z.

Compute the gradient magnitude and create two binary images from it.

(a) The first image, B, is created by imposing a threshold, ¢, on the gradient image.

(b) The second image, B, contains the points of B that are local maxima in the direction
of the gradient.

For each point p in B, consider a circle of radius A centered at this point and obtain
the list of candidate points ¢; in BT that lie on the circumference of this circle. These
so-called circumferential anchor (CA) points are the extremities of potential radial lines
for the putative junction (see Figure 3.1).

. For each CA point, ¢; in the list, consider the points located at a distance less than

one pixel to the segment that joins the current CA point to the central point p. Two
sets are used; one that belongs to B and the other belongs to Bt. The first set is used
to determine if the corresponding putative junction radial line will be accepted and the
other to determine what the strength of this junction line will be. That is:

(a) To be accepted as a junction edge, a continuous path of B points joining the CA
point and the central point p must exist. If not, then reject this radial line and
repeat the scanning operation with the next CA point.

(b) The strength, S;(< p,q; >), of this junction radial line is considered as the per-
centage of the points allocated in B* along the line segment < p,q; >. Instead, it
may be defined as the sum of the squared distances from the < p, q; > line segment
to the B points in the currently considered set. This strength is normalized by the
length of this segment.
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5. If the strength of this junction radial line is smaller than a predetermined threshold,
sy, then reject this radial line. Otherwise, < p,q; > becomes one of the branch of the
putative junction at p.

6. If the number of branches found at p is less than 2, then there is no junction at this
location. Otherwise, record the orientation of the accepted junction radial lines and
set the strength, S;(p), of this junction as being the minimum across all strengths

Sj(< paqi >)‘

In the particular case of 2-edge junction, an extra step must be undertaken in order to
ensure that this junction is not, in fact, a simple line. This can be verified by looking at the
angle between the two radial lines. If this one is close to 180°, then the junction should be
rejected. In practice, a threshold is set on the maximal and minimal acceptable angle for
2-edge junctions.

In Step 3, the image points located on a circular circumference must be considered. This
can be done by pre-computing a discretized circular contour of appropriate radius. Identifying
the circular anchor at each location can then be done in a very efficient manner.

Additionally, the strength of the junction can be used to perform a non-maxima suppression
as a post-processing phase to eliminate clusters of junction that could arise, especially if a
permissive threshold is used in Step 2(a). Note that different criteria for the junction strength
could have been adopted. However, the one given in Step 6 is based on an assertion stating
that a junction is as weak as its weakest branch. This criterion also implies that a weak
N-edge junctions can be transformed into a stronger (N — 1)-edge junction.

3.4 Experimental Results

Figure 3.2 on Page 42 illustrates an experiment where the detector has been tested on a
synthetic image to which Gaussian noise has been added. By increasing the value of o, it has
been possible to considerably reduce the impact of noise on the junction detection operation.
In Figure 3.3 on Page 42, the noise level has been further increased. This time, it can be seen
that it is by the reduction of the edge detection threshold ¢z, it has become possible to detect
the junction of the low contrasted square of our test image.

The accuracy of the junction orientation is better with larger value of A. In order to
demonstrate this fact, we took different pictures of a triangular shape (28 in total, some of
them being shown in Figure 3.4 on Page 43). Knowing that, no matter what the point of view
is, the sum of the three angles should result in 180°. For each of these images, we computed
the sum of the junction angles as detected by JUDOCA. We repeated this experiment for
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Figure 3.2: Junction detection on a synthetic test image with Gaussian noise of variance=400. (a) Detected
junctions with ¢ = 1.0. (b) Detected junctions with o = 1.5.

(c) ()

Figure 3.3: Junction detection on a synthetic test image with Gaussian noise of variance=1000. (a) Edge
image with o = 1.5 and tg = 10. (b) Detected junctions with B* and B computed from Image (a). (c) Edge
image with ¢ = 1.5 and ¢z = 8. (d) Detected junctions with B% and B computed from Image (c).
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Figure 3.4: Different images of a triangle used to test junction orientation accuracy.

different values of A. The results are shown in the graph of Figure 3.5 on Page 44. As expected,
the mean value of this sum approaches 180° as A increases while the variance decreases with
increasing A. This shows that not only do longer radial lines increase the accuracy of the
angles but also make these measurements more reliable. Also, note that, this experiment
shows that the operator tends to slightly overestimate the value of the angles. This bias
can be explained by the smoothing effect of the Gaussian filter that blunts the tip of sharp
corners.

Another experiment to support our claim about the accuracy provided by the operator
is the following. Consider the “chess board” in Figure 3.6(a) on Page 45. Suppose that a
3D histogram is established such that one axis spans the horizontal angle values from +315°
(or —45°) to +45° and from 135° to +225° (or —135°) and the second axis spans the values
from 45° to 135° and from 225° (or —135°) to 315° (or —45°) while the last axis counts the
histogram values. In that sense, there is no difference between the angle § and the angle
d 4 180°. Both angles will contribute to the same entry in the histogram. Applying this to
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Figure 3.5: Average angular sum of the junctions detected on 28 different images of a triangle as computed
for different values of A.

the image in Figure 3.6(a), the histogram achieved is shown in Figure 3.6(b). The angle step
used in this histogram is 5°. The peak of the histogram happens around angles —5° and +90°,
which is in the expected range.

Figures 3.7, 3.8 and 3.10 on Pages 46, 47 and 49 show the results obtained when applying the
JUDOCA operator to more complex real-world images. In Figure 3.7, we categorized junctions
by their number of linear ridges forming them. Figures 3.7(b) shows 2-edge junctions only
while Figure 3.7(c) shows 3-edge junctions. Notice that many junctions were detected in the
plant regions in Figure 3.7. The reason is the existence of high frequency regions that result
in short but many ridges intersecting in the gradient domain constituting junctions.

As noted, the accuracy of the detector is better with larger value of A. In some cases, using
large value for A may result in rejecting correct junctions. For example, consider some cases
shown in Figure 3.8(a). The face of the box is reproduced in Figure 3.9(a) on Page 48. The
gray edges represent the binary image B while the black edges represent the binary image
B*. Note that no junctions were detected at the centers of the circles shown. The radii of
these circles represent the value of A used. It is obvious from this image that the CA points
were detected on other ridges other than the right ridges. The reason is that the correct
ridges were too short comparing to the value of A, which results abandoning those junctions.
Notice that the left circle passes beside the correct point but does not pass through it. We
repeated the process again using the same parameters after modifying A from 13 to 12 and
this particular junction was successfully detected.



CHAPTER 3. JUNCTION DETECTION 45

Number of Angle Directions

Figure 3.6: (a) Accuracy example: Chess board. (b) The histogram of the angle directions. The parameters
used are 0 = 1.0, t5 = 10, A = 15 and s; = 0.5.
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Figure 3.7: (a) Junction detection using JUDOCA with ¢ = 1.5, tg = 6, A = 10 and s; = 0.5. (b) 2-edge

junctions only. (c) 3-edge junctions only.
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(b)

Figure 3.8: A pair of wide baseline images. JUDOCA parameters used are ¢ = 1.2, {5 = 5, A = 13 and
sy = 0.45.
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Figure 3.9: Limitations in detecting junctions.

Also, stated above is that if a 2-edge junction is detected, the angle between the branches
should be tested in order to check if it is not a simple line. We have to determine maximal and
minimal acceptable angles. Consider the junction at the center of the circle of Figure 3.9(b).
This junction was not detected because the angle between edges was not in the acceptable
range.

In Figure 3.10, we show another test for the accuracy of our detector. This is done through
checking the sum of angles where straight lines are present in junctions. Straight lines remain
straight under projective transformation. Thus, the sum of the angles contributing to a
straight line should be 180°. To test that, consider the junctions in circles “1” and “2.” In
Figure 3.10(a), the angles for junction “1” are 29.05°, 203.96° and 315.00° while in Figure
3.10(b), the angles are 16.70°, 106.70°, 281.31°. Thus, the sum of angles representing a
straight line for junction “1” is 185.09° or 174.91° for Figure 3.10(a) and 185.39° or 174.61°
for Figure 3.10(b). Now consider the junction “2” where the angles detected are 143.13°,
233.13°, 323.13° for Figure 3.10(a) and 23.96°, 196.70°, 315.00° for Figure 3.10(b). This
provides us with a sum of exactly 180° for Figure 3.10(a) and 187.26° or 172.74° for Figure
3.10(b).
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Figure 3.10: A pair of wide baseline images. The parameters used to detect junctions are ¢ = 1.2, tg = 8,
A =10 and sy = 0.5.
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3.5 Parameters and Thresholds

In the JUDOCA algorithm, there are four parameters and thresholds that control the detec-
tion of junctions. The first two, o and tg, are concerned with the creation of the two binary
edge maps, B and B*. Their values influence the sensitivity of the detection and determine
the scale at which the junction detection is performed. For example, comparing Figure 3.11(a)
with Figure 3.11(b) on Page 51, it appears that several textural details can be filtered out,
if wished, by a proper choice of 0. Parameter o plays also an important role regarding the
noise robustness of the operator as illustrated in Figure 3.2. In low contrasted situations like
that of Figure 3.2, the reduction of the edge detection threshold ¢z plays a significant role in
detecting edges and hence detecting junctions.

The length, A, of the radial lines that are scanned during the detection process, has an
impact on the number of junctions found. Normally longer lines are more desirable since
they better support the defined junction model. By choosing smaller length, the detector
will act as a “regular” corner detector sensitive to prominent high curvature points. This
is illustrated in Figure 3.11(c) where a smaller radial length has been used. We found that
values between 8 and 20 usually give good results. Note also that setting A at a too high
value can significantly increase the computational cost of the detection.

The threshold s; defines the degree of adherence to the straight edge assumption. Indeed,
because of noise, shading and contrast variation, the edge contours in B* will not be perfectly
straight (this effect is clear in Figures 3.3(a) and (c)). Consequently, a level of tolerance must
be defined in the acceptance of a junction. If one wants to perform a more selective junction
detection, the value of this threshold can be made higher, at the price of missing some good
junctions. Generally, s; varies between 50% and 90%. This percentage roughly represents
the minimal acceptable portion of the radial line having a B* point close to it. Obviously, the
strength of an accepted junction will always be higher than this value. Figure 3.11(d) shows
a result obtained when using a stricter value for s;. Finally, Section A.2 summarizes the role
of each of the above-mentioned parameters and thresholds.

3.6 Summary

Junctions in images are important distinctive features. This chapter presented a new junc-
tion detection operator that can be used as an interest point detector. This operator was
introduced so that a novel and effective wide baseline matching algorithm applied in the
context of calibrated scenes can be devised. Our operator defined junctions as points where
linear ridges in the gradient domain intersect. The radial lines composing the junction were
therefore identified by searching, in a circular neighborhood, for directional maxima of the
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intensity gradient. The proposed algorithm operated on two binary edge maps. Thus, the
computational time of the detection process was considerably reduced. This operator char-
acterized the identified junctions by the number of converging branches and their respective
orientations. A measure was also proposed for the strength of a junction. Through its effi-
ciency, this operator can provide rich and reliable information to subsequent steps, such as
matching.

The output obtained by our detector will be used in the following chapters. In Chapter 4,
we will use the junction positions provided by JUDOCA in an algorithm to exclude feature
points that belong to the ground plane. In other words, it will be used as a corner detector.
However, the big impact of this operator will appear in Chapter 5 where the orientations of
edges forming a junction will be utilized; consequently, this will allow us to propose a novel
wide baseline matching algorithm that outperforms the ordinary techniques. The materials
of this chapter are the topics of [LE, LEO4]. An implementation of the JUDOCA algorithm
has be made available to interested researchers through our Web site.!

Ihttp://www.site.uottawa.ca/school/research/viva/projects/judoca/



Chapter 4

The Planar Perspective Matrix

In this chapter, we will discuss the derivation of what we have called the planar perspective
matrix. This 3 x 3 matrix will be used to achieve two goals. The first one is to generate
perspective views for the planar ground surface. As we will show in Chapter 7, this matrix will
be integrated with a path representing different robot locations that form a set of viewpoints
for which a sequence of images is requested. This sequence should represent the environment
as seen by a robot moving along this path. As a second goal, this matrix will be used as a
step to identify feature points that do not belong to the work surface as they deviate from the
homography mapping. Hence, matching process, discussed in Chapter 5, may be carried out
on those features only. Consequently, this chapter includes two main parts; i.e., the derivation
of the planar perspective matrix and detecting obstacle features.

The first part of this chapter is represented by Sections 4.1 through 4.6. In this part and
in order to understand how this matrix is obtained, we begin by analyzing the geometric
relationships that affect the appearance of a perspective view. Then, we go through the
details of each possible camera movement (i.e., rotation, translation) and integrate all of
them together to get the planar perspective matrix. An example is provided where the
planar perspective matrix is utilized to generate a perspective view for a pattern. A detailed
description of each term constituting this matrix can be found in Appendix B.

The other part is represented by Sections 4.7 through 4.10. This part deals with distin-
guishing feature points (detected by JUDOCA operator) that belong to obstacles from those
belong to the ground plane. This will be done through a matching technique where feature
points that do not obey to the homographic relation will be excluded. We will describe the
steps of the technique we use. At the end of the chapter, we will show examples where we
use our method on pairs of images.

53
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4.1 Overhead View Transformation

The overhead or top view of a plane can be obtained, from images showing that plane, by
applying the appropriate transformation. Many authors have used overhead views in different
applications such as augmented reality and video surveillance. Bradshaw et al. [BRM97] used
known ground plane features, such as lines, to transform planar motion into an overhead view
and then recover the trajectory of moving objects on the plane. Intille and Bobick [IB95]
used overhead view to track football players on the coordinate system of the field rather than
the image coordinates. The overhead view is calculated using known measurements of the
lines on the football field. Lee, Romano and Stein [LRS00] used multiple cameras to obtain
an overhead view without depending on known landmarks or manual registration. Instead,
they detected objects moving simultaneously with overlapping views. The object centroids
are used as potential point correspondences to recover the homographies between camera
pairs. Laganiere [Lag00] used an overhead view to build a bird’s eye view of a work site.
The overhead view is calculated assuming known intrinsic camera parameters and known
orientation with respect to the observed plane. In the sections to follow, we will show how
to generate a perspective view from the overhead view of a ground plane. Appendix D
discusses an approach where Computer Graphics concepts are utilized to generate the whole
environment including the overhead or top view.

Note that, in the following sections, we assume that we are observing a world plane given
in the form of an input image where one pixel in the input image is equal to one unit in space;
and the synthesized perspective image is represented by the image coordinate system

4.2 Computing the Planar Perspective Matrix: A Special Case

As mentioned before in Equation (2.5), the relationship between a point M=[X,Y, Z]T in
space and its projection, m=[z,y]T, onto the image plane is represented by [ELO1a:

(4.1)

— N

As depicted in Figure 4.1 on Page 55, we suppose that the image of the horizontal plane, or
the overhead view, is provided. Then, the world coordinate system can be placed conveniently
such that the Z—coordinate of any point on that plane is always zero. In other words, we
assume that the horizontal plane resides on the XY —plane. Moreover, we place the world
origin at the lower left corner of the given overhead view. As a consequence, and substituting
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M=[X,Y,0]T
[ J

Yw Image plane

® > C
Xw (@) (b)

oo eeee lLixel (image) coordinate system (Xp, Yp)
e World (space) cootdinate system (Xw, Yw, Zw)

Figure 4.1: (a) The plane under consideration: The origin of world coordinate system origin is placed at the
lower left corner of the overhead view. M is an arbitrary point on the plane; (b) 3D representation of (a).
Note that Z—coordinate is always 0. The image plane showed is formed using rotation angles of 90°, 0° and
0° for w, ¢ and & {or 90°, 0° and 0° for the tilt, 7, pan, p, and swing % respectively).

the value of Z in Equation (4.1), we get:

(4.2)

No matter what the values in the third column of matrix P are, their products by the third
term of the vector M will always be 0. As a result, the matrix P can be reduced to a 3 x3
matrix while M is reduced to a 3D vector. Rewriting Equation (4.2), we get:

T X
y | =H % (4'3)
1 1

where

e 1 and y are the image coordinates;

e 1, is a 3 x 3 homography matrix called the planar perspective matriz;
e X and Y are the input world coordinates; and

e s is a scaling factor.

Finally, we can rewrite Equation (4.3) as:

m = H,m’ (4.4)
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where

e m is a point in the synthesized image;

e m’ is a point in the input image representing the overhead view.
Or, equivalently:

m’ =H,"'m (4.5)

Suppose that the optical center of the camera is placed slightly above the observed plane
where the translation of the camera with respect to the world origin is [0, 0, ¢,]7 and its angles
of rotation are all equal to zeros. Moreover, assume that the focal length of the camera is

equal to 1. In this case, the matrix H, can be expressed as:

10 0
Hy=He= |01 0 (4.6)
00 —t,

Note that the translation of the camera is reflected in the third column of the above matrix
(as it will be explained in the next section). This means that the value of t, must not be
equal to 0. Otherwise, we will be trying to observe a plane passing through the optical center
of the camera, which is invalid mathematically.

This matrix is used as a homography matrix that relates the top view and its perspective
projection in 3D space. In the next section, we will derive the general form of the planar
perspective matrix H,. A complete detailed version of this matrix can be found in Section
B.3.

4.3 Computing the Planar Perspective Matrix: The General Case

Unfortunately, most of the time, we are not so lucky to have the matrix H, as simple as
mentioned above. In the general case, the camera is located arbitrarily in space and has a
focal length which is different from the unit value. Consequently, the matrix H, has to be
adjusted to satisfy the general requirements.

In order to achieve this adjustment, the matrix P, of Equation (2.7) has to be multiplied
to the left by the camera calibration matrix, A, to adjust the coordinates on the image plane.
Furthermore, in the case where the camera is placed and oriented freely in space, the matrix
P. of Equation (2.7) is multiplied to the right by the rotation translation matrix, D, to change
the coordinates in space. In other words, we utilize Equation (2.8). That is,

P = AP.D 4.7)
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Figure 4.2: The overall rotation is performed as three sequential rotations through w, ¢ and .

Then, by eliminating the third column, the planar perspective matrix, H, can be expressed
as:
Pu1 P12 Pua
Hy = | pa P22 Pos (4.8)
Ps1 P32 P34
Involved in these terms are the rotation and translation of the camera. In the following, we
will show how to compute the rotation matrix through different rotation systems and the
final translation vector as well. Those components constitute the elements of the matrix D of

Equation (4.7) [EL03].
4.3.1 Different Rotations

As depicted in Figure 4.2 on Page 57, the overall rotation from XY Z system to X3Y3Z3
system is performed in three steps:

1. Rotation through an angle w about the X —axis to convert coordinates from the XY Z
system to the X;Y)Z; system. This is through a rotation matrix, R,,.

2. Rotation through an angle ¢ about the Y;—axis to convert coordinates from the X;Y1 2,
system to the X,Y575 system. This is through a rotation matrix, Ry.

3. Rotation through an angle x about the Z,—axis to convert coordinates from the X,Y57,
system to the X3Y37; system. This is through a rotation matrix, Ry.



CHAPTER 4. THE PLANAR PERSPECTIVE MATRIX 58

VA
Z A
\ y cos ®
\
Z Sin \
Aoy Z,
Y \ Zz A
\ g~ Xz 05 ® \
\ - \
‘\ -7 \\ /— il Yl ¢ )
7 . X1 €05
(‘ Pt ias ‘;\y.rm(o /\‘
-
\ ,—‘03\ e . \
= > Y z1 5in ¢ k\))\ A
~7T
v Y. zioosd x| f\”.
3
N A N \ \ '
\ Xz 005 K X, - - —b
‘ -
; \ /V'\\ \4”
Y2 Sin Kw : -
¥ P x1 5in ¢
\ —a~ X y2005k X, &
\ -
A Y //// \\ '/ ' X3 (b)
v A \ - .
5 it ies ‘;\XZ SinK
\ PPt
M -7 -7
= ‘\ > X,
©

Figure 4.3: (a) Rotation through w about the X —axis. (b) Rotation through ¢ about the Y;—axis. (c)
Rotation through & about the Z;—axis.

The details of this sequence of rotations are as follows:

e Rotation through the angle w about the X —axis is shown in Figure 4.3(a) on Page 58.
The new coordinates are given by:

X3 X 1 0 0 X
Yi{=R| Y |=]|0 cosw sinw Y (4.9)
Z1 Z 0 —sinw cosw Z

¢ Rotation through the angle ¢ about the Y;—axis is shown in Figure 4.3(b). The new
coordinates are given by:

X X cos ¢ 0 —sin @ X
Yo |=Rs| V] | = 0 1 0 Y (4.10)
Zy | Z1 stn¢g 0 cos ¢ 1

e Rotation through the angle x about the Zy;—axis is shown in Figure 4.3(c). The new
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coordinates are given by:

X; Xs cosk sink 0 X,
Ys | =Re| Y5 | = | —sink cosk O Y, (4.11)
Z3 Zy 0 0 1 Zy

The final result of the rotations is calculated by concatenating the three rotation matrices.
That is:

R = R,i R‘d’ Rw
oS ¢ cos K Sinw Sin ¢ coOS K —COS W SiN ¢ cos K
+cos w sin K +sin w sin K
: . o o (4.12)
=| —cospsink —sinw sin ¢ sin K cosw SN ¢ SN K
+cos w cos K +8in w cos K
sin ¢ —sin w cos ¢ coS w cos ¢

Another way to calculate the rotation matrix — in case of a camera observing a work surface
— is by using pan, p, tilt, 7, and swing, v, angles instead of w, ¢ and x. Figure 4.4 on Page 60
shows these angles [WD00]|. The optical axis — along with the vertical line passing through
the optical center and perpendicular to the ground — form a plane called the principal plane.
The line of intersection between the principal plane and the image plane is called the principal
line. The angle — in the principal plane — between the optical axis and the vertical line is
called the tilt, 7. The angle — in the ground plane — between the direction of the Y,,-axis and
intersection between the principal plane and the ground plane is called the pan, p. The angle
— in the image plane — between the direction of Y3-axis and the principal line is called the

swing, 1.
As in the previous case, the overall rotation from XY Z system to X3Y3Z; system (depicted
in Figure 4.5 on Page 61) is performed in three separate two-dimensional rotations:

1. Rotation through a pan angle, p, about the Z—axis to convert coordinates from the
XY Z system to the X;Y1Z; system. This is through a rotation matrix, R,.

2. Rotation through a tilt angle, 7, about the X;—axis to convert coordinates from the
X1Y1Z; system to the XsY5Z, system. This is through a rotation matrix, R,.

3. Rotation through a swing angle, v, about the Z;—axis to convert coordinates from the
X2Ys5Z, system to the X3Y3Z3 system. This is through a rotation matrix, Ry.
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Figure 4.4: Pan, p, tilt, 7, and swing, v, rotation angles. In [WDO00], the pan angle is called azimuth.
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7,27, A Z,7

First rotation

() through p
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through 1

Figure 4.5: The overall rotation is performed as three sequential rotations through p, 7 and .

The final result of the rotations is calculated by concatenating the three rotation matrices.

That is:
R =RyR R,
cos Y cos p —cos Y sin p sin ¢ sin T |

+sin 1 cos T sin p +sin P cos T cos p
. . . , (4.13)
= —sin Y cos p sin ¢ sin p cos P sin T
+cos Y cos T sin p  +cos P cos T cos p

—8in T SN p —8in T cos p coS T

Note that, both Equations (4.12) and (4.13) should result in the same rotation matrix.
Thus, using those equations, we can calculate the values of the tilt, 7, the pan, p and the
swing, 1 angles given w, ¢ and x [WDO0O0].

7 = cos *(ra3) = cos~'(cos w cos ) (4.14)

p = tan™? (ﬁ> = tan~! <Ln¢> (4.15)

—T39 sin w cos ¢

_1 (T13 _1 [ —cos w sin ¢ cos K+ sin w sin K
Y = tan™* (———) =tan™! : - - (4.16)
793 COS W §iN ¢ Sin K+ Sin w cos k
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The same idea can be used to calculate w, ¢ and & given 7, p and .

w = tan_l <:Z3_2_> — tan_l (M) (4 17)
733 cos T '
¢ = sin"(ry;) = sin"}(—sin T sin p) (4.18)

(4.19)

. — tan-) (—r21> — tgn-l (sin ) cos p — oS Y COS T sin p)

r11 cos P cos p+ sin Y cos T sin p

4.3.2 New Camera Location

The new translation vector T should be calculated with respect to the original position of
the camera. This includes re-rotating the camera through w, ¢ and « (or p, 7 and 1) before
applying translation. Thus, the translation vector T is given by:

12
T=-R| ¢, (4.20)
t
The details of each term of this vector are listed in Section B.2. Finally, the planar perspective
matrix can be estimated. The details of each term of this matrix are listed in Section B.3.

Once the planar perspective matrix, H,, has been computed, it can be used to:
1. display the perspective image of the ground plane; and

2. determine feature points that belong to the ground and those that belong to the obstacles.
This result will be used in the matching procedure presented in Chapter 5.

In order to display the perspective image of the ground plane, the intersection between that
plane and the plane at infinity; i.e., the line at infinity, must be detected. Moreover, inter-
polation is to be used to calculate the intensity of pixels of the result image. The next two
sections explain these steps.

4.4 Equation of the Line at Infinity

The line at infinity is the vanishing line of the plane represented by H,. Only the points below
this line must be considered when generating a perspective view of the plane. According
to Equations (2.61) through (2.64), the last row of H, represents the equation of the line at
infinity lo, = [l1,l,13)7 where I; = hg;,i € {1,2,3}. In other words, the equation of the
vanishing line given the homography matrix H, is:

ha1z + haoy + has =0 (4.21)
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Figure 4.6: Interpolation: 1. interpolate along rows 2. interpolate along columns.

4.5 Determining Intensity by Interpolation

The intensity of any point m = [z,y]7 in the final synthesized image can be calculated by

first determining the location in the input image as:

m' = | m) | =H,'m (4.22)

and then by interpolation, the intensity of m is calculated as Z (—nm;;, %:2) This can be done
3 3

using bilinear interpolation that consists of successively interpolating intensity values along

the two directions (see Figure 4.6 on Page 63) [Jai89:

1. Interpolate along rows:

T(2 1) ~T(13 1) (5 - %)
+Z([—L1 121) (5 - 153)) )
and
T(%.1281) =T (151120 (131 - )

AT (10, 1280) (2 - 1) .
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2. Interpolate along columns:

(358 =T (5 ) (1501 - 72) (4.25)
o7 (2 121) (2 - 125)

4.6 Experimental Results

Consider the image shown in Figure 4.7(a) on Page 65. If a camera is placed at the white dot
and oriented as indicated by the arrow. The parameters of the camera are the following. The
location of the camera is [250, 250, 100]7 in pixels where the origin is at the lower left corner
and the size of the image is 756 x 512 pixels. The orientation of the camera is set through
the angles 70°, 90° and 0° for the tilt, 7, the pan, p and the swing, ¢ (0°, —70° and —90° for
w, ¢ and k respectively). The focal length along both z and y directions is 200 pixels. It is
requested to generate the perspective view of that image as seen by a camera given the above

parameters.

Figure 4.7(b) on Page 65 shows the perspective image generated that should be seen by
that camera using the planar perspective matrix. Applying the planar perspective matrix,

we get:
0.00 —212.83 -16837
H, = | 106.42 —-249.02 —3839.5 (4.26)
0.00 -1.0 27.67

Note that, according to Section 4.4, the equation of the line at infinity is:
y = 27.67 (4.27)

Only points below this line should be considered (according to the sign of the last equation).

4.7 Obstacle Versus Ground Feature Detection

Many studies used planes in a variety of tasks. For example, in [VLO1], Vincent and Laganiere
used RANSAC (Random Sample Consensus) [FB81, RW00] scheme to detect planar homo-
graphies in an image pair. The goal of [CRZ99] was to make measurements of world planes
from their images and determine how inaccurate those measurement were. In [LO98], under
the assumption of planar ground, Lourakis et al. presented an algorithm to detect obstacles.
They used a set of corners matched between two views using cross correlation. Hence, the
homography of the ground can be estimated and warping of the first image is performed with
respect to the second. Then, subtraction is performed between the first and the warped image
to detect obstacles.
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(a)

Line at infinity

(b)

Figure 4.7: {a) The top view. The position of the camera is indicated by the white circle. On a 756 x 512
image, the position is [250,250,100]T in pixels where the origin is at the lower left corner. The tilt angle, T
is 70°. The pan, p is 90°. The swing, v is 0°. (0°, —70° and —90° for w, ¢ and & respectively.) The focal
length along both = and y directions is 200. (b) The perspective view generated using the planar perspective

matrix.



CHAPTER 4. THE PLANAR PERSPECTIVE MATRIX 66

In our case, we will exploit the assumption that the ground surface is planar to identify
feature points (detected using JUDOCA operator discussed in Chapter 3) that belong to this
plane to facilitate the matching problem discussed in Chapter 5. In order to reach that goal,
we propose to use the planar perspective matrix discussed above to filter the obstacle feature
points from the scene. In other words, we consider excluding features detected on the ground
plane of the scene under consideration or we want to distinguish between two junctions sets;
one that belongs to the ground and the other that belongs to obstacles. The two sets are
complement to each other and their union represents the universal set; i.e., junctions detected
by JUDOCA operator. We can summarize the steps of our algorithm to detect the features
that belong to the ground plane as follows:

1. Roughly determine the homography of the ground plane between the two views using
the planar perspective matrix or the equation of the plane.

2. Detect junctions in both images using JUDOCA operator (Chapter 3).

3. Apply the homography matrix achieved to every junction in the left image so that another
corresponding point is obtained in the right image.

4. Use the error margins known for camera parameters to establish a window surrounding
that point.

5. Use normalized correlation technique and compute the height of the reconstructed point
in space to select the best candidate match included in this window.

6. Repeat the last three steps to the right-left direction in another phase.

7. Approve matches that are agreed upon in both phases. Those matches are likely to
belong to the ground plane and should be excluded from the matching process discussed
in Chapter 5.

8. Use the matches and RANSAC scheme to obtain a more accurate homography matrix.

9. Use the updated version of the homography matrix to exclude the rest of the ground
features; i.e., those that are not part of matching pairs.

The following sections describe this procedure in more detail.

4.8 Obtaining the Inter-Image Planar Homography

4.8.1 Through the Planar Perspective Matrix

In case of a pair of images for which we have the camera parameters, the homography of the
ground plane between the two views can be calculated through the planar perspective matrix
discussed above. Suppose that a point M = [X,Y,0]T is projected as points m = [z,y]7 and
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m’ = [z’,y']T on both images. The relation between M and each of i and m’ can be written

as.

m = HM (4.28)
and

m' = H,M (4.29)
where

e H; and H, are the planar perspective matrices associated with both views; and
e M=[X,Y,1T

We can rewrite Equation (4.28) as:
M = H'm (4.30)

Substituting the value of M in Equation (4.29), we get:

m’ = HH'm (4.31)
If
H, = HoH7t (4.32)
then,
m’' =H,m (4.33)

where Hy is a 3 X 3 matrix describing the homography between the two plane images.

4.8.2 Through Ground Plane Equation

Another way to calculate the homography matrix, Hy, is by using the ground plane equation.
Suppose that the ground plane resides on the XY —plane of the world coordinate system.
Then, the equation of this plane, II;, can be expressed as:

Z=0 (4.34)
or |
0
I, — (1) (4.35)
0

If we placed the origin of the world coordinate system at the optical center of the first camera,
then the equation of the ground plane can be re-expressed as:

R/—l __R/—lT/

(4.36)
or 1

new new

nt = [NZ |dmw]T=[0010][

where
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e IT,., is the new equation of the plane;

o N, is the normal to the plane;

® d,., is the distance to the plane from the origin;
e R’ is the rotation of the second camera;

e T’ is the translation of the second camera; and

R/-—l __RI—]_TI
of 1

Then, in order to calculate the new rotation matrix and translation vector, the projection

] is the 4 x 4 matrix used to transform to the new coordinate system.

matrix, P/, must be expressed in accordance to the new coordinate system. This is done by
multiplying P’ to the right by the 4 x 4 transformation matrix mentioned above. That is to
transform P’ to a new projection matrix according to the new coordinate system. The new
projection matrix P, = A'[R],,|Th.,]. Thus, in order to get the new rotation matrix and

new new

translation vector, P’ should be multiplied to the left by A’~'. Thus:

new

R | Trew] = AP/ { R(;; _RI;T/ (4.37)
where
e R/ ., is the new rotation matrix of the second camera;
e T ., is the new translation vector of the second camera;
e A’ is the calibration matrix of the second camera; and
e P’ is the projection matrix of the second camera as listed in Section B.4.
Finally, the homography is calculated as done in Equation (2.68):

Hy = A |R., — ToeoNoew AT! (4.38)
Arew

Both Equations (4.32) and (4.38) must result in the same homography matrix. Once this
matrix is obtained, it becomes possible to reject feature points that are putatively on the
ground which will leave those on obstacles. In the next section, we will deploy this matrix in
order to facilitate the matching process in Chapter 5.

4.9 Ground Feature Detection

In order to identify the features on the ground, we start by applying the homography matrix,
H,, to a given candidate, m = [z,y]?, in the left image. This results in another point,
m’ = [z, y]T, in the right image.

m’ =Hm (4.39)
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Then, the candidate set is all junctions that are included in the region [z’ — &1,y — &2]T [z’ +
e3,7' +e4]T where g1, £, £3 and £4 are determined according to the error margins of the camera
parameters; i.e., TAX, £AY, £AZ, +Aw, £A¢ and +Ak. As depicted in Figure 4.8 on
Page 71, each parameter error margin contributes to a window by itself. The final window
corners are determined according to the minimum and the maximum coordinates among
all windows. Thus, a candidate junction can be expressed as m’ + t;, where t,. = [a,b]7,
a €2/ —eg1,2" +e3) and b € [y’ — €2,y +&4]. A window of a predefined size surrounding each
junction in the left image is established. The homography matrix calculated above and the
the translation vector, t;,., are used to determine an area in the other image that corresponds
to the previous window. Normalized correlation technique is applied between those areas.
According to some threshold, junctions with low correlation values are rejected. This is to
check:

N

z . [,

3 [@latmytn) LT (kT +t1) —Z- (/T +t])]
N
’m,n:—-2-

7 7 21
\l > [Il($+M,y+n)—Il(z,y)]2\' Yo KT +0) T (' T+t]))2

m,n:—%’-

(4.40)
mn=—4

where

o (N +1)? is the area correlated in the left image;

o 1 = [z,y]7 is the left point;

e m'=Hm=H,z,y,1]T;

e m’ + t;, is the right point;

e 7,(z,y) is the mean of the neighborhood surrounding [z, y]7;

o k=Hz +m,y+n,17;

. m is the mean of the neighborhood surrounding m’ 4+ t;.; and

e t, is a threshold.

If (4.40) results in a true condition, then there is a good chance that [z, y]” and ' + t,, are
a match pair. The steps applied above to the left-right direction is repeated again for the
opposite direction. Pairs that survived the above operations are searched for possible matches
according to the height of the reconstructed 3D point in space. This is by calculating:

. X ‘r AT VR Y k)
K|y | = (B- MG+ I MM (4.41)
7 C+ €' = [CTM M, — [CTML ML)

where
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° M, C, o4 , M, and Mgo are the inhomogeneous representation of the point in space, the
optical centers and the intersection of the rays with the plane at infinity respectively;

e I is a 3 x 3 identity matrix; and
e M,, and M’ are normalized to unit magnitude.

Now, we check if:
—thn < Z <ty (4.42)

where
e Z is the third term in M; and
e 1; is a threshold that represents a narrow range around zero.

If (4.42) results in a true condition, then the pair is a possible match. Those matches are
likely to belong to the ground and should be excluded from further matching steps (discussed
in Chapter 5). Notice that applying correlation using the homography matrix without trian-
gulating the pair; i.e, without checking the height of the reconstructed point in space, might
be enough procedure in case of real matches (as the height in this case will be around zero).
However, recall that at this point, the homography matrix is not accurate and we are search-
ing for a candidate among a few within some area. Correlation may lead to mismatch in the
occluded areas. In this case, triangulation will probably lead to a height that exceeds %tj,.

At this point, we may end up with many feature points that do belong to the ground plane
but, at the same time, are not part of matching pairs. In order to exclude those feature
points, we use RANSAC scheme [FB81, RW00, VL01] with the matching pairs that belong to
the ground plane. This step results in an updated version of the ground plane homography
matrix, Hy. The idea can be summarized as follows:

1. A homography matrix is computed using the relation:
m' xHm=20 (4.43)

Four correspondences which contribute to 8 linear equations are sufficient to determine
H. Thus, randomly select four putative correspondences from the above list.

2. Check if the other pairs in the list agree with the matrix computed above. That is to
check:
d(H;m, m') < ty (4.44)

where

e d() represents the distance between the points Hm and m'; and

e 1y is a threshold,
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m=[x,y]" T -
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Left image Right image

L Window created by an etror margin of one parameter.

Hg  The homography matrix of the ground where Aw = 0
Hg1, 2 The homography mattix of the ground whete Aw = *d (470)

Figure 4.8: A window is created by an error margin of one parameter. Two values of the error margin result
in two different points. The window enclosing the minimum rectangular area that contains the two points is
considered for this parameter. w angle is used as an example.

If (4.44) results in a true condition, then the pair (mh, m’) agrees with the matrix H,.

3. Repeat the last two steps until a sufficient number of pairs are consistent with the
computed homography [VLO1].

Normalized correlation represented in (4.40) is re-applied again with the updated version of
the homography matrix, H,, where t = [0, 0]7, to the other left and right junctions that do
not represent ground matching pairs. For a given junction, if this test, (4.40), results in a
true condition, then this junction belongs to the ground plane.

4.10 Experimental Results

The above technique is applied to a pair of images shown in Figure 4.9 on Page 72 where the
locations of junctions detected by JUDOCA are displayed as dotted white squares. The error
margins are =10 mm, 10 mm, +10 mm, £0.8°, +:0.8° and £0.8° for AX, AY, AZ, Aw,
A¢ and Ak respectively.

Figures 4.9(c) and (d) on Page 72 show two windows of size 11 x 11 pixels surrounding
corresponding junctions that belong to the ground plane. Those junctions are enclosed in the
circles shown in Figures 4.9(a) and (b). By using the technique explained above; i.e., through
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() (f)

Figure 4.9: The points marked with the dotted white squares are the candidate points as detected by JUDOCA
operator. The parameters used are ¢ = 1.2, tg = 5, A = 13 and s; = 045. (a) Left image. (b) Right image.
(c) An 11 x 11 window in the left image. (d) An 11 x 11 window in the right image. (e) The area correlated to
the window (¢) after transforming using the homography matrix of the ground plane from the left image to the
right image and applying the translation vector t;.1; i.e., the intensity is supplied from the right image. The
correlation value is 0.85. (f) The area correlated to the window (d) after transforming using the homography
matrix of the ground plane from the right image to the left image and applying the translation vector t,;;
i.e., the intensity is supplied from the left image. The correlation value is 0.79. Images in the bottom rows
are magnified 10 times.
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Hy, ti and t,,, we could get the windows transformed as shown in Figures 4.9(e) and (f) for
both direction with correlation values of 0.85 and 0.79. In this case, the translation vectors,
tl'r = [1, —1]T and t'rl = [3, O]T.

The results of detecting ground features are shown in Figures 4.10(a) and (b) on Page 74.
The normalized correlation threshold used, t,, is 0.7, the window size is 21 x 21 pixels and
the threshold #;, is 20.0 mm. Through a threshold ¢y =1.0, RANSAC is applied to the match
set and enhanced homography matrix is obtained. Using this matrix and a threshold, ¢, of
0.8, the remaining feature points potentially belonging to the obstacles are obtained. These
are shown in Figures 4.10(c) and (d) on Page 74. Among these features, some are on the
floor, which correspond to the parts of the ground plane occluded in one image. Also, the
features on the floor at the edges of the obstacles have not been identified as ground features
because correlation failed due to the dissimilarity of the neighborhood. Finally, note that
other ground features remain; these ones are false junctions corresponding to the reflection
of light on the floor. These will be discarded by the subsequent steps of our system described
in the following chapters.

Another pair of wide baseline images is shown in Figure 4.11 on Page 75 where the locations
of junctions detected by JUDOCA operator appear as dotted white squares. As in the last
example, the error margins are £10 mm, 10 mm, £10 mm, +0.8°, £0.8° and +0.8° for A X,
AY, AZ, Aw, A¢ and Ak respectively.

In order to show the effects of the correlation window size as well as the correlation thresh-
old, Table 4.1 on Page 75 lists the total number of matches accepted by the algorithm (i.e.,
considered ground features), the number of correct matches and the percentage of correct
matches for a variety of window sizes and correlation thresholds. This table shows that the
larger the size of the correlation window, the better the results. Also, larger correlation values
tend to provide better results. The behavior of the percentage of the correct matches is shown
in Figure 4.12 on Page 76.

Let us consider the case where the correlation window size is 21 x 21 and the correlation
threshold is 0.55. Applying the above algorithm, Figures 4.13(a) and (b) on Page 78 show
the features that represent match pairs and should be excluded from the matching process.
The source of the few errors is due to the similarity in the vicinities of the mismatch pair. For
example, refer to the mismatch circled in Figure 4.13(a). Using the homography matrix as
well as the translation vector lead to correlation patches shown in Figures 4.13(e) through (h).
Those patches are similar which, in turn, results in a high correlation value and consequently
causes the features to be picked up as ground points. Figures 4.13(c) and (d) on Page 78
show the candidate features to be used as an input to the matching process. Using a window
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Figure 4.10: (a) and (b) Features detected through homography and the camera parameter error margins.
The features are indicated with dotted white squares. Those features should be excluded from the obstacle
matching process since they have been identified to lie on the ground. (¢) and (d) Candidates for the obstacle
matching process. The thresholds are as follows: t, = 0.7 and 0.8, {;,=20.0 and t3=1.0.
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Figure 4.11: The locations of junctions detected by JUDOCA operator. The parameters used to detect

junctions are 0 = 1.2, tg =8, A =10 and s; = 0.5. (a) Left image. (b) Right image.

Window | t, Total | Number % Window | ¢, Total | Number %
size number | correct | correct size number | correct | correct
11 x 11 | 0.50 65 49 75.4 19 x 19 | 0.50 53 50 94.3
11 x 11 | 0.55 58 47 81.0 19 x 19 | 0.55 51 49 96.1
11 x 11 | 0.60 51 43 84.3 19 x 19 | 0.60 44 42 95.5
11 x 11 | 0.65 47 40 85.1 19 x 19 | 0.65 43 42 97.7
11 x 11 | 0.70 34 29 85.3 19 x 19 | 0.70 34 33 97.1
13 x 13 | 0.50 58 47 81.0 21 x 21 | 0.50 54 51 944
13 x 13 | 0.55 55 46 83.6 21 x 21 | 0.55 52 50 96.2
13 x 13 | 0.60 51 44 93.6 21 x 21 | 0.60 47 45 95.7
13 x 13 | 0.65 45 40 88.9 21 x 21 | 0.65 40 38 95.0
13 x 13 | 0.70 39 35 89.7 21 x 21 | 0.70 30 30 100.0
15 x 15 | 0.50 57 47 82.5 23 x 23 | 0.50 56 53 94.6
15 x 15 | 0.55 53 46 86.8 23 x 23 | 0.55 52 50 96.2
15 x 15 | 0.60 48 44 91.7 23 x 23 | 0.60 50 49 98.0
15 x 15 | 0.65 46 43 93.5 23 x 23 | 0.65 39 39 100.0
15 x 15 | 0.70 37 34 91.9 23 x 23 | 0.70 34 34 100.0
17 x 17 | 0.50 57 50 87.7 25 x 25 | 0.50 56 53 89.3
17 x 17 | 0.55 48 46 93.8 25 x 25 | 0.55 52 46 88.7
17 x 17 | 0.60 46 43 93.5 25 x 25 | 0.60 46 43 93.5
17 x 17 | 0.65 44 41 93.2 25 x 25 | 0.65 39 38 97.4
17 x 17 | 0.70 35 32 91.4 25 x 25 | 0.70 32 32 100.0

Table 4.1: The effect of the correlation window size and the correlation threshold, ¢4, on the overall results of

detecting ground features. The threshold, ¢, used is 20.0.
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% Cotrect Matches

Figure 4.12: The behavior of the percentages of correct matches through different correlation window sizes
and correlation thresholds.
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size of 25 x 25 and a correlation threshold of,t,, 0.70 results in avoiding the above errors
as shown in Figure 4.14 on Page 79. Further processing of these results using the updated
homography matrix, with thresholds, ¢,, of 0.7, tx, of 20.0 and ty, of 6.0, lets us detect other
ground features that are not part of match pairs. (The maximum distance recorded for ¢ in
this example was 3.2 pixels.) This is shown in Figure 4.15 on Page 80. Notice that ground
features in occluded areas are still present in Figures 4.15(c) and (d).

Note that our goal at this step is not to detect all features on the ground plane but to
exclude those possible matches on that plane. This means that ground features may still be
present after this step with the majority of correspondences on the ground plane excluded.
Although this objective may have been fulfilled prior to using the updated homography matrix
since possible ground matches already have been detected, using this version of the matrix
helps exclude more ground features. This, in turn, facilitates the coming matching process.
In other words, this relieves some of the pressure off the next step.

One last point to demonstrate the usefulness of triangulation that triggers the threshold,
ty, can be mentioned where occlusion may happen. Consider the case shown in Figure 4.16
on Page 81 where correlation is applied to choose a possible match in the right image for the
point marked in the left image. Abandoning the triangulation step and the threshold, t,
causes Point “1” to be picked up as a potential match that belongs to the ground surface.
Triangulation estimates the corresponding point in space to be 29.52 mm above the ground
plane: We minimized this height in the vicinity of Point “1” by applying triangulation. We
found that Point “2” produces a space point that is closer to the ground than that of Point
“1” with a height of -0.1 mm. Hence, Point “2” could be a real match; however, it is occluded
and could have never been picked up if triangulation was not applied causing Point “1” to be
chosen instead, which results in a mismatch.

4.11 Parameters and Thresholds

There are several parameters and thresholds manipulated in this chapter. The parameters
required to calculate the planar perspective matrix to display the perspective view of the
ground plane are the intrinsic and extrinsic parameters of the virtual camera.

In order to estimate the inter-image homography, the planar perspective matrix may be
used. In this case, to estimate the matrix, the parameters of the cameras detected by the
sensors are to be used. The error margins of the extrinsic parameters are used at this stage
to identify a search range for possible match candidates.
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Figure 4.13: Using a window size of 21 x 21. (a) and (b) Ground features that represent match pairs. (c)
and (d) The complement sets to (a) and (b). (e) A 21 x 21 window in the left image. (f) A 21 x 21 window
in the right image. (g) The area correlated to the window (e) after transforming. (h) The area correlated to

the window (f) after transforming. Images in the bottom rows are magnified 5 times.
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Figure 4.14: Using a window size of 25 x 25. Larger values for the correlation window size and the threshold
avoid errors happened while detecting the ground features. (a) and (b) Ground match pairs that should be
excluded from the matching process. (¢) and (d) Candidates for the obstacle matching process.
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Figure 4.15: Using the updated homography matrix with a window size of 25 x 25 enhances the results. (a)
and (b) Features that should be excluded from the matching process. (c) and (d) Candidates for the obstacle
matching process. Notice that feature points in occluded areas still present in (c) and (d).
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Figure 4.16: The effect of the triangulation at the ground feature detection phase.

In addition to the above-mentioned parameters, there is another parameter that plays
an important role in identifying match pairs on the ground plane. This is the size of the
correlation window. We showed by experiments that the larger the window the better the
results in terms of the percentage of correct matches. Another threshold that plays another
important role is the threshold, ¢,. This threshold represents a VNC correlation, which has a
legitimate range [-1.0, 1.0} with -1.0 represents the worst case and 1.0 represents the perfect
case. From our experiments, we can see that using a window size of > 20 pixels with ¢, set
to around 0.7 gives very good results.

The last two thresholds mentioned in this chapter are ¢, and ty. The threshold ¢, provides
more restriction on the height of the point than that provided by the values of the error
margins. In some mismatch cases, this threshold will be able to identify them. The last
threshold ty is used with RANSAC to represent the deviation from the potential location of
the corresponding point. Finally, Sections A.1 and A.3 summarize the role of each of the
above-mentioned parameters and thresholds.

4.12 Summary

The preceding chapter enclosed two related parts. The first part detailed the derivation of the
planar perspective matrix. It began by a geometrical analysis of the relationships among the
different coordinate systems under consideration utilizing materials from Chapter 2. Then,
it went through computing the complete planar perspective matrix. This matrix will be used
in Chapters 6 and 7 to generate the perspective view of the ground plane of the surrounding
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environment.

In the other part of this chapter, we proposed an approach to identify the feature points,
detected through the JUDOCA operator proposed in Chapter 3, on the ground surface of the
scene under consideration. As a guide, we used a roughly calculated homography using the
planar perspective matrix. (Alternatively, the equation of the ground plane may be used.)
Through this homography and the error margins available for the camera parameters, a set
of putative corresponding junctions in one image could be obtained for each junction in the
other image. Applying normalized correlation technique along with calculating the height of
the feature point in 3D space could determine the best matches. Those matches were likely
to belong to the ground plane. At that point, we used the match set belonging to the ground
plane with RANSAC scheme to update the homography of the ground. Hence, more feature
points that belong to the ground but do not constitute match pairs could be detected. These
features should be excluded from further processing carried out in Chapter 5.

Finally, we can summarize our contributions this chapter in the derivation of the planar
perspective matrix through different rotation systems [ELO03] and identifying a match set
that belongs to the ground plane [Eli04]. The later contribution represents a special case of
the homographic correlation we will present in the next chapter where we will introduce an
approach to identify a match set on arbitrary planes.



Chapter 5

Wide Baseline Matching of Obstacle

Features

The matching problem deals with finding point correspondences among different views of a
scene. This is an important step towards 3D modeling. A reliable matching algorithm results
in a good 3D estimation of object structures. In this chapter, we explore different formulations
of the correspondence or matching problem and we present the algorithm that we developed
to achieve correspondences in the context of obstacle localization. This algorithm uses, as
its input, the junctions detected by JUDOCA method (described in Chapter 3) excluding
those that were detected in Chapter 4 as part of the ground plane. The objective is to match
feature points that belong to the obstacles of the scene in order to localize them. The result
of this matching phase is therefore a match set that is located on obstacles’ surfaces.

5.1 Point Correspondence Problem

The feature matching, or point correspondence problem has many formulations. Matching
techniques developed can be divided into two main categories. These are:

1. area-based matching; and
2. feature-based matching.

In the first category, the techniques developed take advantage of the similarity in intensity
between neighborhoods of corresponding points in both images. In the other category, images
are preprocessed to detect features (e.g., corners, edges). The search is to be performed among
these features. This category has two main advantages over the previous:

1. It is more flexible to surface discontinuities; e.g., the effect of occlusion might not be as
severe as the first category; and

83
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2. As the search is to be done on a small number of pixels, it is computationally less
expensive.

A combination of the two categories is possible where the images are preprocessed for de-
tecting features and correlation techniques are applied to the neighborhoods of those features.
This is what we are doing in this chapter.

Also, one can split the matching techniques into two main streams according to the length
of the camera baseline with respect to the viewed volume. These streams are:

1. short baseline matching; and

2. wide baseline, or sparse view matching.

Furthermore, we can split each of them into calibrated and uncalibrated cases according to
whether or not the epipolar geometry is known.

5.1.1 Short Baseline Matching

This is the category for which the cameras are close to each other with respect to the viewed
scene. In this case, small changes in intensity values between corresponding points in different
views are expected. This results in similarity among the neighborhoods of the corresponding
points, which facilitates the identification of those correspondences. In the calibrated case,
the fundamental matrix is known and can therefore be used to guide the matching process.
Thus, given a point in one image, the corresponding point in the second image lies on the
corresponding epipolar line in the second image. The neighborhood of each candidate pair
are then compared to determine the acceptable matches. A simple correlation measure can
be obtained by computing the sum of the absolute pixel differences (SAD) inside a window.
That is [LL96]:

wlz

Ci(z,y;1,) = Y. |Tlz+my+n)—L(i+m,j+n)| (5.1)
m,n:—%
Then the best match would be the one that minimizes this similarity measure. Other functions
can be used such as the variance normalized correlation (VNC) that is more robust to changes
in lighting condition between views:

N
S tmytn) - BEDI )G
Cale 54, 4) = 2 7 (62)
> Ge+mytn)-LEyR,| Y Tmgtn)-I.@5)?
mo= g
where Z;(z,y) and Z,(i, j) are the mean values of the neighborhoods surrounding [z,y]" and

[i, /]* respectively. Many researchers investigated this case; e.g., [Fal94, Fau96.
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Variable block size and multiresolution techniques can be used [AN95, DTS94, Zie92]. Also,
to deal with perspective deformations, linear transformations can be used [LAC93, SG92,
RBYL93].

Since in the uncalibrated case, the camera parameters are not known, the search for match-
ing points is done in a local neighborhood surrounding the original position resulting in
a short disparity vector [DZLF94]. The RANSAC scheme (Random Sample Consensus)
[FB81, RWOO] is often used, in this context, to obtain an estimate for the fundamental matrix,
F, from putative matches. Armed with this estimated fundamental matrix, guided matching
can be applied as in the calibrated case [Fis97c].

5.1.2 Wide Baseline Matching

Here, the baseline between the cameras is significantly wide with respect to the viewed scene.
This is a more difficult case than the previous one, since the neighborhoods of any corre-
sponding two pixels are likely to be different because more important perspective deforma-
tions generally exist. In addition, occlusion becomes a significant problem in this case. This
makes the images involved in the process substantially different.

Measures of invariance are needed to overcome this difficulty. Perspective deformation
can be accurately estimated by a 3 x 3 homography matrix (Section 2.3.5) relating two
homogeneous feature points if local planarity exists around those corresponding points. This
matrix has 8 degrees of freedom (DOF) assuming that it is defined up to a scale factor.
Usually, four corresponding pairs are needed to define a homography matrix. In [PZ98],
Pritchett and Zisserman performed edge detection, linking and line fitting on both images.
This is followed by line grouping with the constraint of parallelism and length equality to
obtain parallelograms. Once the parallelograms have been grouped, they are matched pairwise
between the images. This is done by computing the projective homography matrices from
the four line correspondences and cross-correlating the regions. Another novel approach to
compute the projective homography in order to achieve good matching algorithm is presented
later in this chapter.

Because of that number of DOF’s, it might be difficult to estimate the relation between every
corresponding pair of planar patches. Thus, approximations to homographic transformation
are often used [VLROO]. One such approximation is the affine homography that has 6 degrees
of freedom and relating two inhomogeneous feature points. Examples of affine invariance
measure techniques can be found in [TGDK99, TGO01].
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Figure 5.1: Stable marriage problem is related to point correspondence problem.

As in the case of short baseline, two categories exist; calibrated and uncalibrated wide
baseline. In this chapter, we will consider the calibrated case. Indeed, in our case, the
intrinsic camera parameters are known approximately and the pose difference between two
consecutive viewpoints of the camera; i.e., the extrinsic parameters, is significant. In the
case of uncalibrated wide baseline, the epipolar geometry is to be determined as a result of
achieving point correspondence [Bau00]. Once the epipolar geometry is known, the search for
further correspondences can be greatly facilitated.

5.2 Wide Baseline Matching of Obstacle Features

We may turn the problem of point matching across widely separated views into a stable
marriage problem. In its formal definition, stable marriage problem states that, given two
groups of the same number of men and women, and each member has expressed his/her
ranking for the members in the opposite group, it is required to find a matching between
both groups such that the marriages are stable. A marriage between a man m; and a woman
w; is said to be stable if:

e whenever m; prefers another woman w; to w;, w; prefers her husband m; to m;; and
e whenever w; prefers another man m; to m;, m; prefers his wife w; to w;.

However, in our case, where the members of both groups are junctions detected in both
images, we may have some assumptions:

o In general, the number of junctions is not the same in both groups.
e Also, generally, a member in one group does not provide a full ranking set. As consequences:

o some members may end up with no matching at all (e.g., r,—; in Figure 5.1);

o others may not have a mutual acceptance (e.g., l,, and r3 in Figure 5.1).

both cases cannot be considered as perfect matches and should be rejected.
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200 900 800

Figure 5.2: An example of stable marriage: vl will be the accepted marriage even if [yr has a higher cost.

To achieve a stable marriage junction matching, we used the following algorithm [Eli04]:

1.

2.

Detect a set of junctions in each image using the method described in Chapter 3.

Filter out those that belong to the ground plane using the method described in Chapter
4.

Calculate the fundamental matrix using the known approximate values for the camera
parameters, following the equations given in Section 5.2.1.

Based on the estimated epipolar geometry and on the error margins of the camera pa-
rameters, determine the search area for matching. This is explained in Section 5.2.2.

Match each junction of the first image to the junctions, in the other image, lying inside
the identified search area. The similarity between two junctions will be measured using
homographic correlation as described in Section 5.3.

. According to the stable marriage principle, the valid matches will be the ones having a

mutual acceptance. For example, refer to Figure 5.2 on Page 87. Although the cost of
the link ;7 is considerably lower than that of l;r, but according to the stable marriage
problem definition, r should not prefer I, to 5.

. Using the thus obtained match set, iteratively refine the fundamental matrix F using the

procedure described in Section 5.5.

5.2.1 Fundamental Matrix Calculation Using Camera Parameters

There are many ways to calculate the fundamental matrix, F. All are equivalent and must

lead to the same matrix. We may start by calculating a projection matrix; e.g., P/, using

Equation (2.8). Hence assuming that the camera calibration matrices are identical for both

view; i.e., A = A, we have:

P’ = AP.D' (5.3)
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Refer to Section B.4 for the details of each term. This is followed by calculating an epipole;
e.g., €, using Equation (2.29). That is:

e€=|¢e | =PC (5.4)

According to Equation (2.34), the last row of P* is 0, then:
P'PT = [AR'][AR]™} (5.5)
(Refer to Section B.5 for details of each term of AR (or equivalently AR'.) Equation (2.35)
states that:
F = [¢/]«P'PT (5.6)
Substituting the value of P'PT from Equation (5.5) in Equation (5.6), we get:
F = [¢/]«[AR'][AR] ! (5.7)

which represents the fundamental matrix that we may use in the upcoming matching process.

5.2.2 The Epipolar Line

Given one point, m, in an image, we can determine the equation of the corresponding epipolar
line in the other image using Equation (2.36). That is:

I'=Fm (5.8)

Notice that, theoretically, the corresponding point must lie on the epipolar line, I'. However,
due to the inaccuracy in camera parameters, the corresponding points are most likely to lie
above or below this line in a strip whose shape may be determined through the error margins

of the camera parameters; i.e., +AX, £AY, £AZ, +Aw, £A¢ and £Ak. Thus, this strip
should be considered as a range in our search for a suitable corresponding point.

In order to express the edges of this strip with respect to the location of the epipolar line,
' in Equation (5.8), we determine the points of intersections between this epipolar line, 1,
and both left and right borders of the image, 1; and 1., where:

1
L=1|0 (5.9)
0
and
1
1, = 0 (5.10)
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Figure 5.3: A strip is considered as a search range.

where w is the image width. Thus, these points are m; and m, and can be expressed as:

and

m,

where X denotes the cross product.
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(5.11)

(5.12)

Each parameter error margin contributes to a strip by itself. The four end points of each

strip with the vertical lines, [1,0,0]7 and [1,0, —w|T are detected. The minimum and maxi-

mum coordinates with those vertical lines are detected among all candidates. This results in

four points along the lines m; and m,, mentioned in Equations (5.11) and (5.12), at distances

€1, €2, €3 and g4 from the epipolar line, I, mentioned in Equation (5.8). See Figure 5.3 on

Page 89. Then, the two lines, I/, and I}, representing the edges of this strip can be expressed

as:
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(5.13)

(5.14)

where €1, €9, €3 and &4 are the vertical distances from the epipolar line given by Equation

(5.8). The previous derived equations are based on the fact that the lines both 1, and 1, are
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Figure 5.4: Two points selected in each image and their corresponding epipolar strips in the other image are
shown. A strip is shaped according to the error margins of the camera parameters. The error margins are
410 mm, +10 mm, +10 mm, +0.8°, £0.8° and £0.8° for AX, AY, AZ, Aw, A¢ and Ak respectively.

passing through [24 ™2 — )T and [ M2 — g)7 and [2L 22 4 |7 and [Bed a2 4 g )T

myg ) g M3’ M3 mg’ myg mrg ) Mr3
respectively. Refer to Section C.1 for more explanation. Thus, to decide if a pixel m’ = [i, j]7
is included in this strip, the values:
1"m (5.15)
and
1'm (5.16)

must have different signs.

5.3 Matching Through Plane Homography

In order to match two junctions, regular correlation measure could be used. However, because
of the important difference in the points of view of wide baseline images used here, this kind of
approach is likely to fail. We, therefore, propose to transform the corresponding neighborhood
prior to applying correlation according to a homography computed from the junction features.
Indeed, assuming obstacles made of locally planar patches, every two corresponding 2-edge 2D
junctions form a planar 3D junction in space; i.e., where two 3D lines intersect at a common
point. Using the equation of the junction plane, the homography matrix relating the images
of this plane can be calculated. Through the homography matrix, we can transform the plane
of a given junction from one image to the other image and perform a correlation operation
to check if matching happens. We will explain this idea in more detail throughout the rest of
this section.
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Figure 5.5: Every 3D line is the intersection of two planes formed by the optical centers and the projections

of the line onto both images.

5.3.1 Line Reconstruction

As depicted in Figure 5.5 on Page 91, any 3D line, Ly, is the intersection of two planes formed
by the optical centers and the projections of the line, 1; and 1}, onto both views. These planes
are given by [HZO00]:

IT; = P7, (5.17)

and
1, = P71, (5.18)

where P and P’ are the projection matrices computed through the available camera parameters.

Suppose that the JUDOCA junction detector (discussed in Chapter 3) results in a pair of
junctions at [x,y]7 and [¢’,y']T with corresponding edges, 1; and 1}, whose inclination angles

are gy and pj. Then, according to Equation (C.5), the equations of the lines in both images
are given by:

tan (1)
L = -1 (5.19)
y — tan(m)z
and
tan (1)
= -1 (5.20)

y' — tan(py)z’
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Hence, according to Equation (2.4), the line in 3D space can be expressed as a 2 x 4 matrix,
Lll
17p
h:[l } (5.21)

lllTP/

5.3.2 Plane Reconstruction

Suppose that the lines L; = [IFP, 1 P/|T and L, = [1IIP, I P'|T form a 3D junction. According
to Equation (5.21), the equations of these lines are given by:

e ]
LM=| L |M=0 (5.22)
17,
and - _
1ZP
LM=| > " |M=0 (5.23)
17'p,

where M is the location of the junction in 3D space. Equations (5.22) and (5.23) can be
rewritten as:

| NT|d,
M=0 5.24
| N7, | 524
and _ -
N7 |d,
M=0 5.25
| N7l | (529
where

e N; and N}, i € {1,2}, are 3D vectors representing the normals to the planes II; and IT};
and

e d; and d}, i€ {1,2}, are the distances to the planes II; and II} from the origin.

Any two lines that intersect at a point in space form a plane. As a consequence, the lines
L; and Ly form a plane in space. The normal to this plane can be calculated as follows:

N = (N; x N7) x (Np x N}) (5.26)
where
e x denotes the cross product; and
o N should be normalized to unit magnitude.

Finally, the distance from the origin to the plane is calculated from the dot product of N and
the 3D point representing the location of the junction (i.e., the intersection between L; and
Ly). That is,

d=—-N.M (5.27)
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Hence, according to Equation (2.77), the 3D point, M, can be calculated as:

~

M = ([T — M MZ] + [T - M;Mg])‘l (€ + ¢ — [CTMo My, — [CTM ML) (5.28)
where

e M, C, C', M, and M;Q are the inhomogeneous representation of the point in space, the
optical centers and the intersection of the rays with the plane at infinity respectively;

e I is a3 x 3 identity matrix; and
e M, and M/ are normalized to unit magnitude.

Thus, the equation of the junction plane is given by:

N ] (5.29)

II=
d

5.3.3 Plane Homography Correlation

Considering the local planar patches formed by two edges of every junction, we propose
to use the homography transformation of the plane to perform the matching. Correlation
techniques are performed between the warped image and the other image. This measure
is invariant to projective transformation and hence is suitable for wide baseline matching
where the neighborhoods of the corresponding feature points might vary considerably; e.g.,
see Figure 5.6 on Page 95.

Given the equation of the plane (Section 5.3.2), Equation (2.68) can be used to compute
the plane homography. That is:

(5.30)

/|: TNT} -1
H=A|R - A

d
However, this equation assumes that the world origin is at the first camera where P = A[I|0]
or, in other words, measurements are considered in the first camera coordinate system. Thus,
we have to change our equations accordingly. According to Equation (2.27), this can be done
through a 4 X 4 transformation matrix that transforms an object through a rotation matrix
R’ and a translation vector T'. Thus, the new equation of the plane can be obtained as:

T
N R/——]_ _RI—ITI
Mpew = | )™ | = |II7 5.31
l dnew Og' 1 :Ijl ( )
Similarly, the new rotation matrix and the new translation vector can be calculated as:

R/—-l _R/—lTI

R Trew =A7P | 1 (5.32)
03 1
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Then, by substituting the values of Nyew, dnew, Rnew and The, from Equations (5.31) and
(5.32) instead of N, d, R and T respectively in Equation (5.30), the homography can be
calculated as:
T, NT
H= A/ |:Rl _ new new] A—l

new d (5.33)
For example, the homography is calculated between the areas enclosed in the white squares
of Figures 5.6(a) and (b) on Page 95 using the junctions at the centers of the squares. These
areas are transformed using the homography matrix (and its inverse). Interpolation (discussed
in Section 4.5) is used to calculate the intensity values of the established patch. The results

are shown in Figures 5.6(e) and (f).

Now, through homographic SAD correlation, the neighborhoods of the two junctions can
be correlated. This is by checking:

N

2 .
>, |Tlz+my+n) - L&) < tsap (5.34)

mn=—=
) 2
where
e N + 1 is the side length of the correlation window in pixels;
e k=H[z+m,y+n,1]7; and
® tgap is a threshold.

Then, the best choice is the one that results in a true condition with a minimum value among
all candidates. Homographic VNC correlation can also be used:

> [Gla+my+n)-Ti(@y)[Zr (k) ~Z (7))
myn=-— %

— m 2 tvne (5.35)
7z - X —_
$ > [Il(m+m,y+n)—lz(x,y)]2J Y L &D)-I(m'T))?

m,n:—!g— myn=— %"

where

o N +1 is the side length of the correlation window in pixels;

e m’' = Hm = H[z,y, 1]7;
e Z;(z,y) is the mean of the neighborhood surrounding [z, y]";

o k =Hz +m,y+n,1]7;

e 7,.(m’) is the mean of the neighborhood surrounding r’; and

e tync is a threshold.

Then, the best choice is the one that results in a true condition with a maximum value among
all candidates.
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() (f)

Figure 5.6: (a) and (b) The homography calculated is to be applied to the areas enclosed in the white square.
(c) Original left image. (d) Original right image. (e) The homography applied from the left image to the right
image. The intensity is fed from the right image. (f) The homography applied from the right image to the
left image. The intensity is fed from the left image. The correlation is applied between (c) and (e) images or

between (d) and (f) images. Images in the two bottom rows are magnified 4 times.
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Notice that the computational cost to perform SAD correlation varies from that of VNC
correlation. For example, if the correlation window side is N + 1, the different operations to
calculate the SAD case are as follows:

[ # operations ‘ Description

(N +1)? | Subtractions

(N +1)2 | Calculating the absolute value

(N +1)? | Additions to calculate the correlation

| 3(N + 1) | Total number of operations J

In the VNC case, the different operations to calculate the correlation are as follows:

[ # operations | Description |
2(N +1)? Additions to calculate the mean of the neighborhoods
(N +1)? Counting to calculate the mean of the neighborhoods
2 Division to calculate the mean of the neighborhoods
2(N +1)2 Subtractions to calculate the correlation
3(N +1)2+1 | Multiplications to calculate the correlation
3(N +1)? Additions to calculate the correlation

2 Calculating the square roots

1 Division to calculate the correlation
| 1(N+1)?+6 ‘ Total number of operations

It is obvious from the number of operations to be performed for SAD and VNC cases that
it is much simpler and computationally cheaper to calculate the SAD case. In the following
section, we will present some experimental results where both types of correlation mentioned
above will be applied to pairs of wide baseline images in order to test the performance achieved
by each of them.

5.4 Experimental Results

We applied our algorithm using junctions detected by the JUDOCA detector (Chapter 3)
to the pair of gray-scale images shown in Figure 5.7 on Page 97. The algorithm explained
in Section 4.9 was applied to that pair in order to exclude ground features. The candidate

feature points are shown in Figure 5.7 as dotted white squares.

The camera parameters are listed in Table 5.1 on Page 98; and the world origin is located
as shown in Figure 5.8 on Page 98 where the XY —plane coincides with the ground surface
and the Z-—axis is vertical. As a comparison, we applied the correlation techniques; non-
homographic SAD, homographic SAD and homographic VNC, mentioned in Equations (5.1),
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Figure 5.7: A pair of images shown in Figure 3.8 on Page 47. (a) Left image. (b) Right image. The dotted
white squares denote the locations of candidate junctions that are not detected as a part of the ground as
explained in Section 4.9. The parameters for JUDOCA operator are ¢ = 1.2, tg = 5, A = 13 and s; = 0.45.
We call these images the “box” pair.

(5.34) and (5.35) respectively. A window size of 21 x 21 pixels is used for all cases. The thresh-
old used for both non-homographic SAD and homographic SAD correlation cases, tsap, is
13000 (an average of 29.5 in intensity difference between every two corresponding pixels in the
correlated windows). The threshold used for homographic VNC, tync, is 0.75. Figures 5.9(a)
and (b) on Page 99 show the non-homographic SAD correlation results where each match is
represented by a line joining a given feature to the location of its corresponding feature in the
other view. Figures 5.9(c) and (d) show the results of homographic SAD correlation while
Figures 5.9(e) and (f) show the results of homographic VNC correlation. The percentage
of correct matches are 23.8%, 96.0% and 100.0% for non-homographic SAD, homographic
SAD and homographic VNC correlations respectively. It is obvious from the percentages of
correct matches that using the homographic version of SAD technique to correlate two areas
improves the outcome by a factor of more than 4 over that of non-homographic version. Using
homographic VNC correlation improves the result even better. The large difference between
the results of our homographic technique versus non-homographic version indicates that in
case of wide baseline matching, non-homographic SAD correlation techniques do not result
in a good outcome as expected because of the existence of perspective deformations. Figure
5.10 on Page 100 shows the behavior of the percentages of correct matches versus the number
of matches.

The cumulative histograms for non-homographic SAD correlation, homographic SAD cor-
relation and homographic VNC correlation are shown in Figures 5.11(a) and (b) on Page 101.
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Image ” X Y VA w l 1) K J
(a) -1535.2119 | 1720.8447 | 1693.2169 | -35.1616 | -46.7723 | -155.5747
(b) || -1694.5607 | -142.2461 | 1585.1900 | 25.0285 | -55.5578 | -47.0806

Table 5.1: The “box” pair: The parameters for each camera. The world origin is located as shown in Figure
5.8 on Page 98 where the Z —axis is vertical or perpendicular to the ground plane. The units are in millimeters
for X, Y, Z and in degrees for w, ¢ and . Each image is 640 x 480 pixels. The focal length is 4.3 mm. The
format size is 3.5311 x 2.7446 mm.

Figure 5.8: The “box” pair: The world coordinate system is shown where the world origin is located at a
corner of a paper on the ground surface and where the XY —plane coincides with the ground surface and the

Z —axis is vertical.
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Figure 5.9: The “box” pair: Matches accepted are indicated by the dotted white squares. The correlation
window size used is 21 x 21 pixels. Disparity vectors are shown in all images. (a) and (b) Non-homographic
SAD correlation where the threshold, tsap, used is 1300. (c) and (d) Homographic SAD correlation where
the threshold, ts54p, used is 13000. (e) and (f) Homographic VNC correlation where the threshold, tv ¢,
used is 0.75.
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Figure 5.10: The “box” pair: The behavior of the percentage of correct matches versus the number of matches.

These graphs show the total number of matches corresponding to different correlation values.
They are useful in determining the behavior of the number of matches versus different correla-
tion thresholds. For example, this could be used to determine a threshold for a given number
of matches to compare with another case with the same number of matches. Figure 5.11(a)
shows that the number of matches increases in case of homographic SAD correlation over the
non-homographic version for a given threshold, tgap, and at the same time the correlation
value decreases for a given number of matches. This indicates that the correlated patches
show more difference in the non-homographic case than the homographic case which, in turn,
indicates that homographic transformation enhances the correlation results. Moreover, Fig-
ure 5.11(b) that shows the case of homographic VNC correlation indicates good correlation
outcome as the descending gradual transition from -1.0 to 1.0 happens towards 1.0.

As a comparison, we added to each histogram the ideal case curve where the number of
correct matches is 100.0%; where there are no mismatches. It is clear from Figure 5.11(a) that
the real curve is closer to the ideal one in the homographic case than the non-homographic case
of SAD correlation. This indicates that our proposed homographic SAD approach outperforms
the non-homographic SAD correlation technique. Also, notice that the two curves representing
the real case and that of correct matches coincide with each other in case of the homographic
VNC correlation as shown in Figure 5.11(b) where the percentage of correct matches reaches
100.0% in this case.
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Figure 5.11: The “box” pair: (a) Homographic and non-homographic SAD correlation cumulative histograms.

(b) Homographic VNC correlation cumulative histogram.
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Figure 5.12: A pair of images shown in Figure 5.12 on Page 102. (a) Left image. (b) Right image. The
junctions that successfully passed the algorithm mentioned in Section 4.9 are shown as dotted white squares.
The parameters used to detect junctions are o = 1.2, tg = 8, A = 10 and s; = 0.5. We call these images the

“cubes” pair.
l Image “ X Y A w 1) K
(a) -114.7469 | 398.9921 | 355.3564 | -52.2783 | -17.0877 | 162.6817
(b) -206.6808 | 372.5378 | 351.6793 | -49.5184 | -27.0316 | -132.0044

Table 5.2: The “cubes” pair: The parameters for each camera. The world origin is located as shown in Figure
5.13 on Page 103. The Z—axis is vertical or perpendicular to the ground plane. The units are in millimeters
for X, Y, Z and in degrees for w, ¢ and k. Each image is 640 x 480 pixels. The focal length is 6.0 mm. The
format size is 3.5311 x 2.7446 mm.

Another example is shown in Figure 5.12 on Page 102 where a pair of wide baseline color
images is used. The junctions detected by the JUDOCA operator, shown in Figure 3.10 on
Page 49, were gone through the algorithm mentioned in Section 4.9. This results in two sets of
candidate junctions as it was shown in Figures 4.15(c) and (d). Those images are reproduced
here in Figure 5.12. The camera parameters for the “cubes” pair are shown in Table 5.2
on Page 102. The world origin is located as shown in Figure 5.13 on Page 103 where the
XY —plane coincides with the ground surface and the Z—axis is vertical.

As done in the previous example, and to compare between our approach and others, we ap-
plied the correlation techniques; non-homographic SAD, homographic SAD and homographic
VNC, mentioned in Equations (5.1), (5.34) and (5.35) respectively. In this case, three color
channels are used. The overall correlation result is computed as the average of the values cal-
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Figure 5.13: The “cubes” pair: The world origin is shown at the corner of a bottom cube where the XY —plane
coincides with the ground surface and the Z—axis is vertical.

culated through the above-mentioned equations for each channel separately. Using a window
size of 11 x 11 pixels for all cases, and correlation thresholds, tg4p and tyne, of 4000 for
non-homographic SAD, 2750 for homographic SAD and 0.75 for homographic VNC correla-
tion, the results are shown in Figure 5.14 on Page 104. The percentage of correct matches are
55.0%, 100.0% and 100.0% for non-homographic SAD, homographic SAD and homographic
VNC correlations respectively.

Figure 5.15 on Page 105 shows the overall performance for the non-homographic SAD, ho-
mographic SAD and homographic VNC. This graph shows that our proposed homographic
correlation approach outperforms the non-homographic SAD correlation technique. It im-
proves the outcome of the SAD correlation by a factor of 181.8%. This figure is yet another
example that in case of wide baseline matching, our plane homographic approach results in a
very good outcome that is preferred to the non-homographic SAD correlation technique.

The cumulative histograms for non-homographic SAD correlation, homographic SAD cor-
relation and homographic VNC correlation are shown in Figures 5.16(a) and (b) on Page
106. As expected, Figure 5.16(a) shows that non-homographic SAD version overestimates
the correlation value required to obtain a given number of matches. This can be explained
as correlated pixels are quite different in their intensity as changes in illumination and severe
perspective deformations result in large correlation value for the non-homographic SAD case.
Similarly, for a given correlation value, the number of matches accepted in case of homo-
graphic SAD correlation is much greater than in case of non-homographic counterpart. For
example, a threshold, tsap, of 2750 results in 19 matches in the homographic case (with suc-
cess rate of 100.0%) while it results in 2 matches in the non-homographic case (with success
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Figure 5.14: The “cubes” pair: Matches accepted are indicated by the dotted white squares. The correlation
window size used is 11 x 11 pixels. Disparity vectors are shown in all images. (a) and (b) Non-homographic
SAD correlation where the threshold, tsap, used is 4000. (c) and (d) Homographic SAD correlation where
the threshold, ts4p, used is 2750. (e) and (f) Homographic VNC correlation where the threshold, tv ¢, used
is 0.75.
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Figure 5.15: The “cubes” pair: The behavior of the percentage of correct matches versus the number of
matches. Notice that the correlation thresholds are selected so that the number of matches obtained are close
to each other.

rate of 50.0%). In both homographic cases (SAD and VNC) the real curve and the ideal curve
of correct matches coincide with each other where the percentage of correct matches reaches
100.0% in both cases.

In order to show the effect of the size of the correlation window and the correlation threshold
as well on the outcome, we tested their impact on the percentage of correct matches. The
results are listed in Table 5.3 on Page 107. Figure 5.17 on Page 107 shows the behavior of
correct matches as affected by those two parameters. It is evident from the figure that the
larger the correlation window and the correlation value, the better the results.

Figure 5.18 on Page 109 shows the results where a large correlation window of 17 x 17
pixels was used. The thresholds, tsap and tynyc used are 7000 in the case of homographic
SAD correlation and 0.7 for the homographic VNC correlation case. The percentages of
correct matches were 100.0% in both cases. The same threshold used for homographic SAD
correlation is used again with the same window size to check the effect on the non-homographic
SAD correlation case but no matches were obtained. This happened due to two reasons. The
first reason is that the threshold is too small comparing to the large difference in intensity that
exists between two patches as we work on the image plane rather than the actual 3D plane;
i.e., more perspective deformation exists. The second reason is that by definition, stable
marriage requires that mutual acceptance must present in order to declare a good match. In
other words, the difference in intensity must be lower than the threshold for both directions;
i.e., left-right and right-left. This means that satisfying the threshold for only one direction
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Figure 5.16: The “cubes” pair: (a) Homographic and non-homographic SAD correlation cumulative his-
tograms. Notice that the thresholds used are different in this example. (b) Homographic VNC correlation
cumulative histogram.
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Window | tync | Total | Number % Window | tyyc | Total | Number %
size number | correct | correct size number | correct | correct
11 x 11 | 0.50 44 40 90.9 15 x 15 | 0.50 40 36 90.0
11 x 11 | 0.55 40 37 92.5 15 x 15 | 0.55 34 33 97.1
11 x 11 | 0.60 35 33 94.3 15 x 15 | 0.60 33 33 100.0
11 x 11 | 0.65 27 25 92.6 15 x 15 | 0.65 28 28 100.0
11 x 11 | 0.70 23 21 91.3 15 x 15 | 0.70 20 20 100.0
11 x 11 | 0.75 16 16 100.0 15 x 15 | 0.75 18 18 100.0
13 x 13| 0.50 42 36 85.7 17 x 17 | 0.50 38 36 94.7
13 x 13 | 0.55 38 34 89.5 17 x 17 | 0.55 35 35 100.0
13 x 13 | 0.60 35 32 91.4 17 x 17 | 0.60 33 33 100.0
13 x 13 | 0.65 28 27 96.4 17 x 17 | 0.65 26 26 100.0
13 x 13 | 0.70 23 22 91.7 17 x 17 | 0.70 20 20 100.0
13 x 13| 0.75 17 17 100.0 17 x 17 | 0.75 18 18 100.0

Table 5.3: The effect of the correlation window size and the correlation threshold on the overall results of

obstacle features matching.

—
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o
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% Cortrect Matches

Figure 5.17: The behavior of correct matches as affected by the size of correlation window and the correlation
threshold.
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is not sufficient. This happened in this example to a mismatch pair.

Another comparison may be performed that is based on a vector of invariants of 8 compo-
nents presented in [GMP98, MGD98]. This vector is represented as:

R
IVR|?
G
VG2
B
VB?
VRVG
| VR.VB |

Vo (1, 0) = (5.36)

where

e o is the variance used to compute the gradient magnitude;

e m is point under consideration;

e R, G and B are the three color channels; and

e |VR|, |VG| and |V B| are the gradient magnitudes for the three channels.

The gradient magnitude images are computed through Gaussian filters as done in Chapter
3. Notice that the color intensities and the gradient magnitudes have different range of
legitimate values. Thus, the values need to be resized prior to comparing if the distance is to
be computed between two vectors. The matching process proceeds by comparing the values of
a vector of invariant for one junction in one image with all vectors of junctions in the epipolar
strip in the other image and choosing the junction with the closest values.

For simplicity, instead of resizing the values of the gradient magnitudes, we compare the
values of a certain term in two vectors and if the difference is under a threshold, this pair
receives one vote. we repeat this procedure with the other seven entries in vectors. This
means that the maximum vote should be eight for a given pair. A pair with a vote value
under a threshold should be rejected. This is to be repeated with all the candidates in the
epipolar strip and pairs with maximum votes are considered matches.

We applied the above-mentioned idea to our example with o = 1.0 where the error margins
and window size are the same as the above values. (The error margins were £10 mm, +10
mm, +10 mm, £+0.8°, £0.8° and £0.8° for AX, AY, AZ, Aw, A¢ and Ak respectively. )
Figure 5.19 on Page 110 shows the results of this approach where the success rate is 45.5%.
The minimum threshold of votes to be accepted as a match was 3.
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Figure 5.18: The “cubes” pair: Matches accepted are indicated by the dotted white squares. The correlation
window size used is 17 x 17 pixels. Disparity vectors are shown in all images. (a) and (b) Homographic SAD
correlation where the threshold, tsap, used is 7000. (c) and (d)} Homographic VNC correlation where the
threshold, tyyc, used is 0.7. Non-homographic SAD correlation resulted in no matching at all.
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(b)

Figure 5.19: The “cubes” pair: Applying the vector of invariant approach results in a success rate of 45.5%.

5.5 Epipolar Constraint Enforcement

At this point, we may end up with some mismatches. In order to enhance the matching
results, we use RANSAC scheme to recompute a more accurate fundamental matrix, F, and
reject candidates that do not agree with that matrix. The steps are as follows [RW00, VLO1}:

1. Seven points are randomly selected.

2. The fundamental matrix is computed from this set where:

m7 Fm =0 (5.37)

3. Pairs that satisfy the computed F are selected to the support set. The pair is satisfying
the matrix F if the point in one image lies within some threshold (e.g., 1 pixel) from the
computed epipolar line. That is:

d(Fm, m') < tf (538)
where

e d() represents the distance from the point 1’ to the epipolar line I'; and

e tp is a threshold.
If (5.38) results in a true condition, then the pair (m, m’) agrees with the matrix F.

4. The preceding steps are repeated and the largest support set along with its fundamental

matrix, F, are returned.
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As an example, the above-mentioned method is applied to the homographic SAD correlation
results mentioned in Section 5.4 for the “box” pair. After enforcing the epipolar constraint
through a threshold, tg, of 3.0, the results are shown in Figures 5.20(a) and (b) on Page 112.
The overall percentages increased from 96.0% to 100.0% in this case. Finally, Figure 5.20(c)
shows the behavior of the percentage of correct matches versus the number of matches.

5.6 Parameters and Thresholds

There are some parameters and thresholds controlling the process of wide baseline matching
on arbitrary planes. The parameters include the intrinsic and extrinsic parameters of the
camera as detected by the available sensors in addition to the error margin of each of them.

Another parameter is the correlation window size. As in the last chapter, our experiments
showed that large correlation window generally produce better results than smaller windows.

The correlation thresholds tg4p and tyyc determine how close two patches are through SAD
and VNC correlations respectively. The threshold ts4p does not have a predetermined range
but its range depends on how large the correlation window is. Assume that the correlation
window side is N + 1 pixels, then the legitimate range resides in the interval [0, 255(N + 1)?]
with O represents the perfect case and 255(NN + 1)? represents the worst case. In case of
VNC correlations, tyyc has an interval [-1.0, 1.0] with -1.0 represents the worst case and 1.0
represents the perfect case. From our experiments, a value around 0.7 would result in a good
outcome.

As the threshold ty used in the last chapter with RANSAC to calculate more accurate
homography matrices, the threshold ¢z in this chapter is used with RANSAC to represent the
deviation of a corresponding point from the epipolar line. Finally, Section A.4 summarizes
the role of each of the above-mentioned parameters and thresholds.

5.7 Summary

In the preceding chapter, we discussed different formulations of the matching, or point cor-
respondence, problem. The techniques developed to solve this problem can be divided into
two main categories. These categories are area-based matching and feature-based matching.
Another formulation of the problem: is possible that is based on the length of the baseline
between cameras and on whether the calibration information is available or not. Our focus
in this thesis is concerned with the wide baseline case where camera parameters are known
approximately.‘
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Figure 5.20: The “box” pair: Results of matching through homographic SAD correlation after enforcing the

epipolar constraint where matches accepted are indicated by the dotted white squares. Disparity vectors are

shown on both left and right image, (a) and (b). (c) The behavior of the percentage of correct matches versus

the number of matches after enforcing the epipolar constraint.
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Our approach to perform matching could be split into two distinctive phases. The first
phase was to find matches on a specific plane. The second phase was to find other matches on
arbitrary planes. Chapter 4 proposed a homographic correlation technique to perform the first
phase; i.e., to find matches on the ground plane. Through the match set obtained from that
phase, candidates for the second phase could be identified. In Chapter 5, we proposed a novel
technique to solve the wide baseline matching problem through homographic transformation.
Unlike that of Chapter 4, the algorithm in this chapter was designed to work on arbitrary
planar pathes rather than on a specific plane. We utilized the advantage of knowing the camera
parameters approximately. We used the attributes of the junctions detected by the JUDOCA
operator that was discussed in Chapter 3. We suggested two versions of the proposed solution
based on SAD and VNC correlations. We showed by examples and analysis that both of them
outperform the traditional SAD correlation technique. The output match set will be used in
Chapter 6 to reconstruct points in 3D space. The results of this chapter have been published
in [ElLiO4].



Chapter 6

Volumetric Representation of
Obstacles

Up to this point, we end up with a correspondence match set that may be transformed
into a set of 3D points. Our goal is to use this set of space points to localize obstacles so
that a robot may navigate safely in the environment. A box that bounds every obstacle may
be sufficient for the purpose of robot navigation. Indeed, a bounding box should enclose
the whole volume of the obstacle. On the other hand, the whole volume of the bounding
box might not be occupied leaving sub-volume parts that could be added to the rest of the
environment. Hence, for some applications, a more accurate volumetric representation may
be requested. This chapter discusses both issues; i.e., representing obstacles as bounding
boxes and obtaining a more accurate volumetric representation of the obstacle.

One way to construct an object in space could be by Delaunay triangulating® the points
in one image; e.g., the left image and determining the corresponding triangles in the other
image. This is followed by locating, in 3D space, the locations of points that surround every
triangle and hence determining the projection of every triangle in the synthesized resulting
image. Finally, mapping is performed between a source triangle in an original image (e.g.,
the left image) to the destination triangle in the synthesized image through a 3 x 3 affine
transformation matrix. Indeed, an affine transformation matrix has 6 degrees of freedom
and can be fully defined through 3 pairs of points. This step fills in the gaps among feature
points.

However, the above mentioned method may be affected dramatically by the success of the
feature detection and the matching procedures. For example, one mismatch may result in a

IDelaunay triangulation of a point set is defined as the triangulation of this set with the property that no point in the point
set, falls in the interior of the circumcircle where a circumcircle is the circle that passes through all three vertices. This is not to
be confused with triangulation that we will use later in this chapter to locate points in space. This term refers to the fact that
a pair of corresponding points with their corresponding 3D point in space form a triangle.

114
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shapeless structure in the synthesized resulting image. Also, failing to detect some feature
points especially at the boundaries of the obstacle may result in an incomplete representation
of the obstacle. Hence, we need to find a procedure that is more tolerant to errors that may
exist as a result of the previous procedures; i.e., feature detection and matching.

We developed an algorithm that we claim to be better than the above mentioned method.
The main steps of this algorithm can be summarized in the following points:

1. Using the match set we have, we estimate the positions of the points in space (Section
6.1).

2. We cluster points in space into groups where each group could possibly belong to an
object in space. This is done according to some proximity criteria. Thus, we end up with
bounding boxes surrounding obstacles (Section 6.2). This step localizes the obstacles
and can be used as a final output by itself [HEL03, HELO04|. If more accurate volumetric
representation for the obstacle is required, we proceed with the next step.

3. Using a voxel occupancy scheme and a number of images, we can volumetrically represent
obstacles in space (Section 6.4).

In the next sections, we will explain each of these steps.

6.1 3D Estimation of Points

Every two corresponding points are contributing to two rays that should intersect precisely
in space at the location of the point as depicted in Figure 2.7 on Page 31. At this point,
we utilize the match set obtained in the previous chapter along with the available camera
parameters to triangulate? the points in order to estimate their locations in space. However,
due to the inaccuracy of camera parameters, the two rays are likely to be skew. Then, the
3D point can be estimated as the middle point of the perpendicular to both rays as shown in
Figure 2.8 on Page 33. Hence, using Equation (2.77), the 3D point can be estimated as:

A

M = ([T - MaMZ) + I - ML,MZ]) ™ (€ + € — [CTMLoM,, — [CTML M) (6.1)
where

e M is a 3D vector representing the estimated inhomogeneous coordinates of the point in

space;
e Iis a3 x 3 identity matrix;

e C and €’ are 3D vectors representing the inhomogeneous coordinates of the optical centers
of both cameras; and

2Triangulation here means locating the position of the point in 3D space through its two corresponding projected pair.
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e M, and Mf)o are 3D vectors representing the inhomogeneous coordinates of the intersection
of the rays with the plane at infinity. My, and Mgo are normalized to unit magnitude.

Consequently, for every match pair, we obtain a 3D point. The 3D point set is then
clustered. Through 3D point clustering, outliers may be detected and removed as they will
likely result in isolated points in space. Moreover, if isolated true matches that belong to the
ground leaked off the step mentioned in Section 4.9, clustering may discard these cases. As a.
result of point clustering, a 3D bounding box for every obstacle can be obtained which may
serve as a localization information. As mentioned above, for some applications, a bounding
box may be sufficient information for robot navigation. For others, a more accurate occupancy
model may be required.

The next section handles the concept of hierarchical processing, which we use to perform
point clustering in space and discusses the structure that we propose to cluster points.

6.2 Hierarchical Clustering

A hierarchy is defined as a set of layers; each of them corresponds to a given level of abstraction
of the information being processed [JR94, Eli99al]. From the Computer Vision point of view,
the bottom layer of the hierarchy, which is called the base, is usually fed with the input image.
Gathering more global information is done as we proceed to the top of the hierarchy until
reaching the highest layer; i.e., the top layer, which is called the apez. Information flows up
and down through the hierarchy and is transformed and combined between layers. Because
there are two directions of the flow of information, there are two different kind of processes.
These are bottom-up and top-down processes. A bottom-up process, which we address below,
is a hierarchical propagation of information from bottom to the top of the hierarchy. This
type of processes allows the transformation of local and distributed sets of data, into global
data.

Based on the concept of hierarchical processing, we propose a hierarchical structure to
cluster points in space [Eli03a]. However, unlike what is usually done in Computer Vision
research, the base of our hierarchical structure is not an image but a number of space points.
The rest of this section presents the hierarchical structure we propose and shows experiments

applied to real-world scenes.
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Figure 6.1: The hierarchical structure.

6.2.1 Initialization

Each level of the structure is represented as a graph. At the base, the graph consists of a
number of cluster nodes where each node shares an edge® with every other node and where
every node contains only one space point. At the upper levels, a cluster node may contain
more points while the number of clusters is reduced at that level comparing to its predecessor.
At the apex, the information will be at the highest level of abstraction. In our case, the set of
points contained in each cluster at the apex represents one object in space. In [EL99, JM91],
such a set is called the receptive field of a node and is defined as the set of all descendants
located at the base of the hierarchical structure. An example of this hierarchical structure is
shown in Figure 6.1.

6.2.2 Hierarchical Rules

As in many hierarchical structures, there are some rules that control the creation and the
shape of the next level and how the inter-level links are established. These rules are:

e Two neighbors may both survive at the next level if and only if some binary variable is set
to zero during the decimation process. Note that this is different from the case of the
adaptive and disparity pyramids [JM91, EL99];

e For each nonsurviving node, there exists at least one surviving node in its neighborhood.
This is true in the case of the adaptive and disparity pyramids.
6.2.3 Building a New Level

Suppose that the set of clusters at a given level, L), is:

Ly = {Ci1),Ci2) -+ Climy } (6.2)

3Edge here is used in graph terms. This is not to be confused with the term “edge” that is used frequently in Image Processing

to indicate sharp transitions in intensity levels.
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where
e ¢ is the level number;
e 7 is the number of clusters at a level, L£;; and
e C(;j), where j € {1,...,n}, is a cluster consisting of a number of space points.
Furthermore, a cluster C j is defined as:
Cii) = (M, Mg, - Meiim) } (6.3)
where
e i is the level number;
e j is the cluster number, 5 € {1,...,n};
e m is the number of points in cluster; and
e M is a vector whose length depends on the dimension of space (3 in our case of 3D space).

Then, for every two clusters, C(; ;y and C( ), at level £;, we reset a binary variable ¢ to 0 and
perform the following check among the points contained in these clusters. This is by checking:

M) = Megnll <ty (6.4)
where
e ¢ is the level number;
e j and k are the cluster numbers;
e a and b are the point numbers;
e ||.|| represents the norm of the difference between the two vectors where Euclidean or

Manhattan metric may be used; and
e iy is a threshold.

If (6.4) results in a true condition, then we break the search for the current clusters and set
the variable ¢ to 1; otherwise, ¢ remains 0. At this step, we have the following possibilities:

e If ¢ = 1 and one cluster; e.g., j, has a parent while the other cluster, k, does not, then we
link the cluster k to the parent of cluster j.

e If ¢ = 1 and neither cluster j nor cluster k has a parent, then a new node at the next level
is to be created and linked to both clusters.

e If ¢ = 1 and each cluster (j and k) has a different parent created previously, then we link
both to one parent and delete the other.
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e If ¢ = 0 and one cluster; e.g., j, has a parent while the other cluster, k, does not, then a
new node is to be created at the next level and linked to cluster k.

e If ¢ = 0 and neither cluster j nor cluster k£ has a parent, then a new node at the next level
is to be created for each one and linked to the corresponding cluster.

e The last possibility happens when g = 0 and each cluster (j and k) has a different parent
created previously. In this case, no action should be taken.

6.2.4 Roots at the Apex

The procedure explained in Section 6.2.3 is repeated iteratively until all clusters become roots
at the apex. This is a common property to this structure as well as the adaptive and disparity
pyramids [JM91, EL99]. In our case, a root is defined as a cluster that is at a distance > ¢y,
where ty; is a threshold mentioned in (6.4), from any other cluster. In this case; i.e., at the
apex, one cluster should exist for each object in space.

6.2.5 Experimental Results

Consider the images (b) and (f) of the scene shown in Figure 6.2 on Page 120. The junctions
were detected using the JUDOCA operator, discussed in Chapter 3. These were shown in
Figure 3.8 on Page 47. The junctions were filtered through the algorithm explained in Chapter
4. This left two sets of candidate junctions as shown in Figure 4.10 on Page 74. The matching
algorithm described in Chapter 5 is applied to those sets. Through that algorithm, we ended
up with a set of match pairs. These were shown in Figures 5.9(c) and (d) on Page 99. We
used the results of homographic SAD correlation before enforcing the epipolar constraint
to show that the clustering algorithm we propose may exclude points that correspond to
mismatches. Following the reconstruction of points in 3D space, the 3D point clustering
algorithm mentioned above was applied to the set of 3D points with a threshold, ¢y, of 600
mm. The clustering result is shown in Figure 6.3. Notice that the bounding boxes overlap
in the side views as the distances in the direction of projection are equal or exceed the
threshold, ty;, mentioned in (6.4). The roots of all clusters were detected at the second level
of the structure.

Figure 6.4 on Page 123 shows another scene. Consider the pair (e) and (f). The same
procedures mentioned above were applied again to this example. The junctions detected were
shown in Figure 3.10 on Page 49. The junctions that survived the procedure of ground feature
exclusion are shown in Figure 4.15 on Page 80. Following the matching algorithm, the match
set used is shown in Figure 5.18 on Page 109. A threshold, ty;, of 60 mm is used to cluster
the set of 3D points obtained by triangulation. The result is shown in Figure 6.5(a) on Page
124. It is clear that the matching process for that pair of images does not result in a sufficient
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Figure 6.2: Images of the scene.
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Figure 6.3: Results for clustering points in a 3D scene through a threshold of 600 mm. (a) Top projection.
(b) Perspective view. (c) and (d) Side views. All clusters are shown. (e) The cluster with the maximum

number of points superimposed on the original image as a bounding box.
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number of match pairs that are well distributed on the surface of the obstacle. Consequently,
3D point clustering step results in a bounding box that does not contain the whole obstacle
volume. In order to overcome this problem and since we have more views of the scene, more
image pairs can be used. For example, we added the 3D points coming from the pair (a) and
(b) of Figure 6.4 to the 3D point set to be clustered. Figure 6.5(b) shows the result of using
the two pairs with a threshold, ty;, of 80 mm. The root of the cluster shown happened at the
third level of the hierarchical structure.

Notice that the choice of the world coordinate system plays a major role in determining the
bounding box and its orientation as the surfaces of the bounding box are considered parallel
to the main axes. For example, the world coordinate systems of the previous examples are
shown in Figure 6.6 on Page 124 (these are reproductions of Figures 5.8 and 5.13 on Pages
98 and 103 respectively). In each of these examples, the world frame is carefully chosen so
that the surfaces of the resulting bounding boxes are parallel to the main surfaces of the
obstacle. This is an important point affecting the volume of the bounding box, which, in
turn, affects the following voxelization step. In other words, if different world frames were
used, the orientations of the resulting bounding boxes might be different and the volumes
of these boxes might get larger. But this is not a problem for the final representation since
the voxelization step to follow will extract the volume occupied by the obstacle; however,
this can be done at a cost of more running time as the volume increases and the number of
voxels increases. An example showing the case where a bounding box is not aligned with the
surfaces of the obstacle is handled in Section 7.9.

Up to this point, the bounding boxes obtained can be used to localize obstacles, an operation
important for robot navigation (as we presented in [HEL03, HEL04]). However, as seen in
the last example, parts of the bounding box were not occupied at all. Hence, the need
may arise to obtain a more accurate volumetric representation for obstacles. The remaining
part of this chapter explains the voxel occupancy technique we use to achieve a volumetric
representation for objects in space. The input to that step is the bounding boxes obtained
by the above-mentioned hierarchical structure.

6.3 3D Reconstruction

Techniques developed to determine 3D object reconstruction can be divided into two main
classes [NWOT]: active methods that use laser scanners, and passive methods that use groups
of images taken by cameras. We will restrict ourselves to the second class, which we address in
this thesis. Furthermore, reconstruction from images can be categorized into four categories
[CZ0O0b]:
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Figure 6.4: Images of another scene.
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Figure 6.5: Results for clustering points in a 3D scene. (a) Using only one pair of images results in a bounding
box that does not contain the whole obstacle. (b) Using one more pair results in a bounding box that better
represents the volume.

Figure 6.6: The world coordinate systems of the examples shown in Figures 6.2 and 6.4. Those are reproduc-
tions of Figures 5.8 and 5.13.



CHAPTER 6. VOLUMETRIC REPRESENTATION OF OBSTACLES 125

1. Reconstruction from contours;
2. Texture correlation;
3. Feature based matching; and

4. Space carving.

In [NW97], an example for the first category, Niem et al. suggested using a technique
that consists of two phases. Those phases are shape reconstruction and texture mapping.
In order to achieve shape reconstruction, they suggested using what is called shape from
silhouettes or method of occluding contours [CA86, Sze93]. In other words, this is done by
using borders of the silhouettes. The idea can be split into two steps. In the first step, a
convex hull representing the bounding pyramid is formed. This is determined by the lines of
sight from the focal point of the camera and the contours of the silhouette. In the second
step, the pyramids are intersected resulting in an approximate bounding volume. Then, a
mesh growing algorithm is used to transform that bounding volume into a surface model that
consists of a mesh of triangles. Finally, texture mapping is used to render each mesh triangle
patch.

Another algorithm based on the shape from silhouette approach is presented in [MTSA97].
This algorithm uses a turntable that is used along with an object of known shape to ac-
quire camera parameters as a first step. This step is followed by image capturing, silhouette
extraction, shape modeling and texture acquisition. They presented a new idea to extract sil-
houettes. They called it multi-level extraction. In the ordinary silhouette extraction scheme,
a pixel-level subtraction between the object image and the background image is to be per-
formed. However, they proposed to add a new stage to this one. They called it region-level
extraction where region segmentation is performed and the average of the absolute subtraction
at each pixel is calculated. According to a threshold, the whole region may be decided if it
is'a part of the silhouette. This may avoid misjudging pixels similar to its background image
while its neighborhood differs. Related works can be found in [GW87, MA83, ZK92].

An example for the second category, texture correlation, is presented in {Koc95] where Koch
used a stereoscopic image sequence. The steps used to achieve 3D surface reconstruction are
image correspondence phase that uses cross correlation of a small image patch as a similarity
measure; disparity estimation that results in a disparity map and hence a depth map; surface
segmentation according to surface orientation; depth interpolation; surface approximation by
a triangular mesh; and finally texture mapping. Related works to this category can be found
in [FK98, BB81].
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An example for the third category is presented in [AF87a]. In this work, Ayache and
Faugeras used three cameras mounted on a robot to recognize the environment. The triplet
of images is analyzed by a program presented in [AL87, AF87b]. This program outputs 3D
line segments expressed in a coordinate system attached to the three cameras. Thus, for n
robot positions, we have n line segments. (According to the authors, combining coherently
various sources of information at different times and from different places is called Visual
Fusion problem.) They applied transformations to relate various 3D line segments for the
same real line at different robot locations in order to express all segments in one coordinate
system attached to a given robot position. Through some representation of uncertainty of
both 3D line segment positions and motions among various positions, they could combine
various representations to decide if they are for the same segment and hence enhance the
accuracy and abandon the redundant information.

The last recent development is space carving [CZ00b] or wolumetric scene reconstruction
[Dye01]. While shape from silhouette approach is usually used with binary silhouette im-
ages, shape from photo consistency combined with visibility testing is for color images. In
this category, the scene is often discretized into voxels and a voxel occupancy scheme is to
be developed to determine the volumetric model from silhouette or from color information.
Photometric information resides in color or gray-scale images can be used to enhance the
model achieved.

In [CZ00b], Cross and Zisserman presented an approach to reconstruct a surface of an object
from a number of views. They combined information from contours and surface texture and
used a voxelization technique. Through this, they could overcome deficiencies of using one
source by the strength of the other and hence developed an efficient algorithm. Related works
to this category can be found in [KS99, SD97].

The approach that we propose below combines three categories in order to achieve good
results. These categories are reconstruction from contours, texture correlation, and space
carving.

6.4 Voxel Occupancy Approach

The hierarchical structure we presented provides a bounding box for every obstacle in the
scene according to the features extracted. However, this bounding box is built according to
the overall maximum and minimum coordinates of the feature points detected on that obstacle
along the three axes. In other words, an obstacle can be contained in the bounding box but
may not occupy its whole volume. Hence, the need may arise to determine the sub-volume
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that could better represent the obstacle. In order to reach this goal, we propose an algorithm
that is based on a voxelization scheme. In this approach, we proceed as follows [ELO04]:

1. Use RANSAC scheme to get updated versions of the homography matrices among all
pairs as explained in Section 4.9.

2. Use RANSAC scheme to get updated versions of the fundamental matrices as explained
in Section 5.5. Hence, the projection matrices may be updated accordingly (Section
6.4.1).

3. Extract silhouettes for the obstacles (Section 6.4.2).

4. Determine the occupied voxels through silhouettes, projection matrices and original im-
ages (Section 6.4.3).

5. Determine hidden and occluded voxels (Section 6.4.4).

The following sections describe these steps in more details.

6.4.1 Enhancement of Matrices

As done in Sections 4.9 and 5.5, RANSAC scheme may be applied to all pairs to get updated
versions for the homography matrices, H,, as well as the fundamental matrices, F, for all
images. Consequently, more accurate projection matrices, P, can be obtained.

6.4.2 Silhouette Extraction

Using the enhanced set of homography matrices and the projections of the bounding boxes on
all images in the set, we can extract silhouette-like images for the obstacles corresponding to
every image in the set. The idea is as follows. Every bounding box, b, is surrounded by eight
3D corners, M;, = (X, Yib, Zi)T where i € {1,2,...,,8}, and twelve 3D edges connecting
them. Using the above projection matrices, we project those edges with their corners on every
image plane. For a given image 7, this is done by using Equation (2.6):

m;;, = P; My, (6.5)
where
e i is the corner number such that i € {1,2,...,8};
e j is the image number such that j € {1,2,...,4, ..., g} where g is the number of images; and

e b is the bounding box (or obstacle) number such that b €{1, 2, ..., b, ...,0} where o is the
number of obstacles.
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At this point, we end up with eight 2D points for an obstacle b on image j, m;; =
(i, vin) T | i€ {L,2,...,8}, 5 € {1,2,...,4,..., g} where g is the number of images and b {1,
2, ..,b, ...,0} where o is the number of obstacles. We determine the convex hull of them.
This could be done through any well-known algorithm; e.g., Graham Scan. However, we have
a small number of points. Moreover, the lines that represent the edges of the convex hull
are a subset of the projections of the edges of the bounding box. This makes it simpler to
obtain the convex hull. In order to check if an edge is a part of the convex hull, its linear
equation may be used. This equation can be easily obtained through its two end points (refer
to Sections 2.1.2 and C.1). Thus, applying the coordinates of the other projected points (only
6 points) to this linear equation can determine whether this edge is a part of the convex hull
or not. This is to check the sign of:

Yqjb — Ypjb
T T _
MLy = My [mps X mggp] = [Tip Yijp 1] Tpib — Tqib (6.6)
YpjbLajb — YqjbTpjb
where

e 1,, is the equation of the line connecting points 1n,;, and mg; and

e 1, M, and m,;, are the projections on image j of three different corners of the bounding
box, b; i.e., i,p,q € {1,2,...,8} and i # p # q.

If the sign of the result of Equation (6.6) is the same for all ¢ € {1,2,...,8} such that i # p # q,
then the line 1,, is an edge of the convex hull; otherwise, it lies inside its boundaries. For the
image shown in Figure 6.7(a) on Page 129, the convex hull of the bounding box projected on
this image is shown in Figure 6.7(b). The last point to mention at this step is that we keep
track of the sign of the internal direction of each edge of the convex hull as this will be used
in the next step.

Knowing the edges of the convex hull, we determine if a pixel lies inside its boundaries. As
in Equation (6.6), applying the pixel coordinates to the linear equations of all edges of the
convex hull determines if this pixel lies inside the convex hull if all signs are consistent with
the corresponding signs of the last step. To reduce consuming time, the smallest rectangle
enclosing the convex hull may serve as a range for candidate pixels. Figure 6.7(c) on Page
129 shows a binary image showing all points that lie inside the convex hull of the bounding
box projected on the image shown in Figure 6.7(a).

The homography of the ground plane between two images j and & can be obtained through
the concatenation of the available set of homography matrices. Thus, given a set of homog-
raphy matrices {H,Hy, ..., H;, ..., Hg, ...,Hy} where H; represents the ground plane homography
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(e) (f)

Figure 6.7: (a) An image shown in Figure 6.4(e). (b) The convex hull of the bounding box projected onto the
Image (a). (c¢) A binary image showing all points that lie inside the convex hull of the bounding box projected
on the image (d) A gray-scale version of the silhouette where the brighter the pixel the closer it gets to be an
obstacle point. (e) The silhouette of the obstacle as a binary version of (d). (f) The obstacle detected using

(e).
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between images j and j + 1, and in order to calculate the homography from image j to image

k, H;, we use the relation:
k—2

Hje = [ Has1Hn (6.7)
h=j

For a given pixel inside the convex hull boundaries in an image, j, we use the homography
matrix, H;e, that relates the ground plane projection between images j and k, where j €
{1,2,...,9}, k € {1,2,...,9} and 5 # k. This is to check whether the intensities of the
corresponding pixel neighborhoods are close to each other. That is, for a given pixel [z;5, ¥;5]7
belonging to obstacle b in an image j and with respect to another image k, we perform the
following SAD correlation check:

\Z; (0 + m, yjp + 1) — Te(KT)| > s (6.8)

17 B

vz

where

o N + 1 is the side length of the correlation window in pixels;
o k= Hy [z +m,yp +n,1]T; and

e tg is a threshold.

There are a few possibilities at this point. If the colors of two corresponding pixels are close
" to each other; i.e., false condition in (6.8), the examined pixel may be a part of the ground
plane. If the colors are far from each other according to tg; i.e., true condition in (6.8), then
there is a good chance that the examined pixel is a part of the silhouette. Another possibility
may happen where the location of the corresponding pixel lie outside the image.

The last step is to be repeated between that given pixel and its corresponding location in
every other possible image. Different counters are to be initialized to record every comparison
resulting in the above three possibilities; i.e., being part of the ground plane (¥,,4), being
part of the obstacle (X.s), or being outside range (,.:), in addition to the total number of
comparisons, 2. The outcome can be summarized in Table 6.1.

Hence, an approximation of the sithouette for each obstacle can be obtained on each image
plane. For the image shown in Figure 6.7(a), a gray-scale version of the silhouette is shown in
Figure 6.7(d) where the brighter the pixel the closer it gets to the obstacle. A binary version
of the silhouette of the obstacle is shown in Figure 6.7(e). The threshold, tg, used is 6200
with a window size of 21 x 21 pixels (i.e., N = 20 pixels).
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l No. ” Case Interpretation
1 Yout = Zall no info
2 Zobs = Ea” obstacle
3 || Xobs > Ligrd obstacle
4 || Xpps = grq || obstacle or ground
5 || Bovs < Lgrd ground
6 Ygrd = Zau ground

Table 6.1: Possible cases to decide if a pixel is a part of the ground plane or obstacle. ¥4 is being part of
the ground plane. X, is being part of the obstacle. ¥,,; is being outside range. ¥,y is the total counter. In
our application, we added cases “1” and “4” to the ground plane.

6.4.3 Voxel Occupancy Determination

At this stage, we reconstruct a 3D model that should represent each obstacle through vox-
elization. First and according to some resolution €, we dynamically allocate space for voxels

I‘mazw—minx-l I—mazy—miny-l I’ma:c —min ‘| ]
€ ) € ? €

are the coordinates of the two extreme

representing each obstacle. This is a 3D array |
where [min,, min,, min,|T and [maz,, maz,, maz,]’
points of the bounding box of an obstacle and ¢ is a resolution factor. Thus, for every voxel,
V = [V, Vs, V2]¥, we perform the following. Using the updated projection matrices deter-
mined above, we project the voxel onto its corresponding location in the silhouette images.

As in Equations (6.5) and (2.6), the voxel projection, v, can be obtained from:

v, = P;Vy (6.9)
where
e j is the image number such that j € {1,2,...,4, ..., g} where g is the number of images; and

e V, is a 4D vector representing the center of the voxel belonging to an obstacle, b, in
homogeneous coordinates.

If the voxel projection is not part of the silhouette in t,s or more images, then this voxel is
not occupied. Otherwise, there is a good chance that this voxel is a part of the obstacle and
hence continue with the next steps. The value of intensity or color of the voxel is calculated
through interpolation (Section 4.5). Thus, if the number of images is g, then we end up with g
intensity values for the same voxel (3¢ in case of using color images). At this point, we perform
a color consistency test by resetting g counters to zeros; i.e., 3; = 0 where 7 € {1,2,...,g}.
Then, for every two intensity values Z; (vﬁ) and Z, (V%) (corresponding to images j and k),

we check:
1T (V) — Te(Vib)| < tz (6.10)
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where t7 is a threshold. If (6.10) results in a true condition, we increment the counters %;
and %,. The voxel is considered a part of the obstacle if and only if the value of one counter
meets or exceeds another threshold, £,7. That is by checking:

Y > tpr forany i € {1,2,...,g} (6.11)

This is to determine the minimum number of images showing that voxel. If a voxel is occupied,
a binary flag must be set to indicate occupancy. The color of the voxel is the average intensity
of all its projections. Notice that the thresholds ¢,z and t,s are different. This is due to the
fact that the projection of a voxel could be part of the silhouette while it is vacant. This
happens when the projection of another occupied voxel coincides with that of the vacant one.
In this case, the color consistency test provided by Equation (6.10) and the threshold ¢,z of
Equation (6.11) will have the impact rather than the threshold ¢,s.

6.4.4 Hidden Voxels Determination

There are two points pertinent to hidden or occluded voxel determination issue. The first
point is that some voxels may be occluded all the time. This happens when the six sides
of the voxel are occupied by other voxels. That is, for a voxel V = Ve, Vys V,]T, we check
if [V, £1,V,,Vi]%, [V, Vy £ 1, V;]T and [V4,V,, V. £ 1]T are occupied. If so, and in order to
avoid further calculation with this voxel, another binary flag is set to exclude this voxel from
further consideration.

The second point is that sometimes, some voxels may be hidden behind others. In other
words, voxel V,,, may be occluded by another voxel V,, for some virtual camera viewpoint.
That is, if the line segment connecting the center of voxel V.. and the optical center of the
virtual camera, C, intersects the voxel V,,, then V,, occurs after V., in order. This should
be checked. We proceed as follows:

1. Calculate the projection matrix of the synthesized image according to the desired virtual
camera parameters. This is done through Equation (2.8):

P = AP.D (6.12)
2. Since visibility testing is dependent only on the labels of voxels visited previously, keep
track of the location of the voxel contributing to every pixel in the synthesized image.
3. If a pixel is chosen more than once by V,, and V,,, we check:
IV = €l < [V = C| (6.13)
where

e V,, and V,, are the centers of the voxels in space; and
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e C is the virtual optical center.

If (6.13) results in a true condition, then the intensity of the pixel is supplied from the
voxel Vm; otherwise, the voxel V,, is used instead.

6.4.5 Experimental Results

Our algorithm is applied to the bounding box of the obstacle shown in Figure 6.3. The set
of images used are shown in Figure 6.2 on Page 120. The parameters used are 58 for the
intensity threshold, t7, 7 mm for the voxel side length, ¢, and 4 for the number of images, £,z.
The reconstructed object is shown in Figure 6.8 on Page 134 as bounding box and as voxels
from different viewpoints and angles. Notice that the sides shown in Figures 6.8(c) through
(g) are the only sides of the object that appear in 4 or more images which is the minimum
number of images, t,7, required in this example.

The algorithm mentioned-above is applied to the other set of images shown in Figure 6.4
on Page 123. The parameters used are 60 for the intensity threshold, ¢z, 1 mm for the voxel
side length, €, 4 for the number of images, ¢,7 and 2 for the number of silhouette pixels, t,s.
Through these parameters, the total number of voxels in this example is 947376. The number
of occluded voxels that have neighbors along all their six sides is 484788, which represents
51.2% of the total number of voxels. Thus, the test mentioned in Section 6.4.4 helps save
space when storing or processing information about the final object. Moreover, the number of
voxels declared vacant only by checking the silhouettes generated in Section 6.4.2 is 295250,
which represents 31.2% of the total number of voxels. This releases some pressure off the
color consistency step and proves the usefulness of the silhouette extraction step. The top
view of this scene is generated using the method explained in Appendix D. Figure 6.9(a) on
Page 135 shows a part of that view. The reconstructed object included in this scene is shown
in Figure 6.9(b) as bounding box and in Figures 6.9(c) through (g) as voxels from different
viewpoints and orientations.

Notice that the sides shown in Figures 6.9(c) through (g) are the only sides of the object
that appear in 4 or more images which is the minimum number of images required in this
example. Notice also that a small number of vacant voxels were declared occupied. There
are two reasons explaining this issue. This happened because, for some viewpoints, some
other oceupied voxels were projected at the same positions onto their respective images. This
makes the incorrectly declared voxels a part of the silhouette and hence possible occupied
candidates. The second reason concerns the other main test; i.e., color consistency. The area
where the problem happens has very few features and the color is almost the same all over
the area. Consequently; this results in incorrect occupancy in this particular area.
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(f) (8)

Figure 6.8: (a) A part of the top view of the scene shown in Figure 6.2. (b) The obstacle represented as a
bounding box. (c) through (g) The reconstructed object represented as voxels from different viewpoints and

orientations.
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Figure 6.9: (a) A part of the top view generated for the scene shown in Figure 6.4. (b) The obstacle represented
as a bounding box. (c) through (g) The reconstructed object represented as voxels from different viewpoints.
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6.5 Parameters and Thresholds

This chapter dealt with a number of parameters and thresholds through different stages of
the computations. In order to reconstruct points in 3D space, the original camera parameters
(intrinsic and extrinsic) detected through available sensors are used. At the clustering stage,
the threshold ty, is used to test if two points are close enough to belong to the same cluster.
The legitimate range for this threshold varies considerably according to the scene under
consideration and also according to the measuring units of the camera parameters. For
example, if the translation of each camera is measured in millimeters, the locations of 3D
points will be produced in millimeters and the threshold ¢y, should reflect that. The threshold
value would differ for the same scene if inches were used instead.

In order to extract silhouettes, the threshold ¢g is used. This threshold measures SAD
correlation utilized to extract silhouettes. Assume that the correlation window side is N + 1
pixels, then the legitimate range for the threshold ts resides in the interval [0,255(N + 1)?]
with 0 represents the perfect case and 255(N + 1)? represents the worst case.

At the voxelization step, more parameters and thresholds are used. These are ¢, t,g, iz
and t,7. The parameter € determines the size of a voxel. In other words, it determines the
resolution at which a bounding box may split and the number of the resulting voxels. Selecting
too low value for e will certainly increase the accuracy of the voxelization; however, this comes
with the cost of more space to be utilized and more execution time to be consumed. The
value of ¢ may get affected by some factors. For example, if the resolution of the resulting
synthesized image is too high, one may have to lower the value of this parameter to increase
accuracy. Other values; e.g., the focal length of the virtual camera, may have a similar role
affecting the choice of the parameter e.

Another threshold used with the color consistency test at the voxelization step is ¢{z. This
test checks how close two voxels are in terms of intensity or color. Thus, the range of this
threshold can be represented by the interval [0, 255] with O represents identical intensities and
255 represents the maximum difference possible. In our experiments, we found that setting
this threshold around 50 to 60 would result in a good outcome.

Two more thresholds used at the voxelization step are t,s, and t,z. The threshold ¢,5
restricts the maximum number of images allowed for the projection of a voxel to deviate
from the silhouette if the voxel is considered occupied. The threshold t,7r determines the
minimum number of images where the color or intensity is consistent for a given voxel. It is
obvious that the maximum number of images available represents the upper limit for the last
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two thresholds. However, the ideal value for each of these thresholds differs according to the
poses of the cameras.

In addition to the above-mentioned parameters and thresholds, virtual camera parameters
(intrinsic and extrinsic) are used in this chapter to produce the final synthesized image.
Finally, Sections A.5, A.6 and A.7.1 summarize the role of each of the above-mentioned
parameters and thresholds.

6.6 Summary

In this chapter we started by explaining a method to reconstruct an object in space and
showing the drawbacks of that approach. We presented the main steps of the algorithm we
proposed to represent an object in space volumetrically. These steps include reconstructing
points in space, clustering points and determining the volume of the object through voxeliza-
tion. We explained the details of every step of our approach. We utilized the match set
obtained in Chapter 5 to reconstruct points in 3D space following the materials presented
in Chapter 2. We proposed a hierarchical structure to cluster points in space and build a
bounding box containing each object. These bounding boxes can be used to localize obstacles.
Finally, we discussed how to apply a voxel occupancy technique to reconstruct the object in
space. Results for different stages were presented. The results shown in this chapter have
been published in [Eli03a, EL04].



Chapter 7

Planar Representation of Obstacles —

Sequence (zeneration

The goal of our obstacle modeling approach is to obtain a 3D representation of the environ-
ment inside which a robot will move. As presented in Chapter 6, volumetric representation
is certainly an interesting solution; however, the voxelization step may be time and space
consuming especially if the resolution of the discretization is too high and the bounding box
volume is too big. But, on the other hand, it is the choice when it comes to volumetric
accuracy.

In this chapter, we propose an alternative way to save time and space by considering
representation of obstacles as planar patches where each of these patches is showing an image
of the corresponding obstacle. The proposed approximate representation might be sufficient
for an operator to get a good understanding of the scene structure through a sequence of
images generated along a specified virtual path. In this chapter, we explore this method. In
order to present the ideas, we consider an example of a real-world scene that contains an
obstacle. We will use the planar perspective matrix discussed in Chapter 4 to represent the
ground plane; i.e., the plane on which the obstacles reside. The bounding boxes proposed in
Chapter 6 will be used to locate obstacles. Also, silhouette images presented in Chapter 6 will
be used as opacity maps in order to add realism to the synthesized image. Alternatively, as
explained later, the projections of the bounding boxes may be used as opacity maps instead.
This chapter also includes the steps to generate a sequence of images for a given virtual
path. The last part of this chapter discusses a complete example where the different proposed
representations are considered.

138
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7.1 Obstacles as Planar Patches

As an example, we consider the scene used in the previous chapter and shown in Figure 7.1
on Page 140. This scene contains an obstacle and in compliance with our basic assumption,
the surface, on which the obstacle resides, is flat.

In order to generate the sequence, we assume that the top view of the site is given. A
synthesized version of the top view for our example is shown in Figure 6.9(a) on Page 135.
We, also, assume that camera parameters of the original images are known approximately.
These parameters are listed in Table 7.1 on Page 141. Figure 7.1(i) on Page 140 shows
the locations and orientations of the cameras. Moreover, the location and dimensions of
the bounding box containing the obstacle have been computed through junction detection,
matching and clustering operations as explained in the previous chapters. On the top view,
an operator can specify a path along which he requests the robot to move under his control.
(An example of such a path is shown in Figure 7.2.) Before executing the proposed task, a
virtual sequence, showing what the robot would see when moving along the path, is required.
Our challenge is to produce such a virtual sequence using the information available.

The ground surface of the site can be displayed by applying the planar perspective matrix
(Chapter 4) to the top view of that site. Representing the obstacle volumetrically has been
considered in Chapter 6. In this chapter, we consider a planar representation alternative
where each obstacle is represented as a planar patch on which an image of the obstacle is
mapped to.

The following steps are used in order to create the requested sequence.

1. Unify the systems of units (Section 7.2).
2. Determine the parameters of the virtual camera along the path (Section 7.3).

3. For every frame, do the following:

(a) Determine the intermediate virtual parameters through interpolation (Section 7.3).
(

)
b) Determine the boundaries of the planar patch for every obstacle (Section 7.4).
(c) Select the appropriate view for mapping (Section 7.5).

)

d) Perform mapping between the source and the target image areas for every obstacle
g
(Section 7.6).

The next sections explain the details of the procedure.
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Figure 7.1: (a) through (h) Images of a scene. (i) The plan of the scene showing the positions and orientations
of Cameras (a) to (h).
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Image ” X Y Z T 0 P
(a) 555.2359 | -325.3561 | 431.4782 | 58.4021 | -53.0427 25.941
(b) 493.0843 | 132.5351 | 420.7934 { 48.8943 | -105.8211 | -0.3921
(c) 203.3010 | 362.9578 | 451.3856 | 39.7229 | -155.3958 | -4.9299
(d) -134.3809 | 429.7352 | 466.3157 | 43.145 | 156.3501 | 0.3174
(e) -114.7469 | 398.9921 | 355.3564 | 54.2098 | 158.7623 | -30.1229
() -206.6808 | 372.5378 | 351.6793 | 54.6702 | 146.1463 | 26.7937
(g) -334.0451 | 220.6162 | 461.5761 | 43.56479 | 122.0288 | 9.8471
(h) -258.2932 | -274.7759 | 472.1151 | 41.5558 | 48.6178 | 20.7127

Table 7.1: The parameters for each camera of the set shown in Figure 6.4. The world origin is shown in
Figure 5.13. The rotation angles used are tilt, 7, pan, p, and swing, . The units are in millimeters for X,
Y, Z and in degrees for 7, p and 1. Each image is 640 x 480 pixels. The focal length is 6.0 mm. The format
size is 3.5311 x 2.7446 mm.

Figure 7.2: The top view image of the previous scene showing the path of the sequence requested by the
operator. Keyframes shown were chosen so that the largest number of images might be used. Viewing
directions are shown as arrows. Numbers (i) through (xii) represent the views seen by the robot at each
keyframe viewpoint. Those views are shown in Figure 7.5. In this example, Camera (c) is used for Keyframes
(i) through (iii); Camera (d) is used for Keyframes (iv) through (vi); Camera (e) is used for Keyframes (vii)
through (ix); and Camera (f) is used for Keyframes (x) through (xif).
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7.2 Unit System

Before proceeding with generating the sequence, we should point out that the units measuring
the top view image might be different from those measuring the locations of the viewpoints and
the bounding boxes; e.g., pixels and millimeters. Moreover, the origin and the orientation of
the coordinate systems in both cases might be different. Thus, we need to unify both systems
of units into one system; e.g., pixels. In these two systems, only ratio of lengths and angles
are preserved in both cases constituting invariant measures, which are the invariant properties
pertinent to similarity transformation. A similarity transformation matrix has 4 degrees of
freedom (DOF); hence, can be fully defined through two pairs of corresponding points. Let
us determine the two points; e.g., the origin of the world coordinate system, mg = [zo, yo]%,
and another point along the X —axis on the top view image, m; = [z;,;]% where the points
[z0,90]T and [z1,11]7 are expressed in the top view pixel coordinate system. As done in the
previous chapters, we assume that the world XY —plane resides on the ground plane; hence,
zg = 21 = 0. This is followed by determining the scale by assigning the real length; e.g., in
millimeters, to the distance between both points. Suppose that the length of the line segment

< mg, m; > is d mm. Consequently, the scale factor, s, is calculated as:

iy — x| _ /(%0 = 20)? + (9o — 11)?
d N d
and the angle of inclination, ¥, is calculated as:

9 = tan™" (u) (7.2)

I1 — %o

(7.1)

Hence, the transformation between both systems on the planar ground surface is carried out
through a rotation matrix, R; a translation vector, t; and a scaling factor, s. Those are defined

| cos(¥) —sin(9) _|s 0 and t — | °
B ! sin(d)  cos(?) jl = [ 0 s ] dt [ Yo ] (7.3)

For example, a point [X,Y, Z]7 expressed in millimeters may be transformed to pixel coordi-

as:

nate system as:

Ynew - Y (74)
Zne'w s Z
The similarity matrix, S, can be expressed homogeneously as done in Equation (2.62):
SR t
S = 7.5
[ 0l 1 } (7:5)

Hence, a point [X,Y, Z]7, where m = [X,Y]T on the ground plane expressed in millimeters,
may be transformed to pixel coordinate system as:

My, = SM (7.6)
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then
Knew mn
Ynew = n}w (7 . 7)
S
Znew

The following section discusses creating the sequence as a whole. This is followed by showing
how one frame of the sequence can be generated as a planar patch.

7.3 Specifying the Sequence

The operator should be able to specify a few points along the virtual path on the top view.
These points will constitute keyframes in the sequence to be generated (as depicted in Figure
7.2 on Page 141). According to the total length of the path and the total number of steps
determined by the operator, intermediate camera viewpoints are to be established. We used
the following steps:

1. Calculate the Euclidean distance, d(my, my41), between every two consecutive points in
the specified path, iy, = [zx, yx]T and My = [Tri1, Yesa]”, where k € {1,2,...,m — 1}
and m is the number of points.

d(my, M) = |y — Mgy || = \/(-'L'k = Zry1)? + (Yo — Yre1)? (7.8)

2. According to the total number of steps, n, calculate the step size, 0.

m_l . .
> d(rig, myyq)

§ = k=1 (7.9)
n

3. The viewing direction can be determined so that the camera points along the direction
of the motion. That is, for every segment, use the two end points, my and my4;, to
determine the direction of the motion, p k+1), along the path by calculating:

—t [ Yr41 — Yk
=tgn | 2 ZF 7.10
Pk k+1) an (ka — :rk) ( )

Note that, in this case, pyr+1) is the viewing direction as well as the direction of the
motion.

4. Using the step size, §, and the direction of the motion, p( k+1), determine the coordinates
of the intermediate points.

Tp = Tp £ 6 cos(Pkk+1))

, (7.11)
Yn = Yp +4 S'Ln(p(k,k—i-l))

where [z,,,y,|T and [z,, yp]T are the next and the previous points respectively along the
line segment < m, Mgy >.
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5. As shown in Figure 7.2, the viewing direction may be specified for the keyframes so that
the intermediate frames may inherit the angle among keyframes by interpolation. Thus,
if the viewing directions of the points my and iy, are py and p1) respectively, then
the viewing direction of an intermediate point m, = [z,,y,]|T along the line segment
< my, myy > can be determined as:

(P(e+1) — pery) d(ry, my,)
d(mlﬁ l'hk+1)

Py = Pk) T (7.12)
Note that we may apply the above-mentioned steps to create sequences based on bounding
boxes, volumetric or planar representations as well.

7.4 Planar Patch Boundaries

In order to determine the location of a planar patch in the synthesized image, the corners of
the bounding box of each obstacle are projected onto the image plane. Thus, according to
Equation (2.5), a corner M; = [X;,Y;, Z;]” is projected as:

m; = P,M; (7.13)
where
e M; where i € {1,2,...,8} are the 3D corner points of the bounding box;
e m; where i € {1,2,...,8} are the 2D corner points projected onto the image plane; and
e P, is the virtual camera projection matrix calculated according to Section B.4.

According to the minimum and maximum coordinates of these points, m;, two points repre-
senting a target rectangle may be determined.

At this step, the projection of the bounding boxes onto the original images are used to
determine a bounding rectangle for each obstacle according to the minimum and maximum
coordinates as done above. This rectangle represents the source area to be mapped. In order to
add realism to the generated images, the binary images representing the silhouettes may used
as opacity maps in order to eliminate the background features present in the source images.
However, silhouette extraction procedure, as explained in Chapter 6, is time consuming.
Consequently, the direct use of the projections of the bounding boxes might be preferred.

Finally, mapping is performed between the areas determined in the source image and the
target image. The next section discusses which source image should be selected for mapping
to the target view. This is followed by discussing the mapping operation.
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7.5 Selecting the Appropriate View

One important question that may arise here is how to select the closest view possible for the
obstacle to use for mapping. In order to select an obstacle view for each viewpoint, we use
the pan angles of each camera. Therefore, we seek to minimize the difference:

Selected view = arg minf_, |p(c) — p(j)| (7.14)
where
e g is the number of available views;
® p(y is the pan angle (or the viewing direction) of the current target frame; and

® p(;) is the pan angle (or the viewing direction) of the j—th camera.

Thus, the view that results in the minimum value for the distance (7.14) is the view that
should be selected. Also, the angle of inclination, ¢ of Equation (7.2), should be taken into
account to get the correct transformation. Hence, a transformed pan angle, p;, of the j—th
camera can be computed as:

o) = (7.15)

p—9+360.0 if p<0.0
p—1v if p>0.0

where
® p(;) is the transformed pan angle of the j—th camera,
e p is the pan angle of the j—th camera appearing in Table 7.1; and

e ¥ is the angle of inclination of the system.

This will result in different original images selected for different views. For instance, for
the points of the path shown in Figure 7.2, the images selected are shown in Figure 7.5 on
Page 151. In this example, the image of Camera (c) is used for Keyframes (i) through (iii);
the image of Camera (d) is used for Keyframes (iv) through (vi); the image of Camera (e) is
used for Keyframes (vii) through (ix); and the image of Camera (f) is used for Keyframes (x)
through (xii).

As shown in the last column of Table 7.1, the swing affects a few images of those shown
in Figure 7.1. In order to compensate and neutralize that effect, rotation as a special case of
affine transformation is applied to the images. As in Equation (7.3), the rotation matrix is

used [FPWWO0]:
0| _ [ eosto) —sinte) | [m—m0 ], [ 20 (7.16)
Y1~ %Yo Yo

yr | | sin(p) cos(p)

where
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e ¢ is the rotation angle;

e [z0,70]7 is the center of rotation. For the image shown in Figure 7.3(b) on Page 147, this
point is the center of the image;
7

e [z1,y1]" is the input point; and

e [13,45]7 is the output point where interpolation (Section 4.5) is used to get the final color.

mazg+ming Maryt+ming
2 ’ 2

> as shown in Figure 7.3(b) where [min,, min,, min,]7 and

The rotation angle, ¢, is the inclination angle of the line < | 17

maxy+ming MaTy+min, T
[esegmene, =, ma

[maz,, maz,, maz,)

y AN,

T are two points determining the bounding box of the obstacle.

7.6 Mapping Between Source and Target Images

The mapping problem can be split into two problems:
1. Determining the target points using the corner points; and

2. Determining the location — in the source image — that corresponds to a given target point
80 as to compute the target point intensity or color value.

The direction of mapping is carried out from the destination to the source image as depicted
in Figure 7.4 on Page 148.

7.6.1 Determining the Target Points

An easy way to determine the target pixels is by considering only the signs of points applied
to the equations of lines of the four-sided target area. That is, for each line joining two points,
we can determine the sign of the internal side using one of the other two points. Every line
forms a region by one of its sides. The intersection of the four regions determine all target
pixels.

7.6.2 Determining the Source Points

It is required to compute a3 x3 plane projective transformation matrix, or homography
matrix, H, that maps a source point into another destination one. That is:

m’ = Hm (7.17)

where m is the source point and m’ is the destination one. Equation (7.26) can be rewritten

x hii hig his T
v | = | ha ha hos y (7.18)
1 hs1 hsa has 1
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Figure 7.3: (a) An image shown in Figure 6.4(e). (b) The rotated version of Image (a). (c) The silhouette
extracted from Image (a). (d) The silhouette extracted from Image (b) and used as an opacity map. (e) and
(f) The obstacle extracted using the silhouettes.



CHAPTER 7. PLANAR REPRESENTATION OF OBSTACLES - SEQUENCE GENERATION 148

Tatget image Source image
|

L1
|~
Figure 7.4: Mapping is performed from the target image to the source image.

Each pair of corresponding points contributes to two linear equations for the elements of H.
Removing the scale factor by dividing by the third component, we get [Fis97a:

; huz+hpy + his

e hs1x + haay + has (7.19)
and ;b1 + hogy + has
v= h31z + haoy + has (7:20)
Consequently,
o' (ha1x + hgoy + has) = hnx + hioy + has (7.21)
and
Y (ha1® + haoy + has) = harx + hosy + hog (7.22)

The homography matrix, H, has 8 degrees of freedom and can be defined through 4 cor-
responding pairs. Having four correspondences results in eight linear equations, which are
sufficient to solve for H up to a scale factor. We choose one matrix term to have a certain
value; e.g., has = 1. Thus, the eight equations can be written as:

(xy o 1 0 0 0 —zizy -y 171 hiy | [z ]
0 0 0z yi 1 ~yim1 —Yin hig v
zo Y2 1 0 0 0 —z4xe —ahy hiz xh
0 0 0 2 yo 1 —yz2 —Yot2 hay | _ | v (7.23)
zz y3 1 0 0 0 —zizs —2hys hoo xy
0 0 0 23 y3 1 —y3w3 —u3y3 ha3 Ya
g Y4 1 0 0 0 —zjzy —ayya h31 A
| 0 0 0 x4 yg 1 —yims —yyya | | ha2 | | vy ]
or
Mh = x (7.24)

Thus, a solution can be obtained as:
h=M"1x (7.25)
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The homography transformation, H, is then applied to the planar patches to render the image
of the obstacle. If the location in the synthesized target image is m’, then the location in the
source image, m, is given by:

m = H 'm’ (7.26)

Interpolation (Section 4.5) is used at this point to get the intensity of the synthesized image
at the location m’.

7.7 Experimental Results

Consider the scene shown in Figure 7.1 on Page 140. In this example, there are 8 camera
viewpoints {a, b, ..., h} and 1 obstacle. The plan of this scene is shown in Figure 7.1 on
Page 140. Also, that figure shows the locations and orientations of the cameras. (The origin
of the world coordinate system was shown in Figure 5.13.) Table 7.1 on Page 141 lists the
parameters of each camera. It is required to generate a synthesized sequence of images seen by
a robot moving along the path defined in Figure 7.2 on Page 141 where the viewing directions
for the keyframes are indicated by the arrows. For Keyframes (ii) and (iii), the parameters
are: height, t, of 200 pixels; tilt, 7, of 50°; swing, 1, of 0°; and focal length, f, of 200 pixels.
For the rest of the keyframes, the parameters are: height, t,, of 280 pixels; tilt, 7, of 35°;
swing, 9, of 0°; and focal length, f, of 250 pixels. The other parameters; i.e., the location, ¢,
and t,, and the pan angle, p, differ from one keyframe to the other. The locations and the
viewing directions are shown in Figure 7.2.

In order to select the appropriate view, we seek to minimize the distance expressed in
Equation (7.14). The angles compared must take into account the inclination angle of the
world coordinate system with respect to the overhead image coordinates. In this example, the
angle of inclination of the world coordinate system, ¥ of Equation (7.2), is —43.5°. As done
Equation (7.15), this angle is used to transform the pan angle of every camera viewpoint in
order to perform distance minimization. This is a simple mapping operation whose results are
shown in the third row of Table 7.2 on Page 150 where the second row represents the original
pan angles that appear in Table 7.1. The next step is the distance minimization expressed by
Equation (7.14). The minimum result amongst all camera viewpoints determines the original
image to use for mapping. The rest of Table 7.2 lists the distances measured between every
camera viewpoint ({a, b, ..., h} of Figure 7.1) versus every viewing direction ({i, ii, ..., xii}
of Figure 7.2). The minimum distance for each keyframe appears in boldface numbers. The
camera viewpoints used are those that correspond to these numbers.

After determining the appropriate original image to use by minimizing angle difference,
mapping is performed. The keyframes of that sequence are shown in Figure 7.5 on Page
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Cam.— (a) (b) © (d) () (f) (8) (h)

p— || -53.0427 | -105.8211 | -155.3958 | 156.3501 | 158.7623 | 146.1463 | 122.0288 | 48.6178

frame|  pgy — || 350.5071 | 297.7287 | 248.1540 | 199.8999 | 202.3121 | 189.6961 | 165.5786 | 92.1676

(i) 230.0 || 120.5071 | 67.7287 | 18.1540 | 30.1001 | 27.6879 | 40.3039 | 64.4214 | 137.8324

230.0 || 120.5071 | 67.7287 18.1540 | 30.1001 | 27.6879 | 40.3039 | 64.4214 | 137.8324

240.0 {| 110.5071 | 57.7287 8.1540 40.1001 | 37.6879 | 50.3039 | 74.4214 | 147.8324

200.0 || 150.5071 | 97.7287 48.1540 0.1001 2.3121 10.3039 | 34.4214 | 107.8324

200.0 || 150.5071 | 97.7287 48.1540 0.1001 2.3121 10.3039 | 34.4214 | 107.8324

195.0 || 155.5071 | 102.7287 | 53.1540 4.8999 7.3121 5.3039 29.4214 | 102.8324

210.0 || 140.5071 | 87.7287 38.1540 10.1001 7.6879 | 20.3039 | 44.4214 | 117.8324

210.0 || 140.5071 | 87.7287 38.1540 10.1001 7.6879 20.3039 | 44.4214 | 117.8324

185.0 || 165.5071 | 112.7287 | 63.1540 14.8999 | 17.3121 4.6961 19.4214 | 92.8324

185.0 || 165.5071 | 112.7287 | 63.1540 14.8999 | 17.3121 4.6961 194214 | 92.8324

)
)
)
)
)
(vii)]  205.0 || 145.5071 | 92.7287 | 43.1540 | 5.1001 | 2.6879 | 153039 | 39.4214 | 112.8324
)
)
)
)
)

180.0 || 170.5071 | 117.7287 | 68.1540 19.8999 | 22.3121 9.6961 144214 | 87.8324

Table 7.2: Determining the minimum distance between every camera viewpoint and synthesized keyframe
view. The images used for mapping are those that correspond to the minimum distances appearing in
boldface numbers.

151. Intermediate viewpoints and viewing directions can be determined by interpolating the
parameters of the camera between keyframes. For example, Figure 7.6 on Page 152 shows
intermediate views generated between Keyframes (iii) and (iv) of Figure 7.5.

Notice that, after applying the rotation to compensate for the swing effect for Cameras
(e) and (f), their corresponding images could successfully be used here in six synthesized
images. This results in four different images selected in this example for mapping. Those
images correspond to Cameras (c), (d), (e) and (f) where Camera (c) is used for Keyframes
(i) through (iii); Camera (d) is used for Keyframes (iv) through (vi); Camera (e) is used for
Keyframes (vii) through (ix); and Camera (f) is used for Keyframes (x) through (xii).

Finally, if silhouette extraction step is preferred to be skipped so more execution time can
be saved, the projections of the bounding boxes can be used as opacity maps instead of the
silhouette images. The results of using bounding boxes are shown in Figure 7.7 on Page
153. However, note that, in this case, undesirable artifacts composed of ground patterns are
introduced to the synthesized images.
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(i) (i) (iif)

Figure 7.5: Keyframes of the synthesized sequence shown in Figure 7.2 generated by the virtual camera where

silhouette images are used as opacity maps.
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)

Figure 7.6: Intermediate views can be generated. Those views are generated between Keyframes (iii) and (iv)
of Figure 7.5.

7.8 Parameters and Thresholds

Virtual camera parameters are used to represent obstacles as planar patches. The pan angles
of the original cameras are used to minimize distance with the virtual viewing direction and
select the appropriate view for mapping. Of course, the virtual camera parameters are also
used to generate sequences for any of the representations; i.e., volumetric or planar. Also,
in order to generate a sequence, the parameter n representing the number of steps of the
sequence should be determined. This parameter determines the step size among successive
frames. If its value is too high, the transition among frames will be smooth; however, this
comes at the price of more execution and running time. If the value of n is too low, the
transition from one frame to another will be abnormal. Notice that the value of n should
proportional to the total length of the virtual path. Other parameters are needed to generate
the sequence. These parameters are two points on the top view of the scene in addition
to the real distance between them. Those are used to determine the similarity matrix that
transforms between the real world measurements to the top view pixel coordinates. Finally,
Sections A.7.2 and A.8 summarize the role of each of the above-mentioned parameters.

The rest of this chapter presents a complete application where sequences are to be generated
for a path defined by the operator considering different methods of representation; volumetric
as bounding boxes and as voxels; and planar where silhouette and alternatively bounding

boxes projections are to be used as opacity maps.
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(iii)

(%) (xi) (xii)

Figure 7.7: Keyframes of the synthesized sequence shown in Figure 7.2 generated by the virtual camera where
the projections of the bounding boxes are used as opacity maps.
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7.9 A Complete Application

In this section, we will go through the details of the algorithms proposed in this thesis by
considering a complete application. In particular, four different alternatives of generating a
virtual sequence for a specified path will be presented. Our procedure can be summarized
as follows. We start with a group of images. Our proposed junction detection operator,
JUDOCA, is to be applied to those images. Features on the ground are to be detected so that
the remaining features are considered to belong to obstacles. Our wide baseline matching
approach is to be applied to candidate pairs. The result will be a list of corresponding
points; i.e., a match set. Then, the 3D location of every point in space can be estimated
by triangulation. At this point, we will end up with a cloud of 3D points. Through our
hierarchical structure we proposed, points in 3D space are to be clustered. Thus, a bounding
box can be obtained for each obstacle (which can be used as a final representation for the
obstacle in some applications). Through a space carving scheme, every bounding box can be
split into voxels. Occupied and vacant voxels can be determined through shape from silhouette
and color consistency observations. This will result in a 3D structure representing each
obstacle. Another approximate representation of obstacles can be done via planar mapping.
Two variants will be shown where silhouettes are to be used as opacity maps and alternatively
the projections of the bounding boxes are to be used instead.

Now, let us consider the site shown in Figure 7.8 on Page 155 where eight images are
available. Table 7.3 on Page 156 lists the camera parameters of each image using w, ¢ and
x angles where the world origin is placed as shown in Figure 7.9(a) on Page 157. The error
margins are assumed to be +10 mm, +10 mm, 10 mm, +1.0°, £1.0° and +1.0° for AX,
AY, AZ, Aw, A¢ and Ak respectively. The overhead view is generated using the method
described in Appendix D. Different patches are mapped at their respective locations through
triangulation as done in Equation (2.77). The final result of the overhead view is shown in
Figure 7.9(b) on Page 157.

Let us consider the pair (f)-(g) shown in Figure 7.8. Junctions detected by the JUDOCA
operator, described in Chapter 3, are shown in Figure 7.10 on Page 158. The features that
putatively belong to the ground are detected using the algorithm explained in Chapter 4.
This step results in a match set that putatively belong to the ground plane. This set is
shown in Figures 7.11(a) and (b) on Page 159. Applying RANSAC scheme to this match set
provides an updated version of the ground homography matrix. Consequently, more features
that belong to the ground plane but do not represent match pairs may be identified. These
features are shown in Figures 7.11(c) and (d).
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|Image | X Y Z w | 4 K

(a) | -386.8721 | 91.3538 | 761.4270 | 2.5962 | -30.9155 | -83.5224
83.8084 | -317.5293 | 763.2127 | 30.5821 | -0.6745 | 0.3239
351.8765 | -349.7548 | 749.8407 | 29.6836 | 12.3346 | 21.0880
509.2151 | -238.6600 | 742.8595 | 24.9641 | 23.0747 | 40.9618
620.7139 | 77.2922 | 742.3834 | 7.5144 | 32.0715 | 82.2833
577.4111 | 422.3900 | 753.2084 | -15.2744 | 28.9333 | 125.6392
170.9942 | 657.6221 | 752.5581 | -31.5844 | -7.1256 | -165.1466
-220.2339 | 531.4125 | 755.2014 | -21.5670 | -22.6891 | -130.9459
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Table 7.3: The parameters for each camera of the set shown in Figure 7.8. The world origin is at point “1”
at the corner of the central paper, the X —axis is along “1” - “3” direction and the Y —axis is along “1” - “7”
direction. Thus, the XY —plane coincides with the ground surface. The Z—axis is vertical or perpendicular
to the ground plane. The units are in millimeters for X, Y, Z and in degrees for w, ¢ and x. Each image is
640 x 480 pixels. The focal length is 3.6 mm. The format size is 3.5311 x 2.7446 mm.

The operation of extracting the ground features leaves two sets of candidate points to
be wide baseline matched. Those sets are the complement of the feature sets shown in
Figures 7.11(c) and (d) where the universal sets are those junctions detected by the JUDOCA
operator. Wide baseline matching algorithm explained in Chapter 5 is applied to candidate
junctions. Using a window of 15 x 15 pixels, homographic SAD is applied. The threshold
used to match features on obstacles is, tg4p, 6200. The results of the above pair are shown in
Figures 7.11(e) and (f) on Page 159 with a success rate of 83.3%. Of course, applying another
threshold may improve the overall percentage; however, we want to show the ability of the
clustering procedure to exclude outliers that might occur.

The match set obtained above is turned into 3D point set through triangulation using Equa-
tion (6.1). Due to the inaccuracy of camera parameters, some 3D points may be estimated
within a narrow range under the ground plane. If this case happens, the third term of their
vectors is then put to 0 so that all points become on or above the ground surface.

The algorithm discussed in Chapter 6 to cluster points in 3D space is applied. Using the
hierarchical structure we presented — to the outcome set of 3D points obtained from the pair
(f)-(g) — resulted in the bounding box shown in Figure 7.12(a) on Page 160. Four clusters
turned roots at the third level of the hierarchical structure. One of these clusters contains
9 points while each one of the other 3 contains only one point. The difference between the
correct and wrong clusters can be distinguished by the difference in number of points of each
cluster where clusters that represent obstacles are of larger number of points. The other
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(b)

Figure 7.9: (a) The world coordinate system is shown where the world origin is located at a corner of a paper
on the ground surface and where the XY —plane coincides with the ground surface and the Z—axis is vertical.
(b) The overhead view generated using the method described in Appendix D.

l Ming 1 MAL,; | MmNy l mazy | min, | mazx,
-24.12 | 178.79 | -193.87 | -53.21 | 0.00 | 189.48
206.97 | 369.81 | 366.2b | 498.56 | 6.52 | 112.90

Table 7.4: The dimensions and locations of the bounding boxes for the obstacles using the couple of pairs

(£)-(g) and (h)-(a).

clusters represent isolated points. Thus, a threshold that restricts the minimum number of
points in clusters may exclude these incorrect clusters (we used 5 in this example). Notice
that, in this point set, only one match is detected on one of the obstacles; hence, no bounding
box is obtained for that obstacle. Also, notice that a part of the other obstacle could not be
included in its corresponding bounding box as the point set did not cover its whole surface
area. In order to improve the obstacle localization results, the output of another image pair
can be added prior to clustering. This is what has been done in Figure 7.12(b) where the pair
(h)-(a) has been utilized. The dimensions and locations of the bounding boxes are listed in
Table 7.4 on Page 157.
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(b)

Figure 7.10: Examples for detecting junctions where the JUDOCA operator is applied to Images (f) and (g).
Junctions are superimposed on image. The parameters used are ¢ = 0.9, tg =9, A = 10 and s; = 0.5.

7.9.1 Sequence Generation

Suppose that the operator requests to generate the sequence as seen by a virtual camera
moving along the path shown in Figure 7.13 on Page 160 where the black circle represents the
start point and the arrow represents the end. The viewing direction, is determined so that
the camera points along the direction of the motion as in Equation (7.10).

From the results obtained above, a virtual sequence can be generated. Different alternatives
may be obtained. These alternatives are presented in the next subsections.

7.9.1.1 Volumetric Representation

There are two possible volumetric representations. These are: representing each obstacle as a
bounding box; and alternatively representing it more accurately through voxelization. Using
the bounding boxes shown in Figure 7.12 along with the overhead view generated and shown
in Figure 7.9(b), a sequence of images seen by a moving robot along the path shown in Figure
7.13 is generated. Figure 7.14 on Page 161 shows 20 frames of that sequence.

Using a window size of 15 x 15, silhouettes are extracted for all images through thresholds,
ts, ranging from 3150 to 8875. Following the silhouette extraction, voxelization process begins.
The two bounding boxes are split into voxels. The resolution, or voxel side length, €, used is 2
mm. Through this resolution and the sizes of the boxes listed in Table 7.4, the total number
of voxels resulted are 687990 and 296676 for Obstacles (1) and (2) respectively. A voxel is
declared vacant if its projection onto t,s = 1 images falls out of the corresponding silhouette.
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Figure 7.11: Using Images (f) and (g) of Figure 7.8. (a) and (b) The features detected on the ground that
represent matches. This result is obtained using a window of 25 x 25 pixels where the parameters are t; = 0.6
t;, = is 20.0. (c) and (&) The features putatively belong to the ground surface after applying RANSAC and
obtaining the updated homography matrix with parameters ty = 3.0 and t, = 0.5. (e) and (f) Homographic
SAD correlation results of obstacle features. The parameters are N = 15 and tsap = 6200.
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Figure 7.12: (a) The result of clustering obtained using the pair (f)-(g). The minimum distance used, ty;,
is 200 mm with minimum of 5 points. (b) The result obtained after adding the pair (h)-(a). The minimum

distance used, ty,, is 150 mm with minimum of 5 points.

Obstacle (2)

Figure 7.13: Representation of the top view of the scene under consideration where a path is determined by
the operator to generate a sequence of image as seen by a robot moving along this path. The parameters of
that sequence are t, = 280, f = 150, 7 = 40.0° and ¢ = 0.0° where distances are measured in pixels and
angles are measured in degrees. The locations of the moving camera on the ground plane; i.e., ¢, and t, vary
according to the position along the path. The pan, p, is determined so that the camera points along the
direction of the motion as in Equation (7.10). The frame size requested is 200 x 200 pixels and the number

of steps, n, is 200.
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Figure 7.14: Twenty frames of a sequence requested by the operator. This sequence of images considers

volumetric representation using bounding boxes.
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Through this test 375479 and 7291 voxels are declared vacant, which represent percentages
of 54.6% and 2.5% for Obstacles (1) and (2) respectively. Color consistency test threshold,
tz, used is 50 while the minimum number of images, t,z, to be used for color consistency
test is 3. By checking the connectivity of voxels, 220656 and 260484 of them where declared
hidden in Obstacles (1) and (2) respectively representing percentages 32.1% and 87.8% for
both obstacles. Figure 7.15 on Page 163 shows 20 frames of the sequence using voxelization
method. These frames correspond to those of Figure 7.14.

7.9.1.2 Planar Representation

Again, a sequence of images seen by a moving camera along the path of Figure 7.13 is to
be generated using planar representation. In this representation, we may use the silhouette
images extracted before as opacity maps to extract obstacles out of their background and
add more realism to the final appearance. Figure 7.16 on Page 164 shows 20 frames of the
sequence using planar representation method. These frames correspond to those of Figures
7.14 and 7.15. Different original images were used for mapping and generating this sequence.
However, extracting silhouettes may be time consuming. So, in order to save more time,
silhouette extraction step may be skipped and the projections of the bounding boxes may be
used for mapping instead. Figure 7.17 on Page 165 shows the corresponding 20 frames using
this approach.

7.10 Summary

Volumetric representation presented in Chapter 6 could be time and space consuming espe-
cially if the resolution of discretization is too high and the bounding box volume is too big. It
may not be suitable in cases where restrictions on time and space are present. Hence, we may
need to find a compromise among time, space and final appearance through an alternative
representation. We claim that a planar representation could be the solution.

This chapter enclosed two parts. In the first part, we discussed an approach to represent
obstacles in a scene. It is an approximation to the appearance of the obstacle by a planar
patch mapped onto the synthesized image. The planar patch was selected from the original
set of images. The view was chosen as the closest possible one to the virtual camera viewing
direction. Mapping through homography matrix was used to transform the image of the
obstacle to its location in the synthesized image. The source area in the original image
and the target area in the synthesized image were determined through the minimum and
maximum coordinates of the projection of the bounding box of a given obstacle. (Those
bounding boxes were obtained as proposed in Chapter 6.) Silhouette images might be used
as opacity maps in order to exclude the background that might be present and add realism
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Figure 7.15: Twenty frames of a sequence requested by the operator. This sequence of images considers
volumetric representation through voxelization.
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Figure 7.16: Twenty frames of a sequence requested by the operator. This sequence of images considers planar

representation where the silhouette images were used.
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Figure 7.17. Twenty frames of a sequence requested by the operator. This sequence of images considers planar

representation where the projections of the bounding boxes were used.
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to the final synthesized image. Instead, the projections of the bounding boxes might be used
in order to save time consumed by the silhouette extraction step.

The second part of this chapter presented an application where a site containing two ob-
stacles was considered and a sequence of images, seen by a virtual camera moving along a
predefined path, was requested. We went through the steps of our modeling system as ap-
plied to this example. Two different volumetric representations were considered; as bounding
boxes and as voxels. Planar representations displaying obstacles as planar patches were also
considered where silhouette images and bounding box projections were used as opacity maps.
Sequences of images requested were obtained.



Chapter 8

Conclusions

In this thesis, we address the problem of scene modeling of a work site through different
approaches. We assume the existence of a planar ground surface as well as a few obstacles
that must be detected and avoided by a moving robotic vehicle. Moreover, a few wide baseline
images are available for the work site. This implies that a small number of scene points
may be visible in more than two views. In addition, camera parameters; i.e., positions and
orientations, are assumed to be obtained through the use of sensors such as GPS, inertial
devices or other measuring tools. According to the error margins of the sensor used, the
parameters read should lie within some range. A sequence of synthesized images of the work
site is required by the operator. Every synthesized image should contain a representation of
each obstacle as well as the ground plane.

8.1 Summary of the Proposed Algorithms

We suggest a number of approaches to model the scene under consideration. Each of these
approaches starts with detecting junction features in images using an operator we proposed
and called JUDOCA [LE, LE04]. This operator defines junctions as points where linear ridges
in the gradient domain intersect. It provides the location of the junction, the number of edges
forming it as well as their orientations accurately for our task. The scene modeling algorithm
then proceeds by determining the approximate inter-image ground plane homography between
every pair of images. We suggest two different ways to estimate the homography matrix
that relates the planar ground surface between a pair of images. The first method utilizes
the approximate parameters of the camera to calculate what we call the planar perspective
matrix and hence the inter-image homography matrix can be estimated. The second uses the
equation of the ground plane; e.g., [0,0,1,0]T assuming that the Z—axis is perpendicular to
the ground. Hence, through this information and the possible error margins of the camera
parameters, we should be able to detect matches that belong to the ground plane. Then, using

a RANSAC scheme, we get an updated version of the ground plane homography matrix for

167
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every pair of images. Consequently, we can identify other junctions on the ground plane where
matches are not available as presented in [Eli04]. This step leaves features that putatively
belong to obstacles. This facilitates the matching of feature points on obstacles that comes

later.

Every 2-edge junction contributes to a plane in space. Using the information of the detected
junctions and the approximate camera parameters, we calculate the equation of the plane on
which the corresponding 3D junction should lie. Hence, the homography matrix that relates
the images of that plane can be estimated. Through homographic correlation, matching of
feature points that putatively belong to obstacles may be performed. Obeying the epipolar
constraint as well as utilizing the error margins of camera parameters available, the search for
matches is restricted to a strip surrounding the epipolar lines. Our homographic correlation
approach has an impact comparing to non-homographic correlation as presented in [Eli04].

At this point, we end up with a set of point pairs or a match set. For every pair, we estimate
the 3D location of the point in space by triangulation. Then, clustering of 3D points in space
according to some proximity criterion can be performed through a hierarchical structure we
propose that is based on the concept of irregular pyramids [Eli03a]; hence, a bounding box
for each obstacle can be obtained. All approaches we suggest share the algorithm up to this
point. For some applications, a bounding box may be sufficient to represent the obstacle,
which is the first volumetric representation we suggest as an output for the sequence.

We suggest another volumetric representation that is based on a voxel occupancy scheme
as proposed in [EL04]. Again, applying RANSAC to every match set, we get an updated
version for the fundamental matrix, F, for every pair of images. Then, more accurate pro-
jection matrices, P, may be estimated. Using the above set of homography matrices and the
projections of the bounding boxes, we extract silhouette-like images for the obstacles corre-
sponding to every image in the set. We split the bounding boxes obtained previously into
voxels according to some resolution and allocate space for these voxels dynamically. Finally,
we use the projection matrices and the silhouette images to determine the voxel occupancy
through color consistency test and shape from silhouette approach. Hence, another volumetric
representation for each obstacle can be obtained.

We suggest another approximate method that represents obstacles as planar patches. The
location, size and boundaries of those patches, in the synthesized image, are determined using
the projections of the bounding boxes obtained previously. Mapping between the original
images and the synthesized image is performed to render the images of the obstacle. Choosing
which image to render is done through minimizing the distance among all candidate images
between their corresponding pan angles and the viewing direction of the synthesized image.
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The projections of the bounding boxes may be used as opacity maps at this step. Alternatively,
silhouette images may be used as opacity maps in order to exclude the projection of the ground
plane and add more realism to the synthesized image.

One last point related to all approaches suggested is representing the planar ground surface.
The ground plane is displayed through what we called the planar perspective matrix. This
3 x 3 homography matrix can be estimated through the virtual camera parameters. The
estimation of this matrix through different rotation systems was discussed in the thesis and
in [EL03] as well. In addition to displaying the ground plane, this matrix may be used to
relate the overhead view of the work site to the image plane. Hence, it may be used to relate
the projections of the ground plane between a pair of images as mentioned earlier.

8.2 Complexity Analysis

As mentioned in Section 1.4, we may categorize the steps of our algorithm in the following
stages.

Step 1: Representing the ground plane;
Step 2: Junction detection;

Step 3: Ground feature matching;
Step 4: Matching on arbitrary planes;
Step 5: Point reconstruction;

Step 6: Point clustering; and

Step 7: Volumetric and planar representation.

In what follows, we will estimate the time to be consumed by each of the above-mentioned
steps.

Step 1: Obviously, it takes constant time; i.e., O(1), to turn the virtual camera parameters
into the planar perspective matrix to display the ground surface in the resulting synthesized
image.

Step 2: If the number of pixels in the input image is N, and every pixel is processed to
determine if a junction is present at that location, then the time consumed by this junction
detection step is linear. In other words, the cost of this step is O(Np).

Step 3: Junctions detected in two images form two disjoint sets that contribute to a
bipartite graph. At the ground feature matching step, a link is sought between two candidates;
each from a different set. If the number of junctions in the left image is N; and the number
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of junctions in the right image is NN,, then the time spent by this step is O(N;NN,) taking
into consideration that a number of operations is required to be performed for each pair of
candidates as explained in Chapter 5.

Step 4: Matching on arbitrary planes step has the same time complexity as the previous
step; i.e., O(N;N,) taking into consideration the number of operations to be performed for
SAD and VNC as explained in Chapter 5.

Step 5: At this step, constant time; i.e., O(1), is required to reconstruct a point in space
through its projections onto images. If the number of match pairs is N,,, then the time
consumed by this step is O(N,,).

Step 6: The cost of merging two clusters into one larger one is quadratic since all points
in one cluster are checked against all points in the other cluster. Suppose that the number
of points in clusters C; and Cy are Ng; and Nea, then the time cost will be O(Ne1Nea) taking
into account that several clusters may be present at each level of the hierarchical structure.

Step 7: For the silhouette extraction phase, if the number of images is N; and the number
of pixels to be processed is N, then the time required to extract a silhouette is O(N,N;) taking
into account the number of operations to be performed for correlation. For the voxelization
phase, if the number of images is N; and the number of voxels is N, then the time required
to process all voxels is O(N;NV,). In case of planar representation, it takes constant time to
determine the projections of the bounding box corners and calculate the matrix needed for

mapping.

It is evident from the complexity analysis that the steps with quadratic time complexity
are the dominating factors; i.e., those that require the largest amount of processing. However,
one should notice that inputs to different steps are quite diverse. While the inputs to the
junction detection step are pixels of input images and the inputs to the matching step are
sets of junctions and pairs of images, the inputs to the point reconstruction step are locations
of junctions and for the point clustering step is a set of 3D points. Finally, the inputs to
the voxelization step are a group of images in addition to bounding boxes; i.e., a variable
number of voxels. Thus, the amount of time consumed by every step depends not only on the
complexity but on the type of inputs as well. For example, although the complexity to merge
two clusters is quadratic, all clusters together can be processed in real time in most cases
since usually the number of points is not large at this step. Also, while the time complexity
of Step 2 is linear, this operation can be performed in real time as we work on two binary
images, which reduce the time spent considerably. Moreover, although the complexities of
Step 3 and Step 4 are the same, the time consumed by Step 3 is expected to be more than
that of Step 4 since at Step 3, all junctions are to be processed while only a selective set of
the junctions is processed in Step 4.
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8.3 Discussion

Algorithms developed may work on both gray-scale and color images resulting in different suc-
cess rates. Different examples were presented throughout the thesis to show the effectiveness
of the techniques we presented.

Binary, gray-scale and color images: As the position and shape of the any junction
can be detected through the edges forming it, binary versions of the edge maps are used at the
junction detection stage to accelerate the process. In order to perform matching, gray-scale
as well as color images are used to collect information from the intensity and color channel
values. Color channels may be used in the wide baseline matching phase that often produce
better match set comparing to using the gray-scale versions of the images. However, the
following stage; i.e., clustering, may not be affected if gray-scale or color images are used
as the information inferred from the images are irrelevant in this case. Color images play a
major and key role at the voxel occupancy determination stage. For presentation purposes,
we used color images for volumetric and planar final representations of the obstacles.

Number of images: At the junction detection stage, individual images are to be operated
on separately. Pairs of images are used at the homographic correlation stage to detect both
ground and obstacle matches. Notice that, because of the wide baseline constraint, a small
number of feature points may appear in more than two views. One of our concerns was to
obtain the largest number of matches through the minimum processing time we could. Thus,
a minimum number of images is used to match features in order to obtain the largest match
set to be used for reconstruction. Considering this fact, pairs — rather than triplets — of images
are considered at the matching phase. Finally, after this stage and locating the points in the
Euclidean 3D space, all available images are exploited in order to achieve a good volumetric
or planar representation for a given obstacle.

Feature detection: We explained that in order to facilitate the matching process, interest
points should be detected as a primary step. A corner detector can provide information on
the locations of interest points in images. Any corner point detector may be used as this stage
to find feature points. However, such a detector concerns mostly with the positions of those
points. Hence, we developed a junction detector, called JUDOCA, that not only detects the
locations of such points but provides information on the shape of the areas surrounding them
as well. We assumed that the locations of those points happen where ridges in the gradient
domain of the image intersect. The development of our operator made the matching process
much easier.
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Ground feature detection: Through the approximate camera parameters along with
their corresponding error margins provided by the sensor or the measuring device used, we
can remove most of the possible matches that belong to the ground plane. Although at this
stage, it is not our primary goal to detect match points on the ground plane, the existence
of such a step relieves some pressure off the next step; i.e., the matching step. Few of the
ground features may leak to the next step. There are some reasons why this step may not
detect all ground features. One reason is that some of the real matches might be occluded
behind objects in the other image or having their correspondences outside the boundaries
of the other image. Also, the inaccuracy in camera parameters reflects on the homography
matrix calculation. This may cause the correlation value to trigger the given threshold and
hence abandon right matches. Another reason is that some feature points might not have
correspondences because no junctions could be detected at their corresponding locations.
Hence, a further RANSAC phase is used afterwards to update the homography matrix and
remove other ground feature points that do not constitute match pairs. Moreover, using
the updated versions of the homography matrices may solve the problem of triggering the
threshold due to the inaccuracy in camera parameters. In our experiments, we found that
enlarging the correlation window at this stage as well as applying conservative thresholds may
enhance the results. Another point to be mentioned here is the use of triangulation at this
stage. We found that triangulation and checking the height of the point in space may avoid
detecting mismatches at the occluded areas.

Homographic correlation: As perspective deformation is likely to happen in case of wide
baseline correlation, the homographic SAD correlation we propose gives better results than
the non-homographic SAD correlation to match wide baseline pair of images. This measure
is invariant to projective transformation, which dominates the case of wide baseline imaging.
The achievement reached by homographic VNC correlation improves the correlation approach
within a limited range according to the variance in lighting conditions among views. Also,
color images tend to give better results where more information supplied through the three
color channels is utilized instead of only one gray-scale channel. Experimental tests show that
the larger the correlation window, the better the results. This is expected as the correlation
of a mismatch pair tends to diverge significantly with the extension of the correlated area
through homography matrix.

SAD versus VNC homographic correlation: It is evident that the number of oper-
ations to be performed to calculate SAD and VNC varies substantially. It is much easier,
simpler and faster to use the SAD correlation. However, there are a number of factors to con-
sider. The first consideration is that the use of VNC homographic correlation outperforms the
SAD version in situations like changing in lighting conditions. Another consideration is that
with the advances of today’s hardware, the speed of the processors may reduce the execution
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time to perform VNC calculation and make the difference between SAD and VNC negligible
in many cases.

Hierarchical clustering: The concept of irregular pyramids, that is used usually on
images, is used in a different way in this thesis on a set of space points. Clustering of space
points is done hierarchically according to a proximity criterion. This results in a more global
information pertinent to each obstacle separately. Hence, this stage may be used to localize
obstacles by itself and may be used as a final result for a robot to navigate safely in its
environment.

Voxelization: Note that the error margins of camera parameters may be used with the
initial rough estimates of the ground homography matrix to extract the silhouettes by search-
ing for the right match within a specific range. However, extracting silhouettes this way
might be expensive in terms of run time. Instead, finding matches that belong to the ground
plane and hence applying RANSAC to get an accurate version of a homography matrix before
using it to extract silhouettes may save time. Moreover, at this stage, the whole bounding
box volume may digitized into voxels and checked for color consistency. However, we find
that the silhouette extraction step plays a key role in determining the occupancy of a voxel by
assuring whether a voxel is vacant. Finally, experiments show that checking the connectivity
of a voxel may considerably save space and hence memory when processing and displaying
the final synthesized image.

Silhouette extraction: The process of silhouette extraction relies on how accurate the
homography matrix of the ground is estimated. This matrix, calculated through RANSAC
procedure, relies, in turn, on the matches detected behind the obstacles in the different views.
For example, if no matches were detected in the background of an obstacle due to occlusion
or lack of junctions detected, the accuracy of the homography matrix may be affected. One
solution to this problem can be done by stretching the parameters of the JUDOCA operator
in order to increase the number of junctions detected and hence increase the chance to detect
matches and obtain accurate homography matrix.

Updating calculations: RANSAC scheme is used twice in this thesis; once to update
the homography matrices of the ground plane and another time to update the fundamental
matrices following the matching process. The enhanced homography matrices are used twice;
once to detect the ground features prior to matching features on obstacles and another time
to extract silhouettes. Updated fundamental matrices may also be used twice; once to exclude
mismatches that might occur at the matching stage and another time to update the projection
matrices for subsequent voxelization and silhouette extraction steps. In our experiments,
skipping RANSAC step applied to the match set to get enhanced fundamental matrices may
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not affect the clustering process as clustering space points may exclude possible mismatches
as those mismatches will likely result in isolated 3D points.

Performance issues: Execution time varies from one phase to another in our system.
Using a Pentium 4 machine at running 1.8 GHz, we measured 1.01 and 0.93 seconds to detect
322 and 301 junctions for the pair shown in Figure 3.10 on Page 49 (both images are of size
640 x 480 pixels). We measured an execution time of 32.50 seconds to detect ground feature
matches between the same pair of images. Further processing with the updated homography
matrix consumes 15.66 seconds while homographic VNC correlation takes 4.25 seconds to
execute both directions. Alternatively, homographic SAD correlation takes 1.61 seconds to
execute both directions as well. Execution time for clustering the output of 2 pairs; that is
23 points, is 0.38 seconds.

Of course, at the voxelization stage, the resolution plays a key role resulting in different
number of voxels and hence affects the execution time. Using a size of 1 mm for a voxel side
length in the same example results in 947376 voxels, which takes 59.62 seconds to detect all
surface voxels. The most expensive step in voxelization is the silhouette extraction stage.
Again, depending on the area of the projected bounding box onto the image, the execution
time for silhouette extraction may vary significantly. For example, the execution time for the
image shown in Figure 3.10(a) is 838.39 seconds. Unlike the previous steps, the correlation
here is applied to all pixels, which results in extended execution time. Hence, this step may be
ignored in the planar representation option where the whole projection of the bounding box
may be used as done in Figure 7.17 on Page 165. (Execution time to detect the projection of
the whole bounding box for the same image takes only 0.51 seconds.)

Which representation is the best? In this thesis, we presented several methods to
model the scene under consideration. These methods include volumetric representations as
bounding boxes and as voxels; and planar representations where the projections of the bound-
ing boxes were used or alternatively silhouette images might be used as opacity maps to add
more realism to the output sequence. These ideas may result in 4 different final appearances
for the same sequence. So, which one is the best amongst them? This depends on the target
goal. For example, if the main concern is to avoid collision, bounding boxes representation
might be enough. There is a very important issue relating to this representation which is the
time consumed to output a sequence of that representation that is the fastest amongst all.
However, if more accurate volumetric representation is required, then voxelization might be
deployed with the cost of more time to be consumed but, at the same time, with the privilege
of more details to be available. In contrast to bounding boxes representation, voxelization
provides images rendered with different accuracy levels depending on the resolution used.
Planar representation provides rendered images where the voxelization step is skipped and
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hence time consumed by it might be saved. If it is required to be save more time while pre-
serving the rendering option, then planar representation might be used where the silhouette
images are replaced by the projections of the bounding boxes.

8.4 Future Research

One important topic for future research is using the available information to automatically
adjust the parameters and thresholds. For example, the information on camera parameters
like the height of the camera and focal length gives an idea about the volume seen and how
large it is. Through this information, the threshold ty;, used with the proposed hierarchical
structure to cluster points in space, may be adjusted. Also, knowing the bounding box sizes
and the dimensions of the requested synthesized sequence frame may be used to determine
the voxel size by adjusting the parameter e.

Several other research ideas have emerged out of our work in this thesis. We have imple-
mented some of them partially and are planning to pursue the rest of them in the near future.
We may categorize those ideas in the following topics.

3D reconstruction: In some application, we may use the plane equations constructed by
junctions to build the surfaces by grouping or clustering planes with close equations according
to some proximity criterion and hence getting average plane equations. Then texture mapping
is performed to render the area enclosed by each patch and defined by a homography matrix.
This may be a good idea for scenes where planar surfaces dominates the environment.

Another idea pertinent to planar equations comes after clustering points in 3D space to
obtain bounding boxes for obstacles. The bounding boxes may be split into parallel planes
with limited areas. The equation of each planar patch can then be calculated and homographic
correlation is to be applied to the planar patches to extract the occupied voxels. However,
those ideas may work better in case where considerable planar patches may exist; e.g., indoor
scenes or architecture models and buildings.

We have noticed through our work with voxelization that some holes in the resulting object
may appear that we might need to fill in. As well, some boundary voxels may be present and
might be needed to erode away. As morphological operators; e.g., erosion and dilation, could
be used on 2D binary images, we suggest using 3D morphological operators on voxels. In
Image Processing, the structuring element is usually a 2D array characterizing the effect of
the operation. In 3D wozel morphology, a 3D array should be used as a structuring element.
There are two states when working on binary images; i.e., foreground and background. The
corresponding two states for 3D voxel morphology is being occupied or vacant.
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Stereo matching: In this thesis, we have used the information about approximate camera
parameters to facilitate the matching process between pairs of images by constructing the
planes of junctions — detected by JUDOCA operator — in space and performing homographic
correlation. In cases where no camera parameters are known, we suggest applying JUDOCA
operator to both images. This is followed by slicing the circular section enclosed by every
2-edge junction into radial rays radiating from the position of the junction according to some
factor. SAD correlation of Equation (5.1) or VNC correlation of Equation (5.2) is to be
applied to corresponding rays in both images. The overall correlation value for the junction
should indicate the best match. We have implemented several steps of this approach. The
results have shown promise.

Given the same conditions mentioned above, we suggest another correlation approach. We
start by applying JUDOCA again to both images. SAD correlation of Equation (5.1) or
VNC correlation of Equation (5.2) is applied to the triangular area enclosed by the position
of the junction and the CA points through a 3 x 3 affine transformation matrix. Affine
transformation matrix has 6 DOF’s and can be fully defined through using 3 pairs of points.

Stereo compression: Following the idea of hierarchical processing, our work in Chapter
6 and [Eli03a], we suggest using the concept of irregular pyramids for stereo compression.
In [EL99], we presented an approach based on the concept of irregular pyramids to segment
a stereo pair according to disparity vectors. We propose to extend this idea by using its
segmentation results to store one image and information on the second. This information
may include disparity vectors and region boundaries according to the segmentation results.
The boundaries may be represented through run length coding (RLC).

Image transmission: Another idea that utilizes the concept of irregular pyramids may
be suggested to hierarchically transmit an image through a region growing algorithm. This
algorithm segments an image into regions according to the intensity levels. In ordinary hierar-
chical transmission, the average of a squared region may be transmitted along different levels
of a pyramid. Here, we suggest that irregular regions shaped according to the segmentation
results are to be transmitted along different levels. Only the difference between each two
consecutive levels is to be transmitted. This results in crisp boundaries along different levels
of abstraction comparing to blurred regions in ordinary hierarchy.

Segmentation of the ground plane: We presented a new method for extracting silhou-
ettes based on determining the projections of the bounding boxes on the original images and
applying correlation among candidate images. The same idea may be applied in case that the
ground surface is required to be segmented and extracted from the scene.
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Parameters recovery: An idea to recover accurate extrinsic camera parameters, if the
focal length and the height of the camera are given, may be presented. Its algorithm starts
with detecting junction using the JUDOCA operator. Matching is then applied through
homographic transformation. RANSAC scheme is applied to obtain an updated fundamen-
tal matrix. Consequently the fundamental matrix is transformed into the essential matrix
through the calibration matrix. Singular value decomposition (SVD) is applied to decom-
pose the essential matrix into a rotation matrix and a translation vector. The rotation angles
can be recovered from the rotation matrix as explained in Chapter 4. In the decomposition,
the translation vector will be normalized; however, assuming the height of the camera, the
other two parameters of the translation vector can be recovered.

Vector graphics: In order to convert from raster images; e.g., .pgn format, to vector
drawings; e.g., .dwg format, we suggest using the circumferential anchors idea that has been
used in our junction detector. At the end of each scanned line, we assign a weight to indicate
the length and angle of inclination of that line. After scanning the whole image, we combine
the lines according to their weights. (Of course, this idea will approximate curves into line
segments.)

Virtual environments: In the SMART project, we have applied the planar perspective
matrix we derived in Chapter 4 to the overhead view mosaics of the scene as we have done in
[EL00]. In order to create a virtual tour for existing objects, we suggest a similar approach.
We start by acquiring a set of images that are to be grouped by mosaicing to get a panoramic
image for the scene. Then spherical mapping is applied to the top semi-sphere or the dome
on top of the virtual camera. We have used the same idea to render the sky image in [Eli99b].
Java language could be used for easy use with a Web browser.



Appendix A

Parameters and Thresholds

This appendix lists the parameters and thresholds used in our implementations throughout
the thesis. Those parameters and thresholds are categorized by the operation they perform.

A.1 Ground Plane Representation

In order to estimate the planar perspective matrix, intrinsic and extrinsic camera parameters
should be known. Note that this matrix is used to display the perspective projection of the
ground plane as well as to compute the original inter-image homography of the ground plane.
In case of displaying the ground plane, virtual camera parameters are used while camera
parameters measured through sensors are used to compute the inter-image homography. In
both cases, the parameters are as follows:

f The focal length of the camera.
[uo, vo]T | The principal point of the camera.
X The camera location along the X —axis.
Y The camera location along the Y —axis.
Z The camera location along the Z—axis.
w The first rotation about the X —axis in (w, ¢, &) system.
1) The second rotation about the Y —axis in (w, ¢, k) system.
K The third rotation about the Z;—axis in (w, ¢, k) system.
P The first rotation about the Z—axis in (p, 7, ¢) system.
T The second rotation about the X;—axis in (p, 7,1) system.
Y The third rotation about the Zy—axis in (p, 7, ) system.

A.2 Junction Detection

The parameters and thresholds of the JUDOCA operator are the following:
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A | The length of the radial ray used to detect junctions through JUDOCA operator.
The variance value that specifies the size of the Gaussian filter used to detect
junctions through JUDOCA operator.

sy | A threshold imposed to filter the strength of a junction.

tg | A threshold imposed on the gradient image B to get its binary version.

A.3 Junction Selection

At this phase, there are different parameters and thresholds ranging from intrinsic and ex-
trinsic camera parameters (Section A.1) to other parameters and thresholds. These are as

follows:

AX | A scalar quantity representing an error margin for the parameter X.

AY | A scalar quantity representing an error margin for the parameter Y.

AZ | A scalar quantity representing an error margin for the parameter Z.

Aw | A scalar quantity representing an error margin for the parameter w.

A¢ | A scalar quantity representing an error margin for the parameter ¢.

Ak | A scalar quantity representing an error margin for the parameter «.

A threshold used to detect feature points on the ground plane.

t, | A threshold used to exclude points that are too high or too low.
ty | A threshold used with RANSAC to obtain an enhanced homography matrix.

N | Determines the size of the correlation window.

A.4 'Wide Baseline Matching

The parameters and thresholds at this phase include intrinsic and extrinsic camera parameters
and associated error margins in addition to the window size (N + 1)2. Those parameters are
the same as in Section A.3. Moreover, the following thresholds are present at this stage:

tsap | A threshold used with the SAD correlation.
tyne | A threshold used with the VINC correlation.
te A threshold used with RANSAC to obtain enhanced fundamental matrix.

A.5 Three-Dimensional Point Reconstruction

The parameters are those of the camera (intrinsic and extrinsic) as mentioned in Section A.1.

A.6 Three-Dimensional Point Clustering

The hierarchical structure we proposed to cluster points in space controls the operation
through the following threshold:



APPENDIX A. PARAMETERS AND THRESHOLDS 180

l Iy | A threshold used with the proposed hierarchical structure to cluster points in space.

In addition to the above threshold, another threshold may be imposed on the number
of points in the resulting clusters in order to exclude isolated point that might result from
outliers.

A.7 Obstacle Representation

A.7.1 Voxelization

In addition to the window size (N + 1)? and the parameters of the virtual camera, there are
other thresholds at the voxelization stage. Those are listed below.

€ | A scalar quantity used to determine the resolution of the discretized voxels.

tnz | A threshold used to determine the minimum number of images for color consistency
test at the voxelization phase.

tns | A threshold used to determine the minimum number of images for a voxel projection
to be part of the silhouette.

tr | A threshold used to determine the minimum difference for color consistency test at
the voxelization phase.

ts | A threshold used with SAD correlation to obtain silhouette images.

A.7.2 Planar Representation

In order to represent the obstacles as planar patches, the virtual camera parameters (intrinsic
and extrinsic) are used. In particular, the virtual pan angle is checked against the viewing
direction in order to select the appropriate view for mapping.

A.8 Sequence Generation

At this stage, the virtual camera parameters (intrinsic and extrinsic) are used. Also, the size
of each frame is determined at this stage. In addition, we have the following parameters:

n The number of steps that determines &, which is the step size for creating the
sequence.
d The real distance between two specified points in order to determine the scale
factor.
[z0,90]% | The origin of the world coordinate system expressed in the top view pixel
coordinates.
[z1,51]7 | A point on the X —axis of world coordinate system expressed in the top view

pixel coordinates.




Appendix B

Matrices: Detalils

This appendix presents the details of the planar perspective matrix, H,, the projection
matrix, P, and the calibration rotation matrix, AR. Section B.1 of this appendix introduces
the notation used. Sections B.3, B.4 and B.5 state the details of each term of these matrices.

B.1 Notation

H, The planar perspective matrix.

b The term 4 in H,.

P The projection matrix.
P, The third column in P.
AR The calibration rotation matrix.

fz The focal length of the camera along the z—direction.,

fy The focal length of the camera along the y—direction.

The angle of rotation about the X —axis (see Figure 4.3(a) on Page 58).
The angle of rotation about the Y;—axis (see Figure 4.3(b)).

The angle of rotation about the Zy—axis (see Figure 4.3(c)).

The tilt angle of rotation (see Figure 4.4).

w
%
K
p The pan angle of rotation (see Figure 4.4 on Page 60).
T
W

The swing angle of rotation (see Figure 4.4).

t, The translation of the camera along the X —axis.

ty The translation of the camera along the Y —axis.

i, The translation of the camera along the Z—axis.
T

The location, on the retinal plane, of the intersection between the optical axis

and the retinal plane (see Figure 2.3 on Page 19).
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B.2 The Translation Vector

According to Equation (4.20), the translation vector can be expressed as:

—cos ¢ cos K t,
— Sin w Sin ¢ cos Kty — cos w Sin K iy
+ cos w sin ¢ cos ki, —sin w sin K t,

cos ¢ sin K t,
+ sin w sin ¢ sin K ty — cos w cos K ty

— coS w Sin ¢ sin Kk t, — $in w cos Kk t,

—sin ¢ t,
+ sin w cos ¢ i,
—cosw cos ¢ t,

[ — cos 1) cos pty — sin 1 cosT sinpt, |

+cospsinpt, — sinycosT cospty
— sin Y sin T i,

stn Y cos pt, — cos cos T sin p ity
—siny sinpt, — cosy cosT cospt,
—cos P sinTt,

St T Sin p iy
+ sin T cos ptiy

—cosTt,
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B.3 The Planar Perspective Matrix

We can write the planar perspective matrix as:

hit hia his
H,= | hot ho hos
hs1 hsa hss

The following are the values of each term separately.

hay

hao

h31

hsa

h33

+ frcosysinpty, — frsinycosTcospty — frsiny sinTi,

fz cos K cos ¢ + u sin ¢
frcospcosp + fosincosTcosp —usinT sinp
fz 8in Kk cos w + f, cos K sin ¢ sin w — u cos ¢ sin w

— frcossinp + fostncosTcosp — uSINT CoOS P

— facos dcos Kty — fp sinw sin ¢ cos Kt

frcoswsinkty, + fycoswsinkt, — f, sinwsinkt,

u stn ¢ty + sinw cos ¢ t, — cosw cos ¢ t,

— fecospcospt, — fpstncosT sinpt,

+usinTsinpt, + usintcospt, — ucosTl,

— fysinkcos¢ + vsing

~ fysinycosp + fy,coscosT sinp — vsinT Sinp

fy cos K cosw — fy sin Kk sin ¢ sinw — v cos ¢ sin w

fy sin sinp + f, cos P cos T cosp — v SIinTCOSp

fycospsinkt, — f,sinwsingsinkt, — f, sinwcoskt,

fycoswsingsinkt, — fysinwcoskt, —vsin@t,

+vsinwcospty, —vcoswcost,

= fysinycospty — fy,coscosTsinpt,

— fysinysinpt, — fycospcosTcospt, — f,cosysinTt,
+vsinTsinpty, +vsinTcospty — vcosT,

= sin ¢

— SINT Stn p
— cos ¢ sinw
— SN T COS p
— singt, — sinwcospt, —coswcos ¢t,

sinTsinpt, + sinTcospt, — cosTt
T Y z
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B.4 The Projection Matrix

Inserting

[ f.sink sinw — f, cos k sin ¢ cos w + u cos ¢ cos w
P, = fy cos K sinw + sin K sin ¢ cos w + v cos ¢ cos w
€08 ¢ cos w
. ¢ (B.3)
fesin sinT + wcosT
= | fycospsinT + vcosT

cCoS T

after the second column would transform the previous 3x3 matrix to the 3x4 projection
matrix. That is,

h11 hlg fn: Sin K Sin w h13
— [z cos K sin ¢ cos w
+ u cos ¢ cos w

P = h21 h22 fy oS K Sin w h23
+ f, sin K sin ¢ cos w
+ v cos ¢ cos w

h31 hgg CcOS ¢ cos W h33 (B4)

hll h12 fm sin 1/} sin T h13 ]

+ ucosT

= hoit hoy fycosi sinT  ho
+vcosT

h31 h32 cosS T h33 ]
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B.5 The Calibration Rotation Matrix

The first three columns of the matrix P are the calibration rotation matrix AR. That is:

AR — fy sin K cos ¢ fy cos k cos w
+ v sin ¢ — fysink sin ¢ sinw + f, sin K sin @ cos w
— v cos ¢ sin w
sin ¢ — cos ¢ sin w

fz cos K cos ¢
+ u sin ¢

[z 8in K cos w
+ fo cos K sin ¢ sin w

fz sin K sin w

— fr co8 K sin ¢ cos w

— U oS @ sin w

fz cos Y cos p

— focos Y sin p

+ fesincosT sinp + fpsincosTcosp

— U SINT SN p

— fy stn 1 cos p

— U SN T COS P

fy sin 1) sin p

+ fy cosp cos T sinp + f, cosp cos T cosp

— U SN T SInp

— 8N T SN p

— U SN T coS p

— 8N T COS p

+ u cos ¢ cos w
fy cos K sin w
+ v cos ¢ cos w
cos ¢ cos w
fz sin Y sin 7 |

+ ucosT

fy cos P sin T
+vcosT

cos T
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Appendix C

Formula Derivations

This appendix lists the derivations of some formulae listed in the thesis.

C.1 Equation of a Line Passing Through Two Points

Suppose that the end points of a line are [v1,y;]7 and [z4, yo]” then the equation of this line

18:
y=yu1 _ Y2~

T—ZI1 T2—x1 (Cl)
(Y2 —y1)z — (22 — 21)y + Y122 — T1y2 = 0

Thus, using the form az + by + ¢ = 0, we can express the coefficients as:

a = Y~y
b = =z —xy (C.2)
C = NP2 — Y

Using the notation of Chapter 2, this line can be expressed as:

Y2— N
1= I — Xy (03)
NT2 — Yoy

C.2 Equation of a Line of Known Slope and Passing Through One
Point

The eqaution of a line of slope m and passing through a point [z, yl]T is:
e, R,

Tz (C.4)
mz —y+y —mz =0
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Using the notation of Chapter 2, this line can be expressed as:

m
1= -1 (C.5)
Yy —mx,

C.3 Equation of a Vertical Line Passing Through One Point

The eqaution of a vertical line passing through a point [z;, ;)7 is:
T =1 (C.6)
Using the notation of Chapter 2, this line can be expressed as:

1
1=| 0 (C.7)

Similarly, the equation of a horizontal line passing through [z, y;]|7 is:

0
1= 1 (C.8)
-

Notice that this is the same result we get using Equation (C.5) where m=0.

C.4 Equation of a Line Passing Through One Point and Parallel
to Another Line
Consider the line passing through [z;,y;]7 and parallel to another line with equation ax +

by + ¢ = 0 (Figure C.1 on Page 188). If the slope of this line is —§, then the equation of the
parallel line passing through [z1, )7 is:

e S

T—x1 b (Cg)
axr + by —axy; —by; =0

Using the notation of Chapter 2, this line can be expressed as:
1= b (C.10)

where [a, b, c| is the parallel line.
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]T is ax+by—az1—by; =

Figure C.1: The equation of a line parallel to az+by+c = 0 and passing through [z, 71
0.



Appendix D

Three-Dimensional Modeling:

Computer Graphics Viewpoint

In this appendix, we show how to build a 3D model of an object using concepts of computer
graphics. As an example, we will build the scene shown in Figure D.1 on Page 190. The
whole operation centers on two main stages:

e three-dimensional wire-frame modeling;
e assigning materials and rendering.

In the following sections, we will discuss each of these stages briefly.

D.1 Three-Dimensional Wire-Frame Modeling

This step requires several aspects to be modeled including:

e a geometrical description of the object we want to construct. The level of details depends
on:

o the distance between the object under consideration and the camera;

o the size of the final frame; the less the resolution, the less the level of details is required,;

e the properties of the material which will be assigned to the object; for example, a single
object may contain of more than one texture; however, an object should be assigned only
one material. In this case, while building the wire-frame model of that object, we should
split it into parts in such a way that each part can be assigned one material later;

e the position and the intensity of the light source in the scene.

In what follows, we present some techniques used to achieve complicated 3D solid models.
Although these operations seem to be primitive, the results made out of them are excellent.
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Images of the scene.

Figure D.1:



APPENDIX D. THREE-DIMENSIONAL MODELING: COMPUTER GRAPHICS VIEWPOINT 191

3 ) N
N

AP0

ISR

\""f‘\y < [ 4"‘{%’

i \&?\q" y/
\g‘ b 7

3

(a) (b) (© (d)

Figure D.2: Primitive solids: (a) Box. (b) Cylinder. (c) Sphere. (d) Cone.

D.1.1 Solids

Solid primitives such as box or cube, sphere, cylinder, cone and wedge might be used to
built models in 3D space (Figure D.2 on Page 191). A primitive can be described through
a set of parameters. For example, a sphere can be described by its center and radius and a
cylinder may be described by the center of its base along with radius and height. In order to
built more complex 3D models, a user may use a combination of those primitives. Boolean
operations such as union, subtraction and intersection are performed to unify objects and
create more complicated solids. union operation combines two or more different solids into
one composite solid as depicted in Figure D.3 (b) on Page 192. The resulting solid includes the
total volume enclosed by all solids forming it [Inc03a). The intersection operation calculates
the common (overlapping) volume of two or more solids [Inc03a]. This is shown in Figure
D.3 (c). The resulting solid is not affected by the order of processing the intersected solids
as the overlapping volume remains the same. The third operation is the subtraction or the
difference. It calculates the difference volume resulting from subtracting two or more solids.
Difference or subtraction operator is order dependent [Zei94]|. In other words, the order of
processing the solids under consideration is very important as it results in quite different
solids; e.g., consider Figure D.3 (d) and Figure D.3 (e) on Page 192. Processed solids for all
three operations may lie in any number of arbitrary planes.

A modeling method that performs such Boolean procedures is called Constructive Solid
Geometry (CSG) [FvDFH96]. Using what is called CSG tree, an object is stored as a tree
data structure with operators at the internal or branch nodes and simple primitives at the
leaves. (Some nodes represent Boolean operators whereas others perform translation, rotation
and scaling.) To determine physical properties, we must be able to combine the properties of
the leaves to obtain properties of the root [Pet99]. In CSG, the intersecting boundaries are
mathematically implied [Mat02].
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Figure D.3: Boolean operations: (a) Two solids (A and B) before performing the operation. (b) Solid union:
One combined solid. (c) Solid intersection: One solid representing the overlapping area after Intersection
operation. (d) Solid subtraction: One solid representing the difference (A-B). (e) Solid subtraction: One solid
representing the difference (B-A).
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Some technologies do not maintain CSG trees; e.g., Spatial Technologies’ ACIS Modeler,
where data are stored in boundary representation (B-rep) [Cor03a], does not maintain such
a tree. In this case, an object is represented by its boundaries; i.e., faces, edges and vertices
[Rot01]. Data structures are used where vertices, edges and faces that represent the solid are
linked so that they result in a closed volume [Woo]. Such an ACIS kernel is used in software
packages such as AutoCAD R13 and later. Yet another solid modeling kernel that is based
on boundary models is Unigraphics Solutions’ Parasolid. Parasolid is used in products such
as MicroStation/J.

There are other methods to represent solids [Sam89, Rot01]. They include spatial enumer-
ation where the space is split into equal small cubic voxels. Voxels that belong to the solid are
flagged. Another variation is called cell decomposition where the sizes of the cells may not be
equal as the previous case. Others include sweep methods that may be split into translational
and rotational sweeps and primitive instancing, which contains a set of pre-defined object
types that may be characterized by some parameters to create instances of a given type.

D.1.2 Extrusion versus Revolution

Extrusion, a translational sweep [Rot01] is an important operation that converts a 2D shape
located on a plane into a 3D solid model by adding thickness to it. In order to extrude an
object, we need a plan for this object, a cross-section or even an elevation. Usually, the cross-
sections (or the elevations) used are orthogonal projections of the object under consideration.
Extrusion is useful in cases where lots of details are present [Inc03a] so that using primitive
solids with Boolean operations may be more complicated. We may create a profile using lines
or arcs, and then join them together into a single polyline object. (For example, a plan of
the scene in Figure D.1 may be created prior to use extrusion as in Figure D.1.2.) Then, the
height of extrusion, which is usually (but not necessarily) perpendicular to the plane of our
profile, may be specified to give thickness to the object. Refer to Figure D.4 (b) on Page 194.
Although a lot of details can be embedded in the profile prior to extrude the object, needs
may arise to use Boolean operations afterwards to subtract cavities or add more 3D features;
e.g., cavities of windows in buildings.

Similar to extrusion, revolution, a rotational sweep [Rot01], converts a 2D shape into a 3D
solid by revolving it about an axis. This is useful in case of the existence of many details in
the revolved 2D object. Figure D.4 (c) depicts this concept. (Lathing is a similar operation
where a curve can rotate about an axis.)

Consider the skirting surrounding the column in Figure D.1 on Page 190. As depicted in
Figure D.6 on Page 195, we may get it by subtracting two solids, or unionizing four other
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Figure D.4: (a) A 2D shape showing the direction of extrusion and the axis of revolution. (b) The same shape
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Figure D.5: The plan of the scene shown in Figure D.1.
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Figure D.6: Example: (a) Two regions, A and B, before extrusion; (b) Two solids, A and B, after extrusion;
(¢) Four regions, C, D, E ,and F, before extrusion; (d) Four solids C, D, E, and F, after extrusion; (e) Final
solidas B—Aor CUDUEUF.

solids. All solids that we use to subtract or unionize are results of extrusion.

A wire frame model of the scene under consideration is shown in Figure D.7 on Page 196.

D.2 Illuminating and Rendering the Scene

This rest of this appendix deals with the second phase in building a 3D model for an object.
The following sections describe the role of each step.

D.2.1 Illuminating the Scene

After building the wire-frame model, a material is to be assigned to every single object in-
cluded in the scene. In order to view this material, virtual light sources, which simulates as
accurate as possible real source characteristics, must be added to the scene. Some radios-

ity illumination models may be used to calculate diffuse inter-reflections between surfaces
[CBP95).

Different types of light sources can be used ranging from a point source of illumination that
shoots out in all directions, a source that casts a beam of light infinitely before and after it
and a spotlight that casts a focused beam of light. Software packages; e.g., 3D Studio MAX
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Figure D.7: Images of the scene.

and REALS, apply light types with some variations [Kin98, Cor03b]. Using a database, the
city, date and time may be determined and hence sun light may be simulated [Cor03b].

D.2.2 Rendering the Images

There are a number of ways to render or shade the scene. Constant or flat shading, as
it appears from its name, provides constant shading for a given surface. Gouraud shading
simulates shading by interpolation and smoothes the edges between faces [Inc03a]. Phong
shading uses the normals of adjacent faces for interpolation [Kin98|. It examines every pixel
and results in more realistic highlights [Inc03a]. The results of Blinn shading is similar to the
previous with better quality. Other types may include metal, ray tracing and radiosity.

D.2.2.1 Assigning Materials

A material is data to be assigned an object controlling its appearance; e.g., color, illumination,
etc. The color of a material depends on different components. The ambient component is the
color of the object while in shadow [Kin98]. The diffuse component is the color the object
reflects when illuminated [Kin98]. The specular component controls the color of the highlight
on a material [Dxy01]. In addition to the different components of color, the final appearance
of an object might be affected significantly by bitmap images that mapped to its surfaces.
The following section discusses mapping and some of its important types.



APPENDIX D. THREE-DIMENSIONAL MODELING: COMPUTER GRAPHICS VIEWPOINT 197

D.2.2.2 Mapping

The concept of mapping centers around applying real-world images to add realism to computer-
generated rendered images [HS93]. Those images are referred to as maps [Kin98]. Maps add
new characteristics to the material and hence to the object under consideration. Attributes
controlling the appearance of the maps are often called mapping coordinates [Kin98].

Orthogonal projections of faces are often used as maps. Homography transformation ex-
plained in Section 7.6 may be used to accurately estimate of transformation of a planar patch.
Affine matrix is another simpler type of transformation that could be used. Affine transfor-
mation matrix has 6 degrees of freedom and can be fully estimated using 3 pairs of points; i.e.,
mapping one triangle into another. Suppose that a triangle < [z1,4:1]7, [z, y2] T, [x3, y3]T >
is to be mapped to another triangle < [z}, 4417, [zh, ¥4] T, [z4, y4]T >. In other words, we need
to find a 3x3 transformation matrix H that maps a point in the source triangle to another in
the destination triangle. Thus:

m’ = Hm (D.1)

where m is the source point and m’ is the destination one. We can rewrite Equation (D.1)

z’ hY x
y |=|hi||v (D.2)
1 h? 1
In this case, we have three pairs of points. Then, we can write:
] m{
zy | = | ml | hy (D.3)
T4 my

where m;, my and my are the three source vertices. Then, the first row in matrix H can be

written as: i 1 i
m{ ]
m 3

Similarly, the second and the third rows can be expressed as:

-1 ~ _

(mi | [wn
hy = | m] Ya (D.5)
|mi | |y
-1
m? 1
hy = | m{ 1 (D.6)
T
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(a) (b)
Figure D.8: Examples of planar patches transformed through affine matrix.

Then, the transformation from a destination point to its corresponding source can be
expressed as: .
h{
m= | h? m’ (D.7)
h§
Equation (D.7) has been used to generate the planar patches shown in Figure D.8 on Page
198 by splitting the four-sided area into two triangles and then mapping through affine trans-
formation thereafter. The source areas used are supplied from Figure D.1.

There are many types of mapping; maps that affect the main color components and maps
that add new characteristics to the material. For example, ambient and specular mapping are
used where the map is applied to the ambient and specular areas of the object respectively
[Kin98]. Other mapping types may include shininess mapping that affects the locations of the
highlights where lighter areas in the shininess map result in shiny regions; self-illumination
mapping that lets us use a map to affect the intensity in different areas of the self-illuminated
surface according to the intensity levels of the map where lighter areas of the map result in
self-illuminated regions on the surface; and filter color mapping that applies a transparent
color to the object under consideration where the appearance of this color depends on the
intensities of the map pixels [Kin98]. Below are some other important types of mapping.

e Diffuse mapping: Diffuse mapping affects the basic appearance of a material [Dxy01]. It
may alter the original color assigned previously to a material into an image. Applying a
diffuse map is like painting an image on the surface of the object [Kin96]. For example,
to render a wall made out of brick, we can apply a brick bitmap image as a diffuse map.
This is shown in Figure D.9 on Page 199.

e Bump mapping: This important concept is used to add roughness or wrinkles to a smooth
 surface [B1i78, Kug98]. It helps make features on surfaces look raised or sunk; i.e., it alters
the height appearance, without altering the geometry of the object under consideration.

In order to do that, it uses the brightness values of an image. Bright regions will look
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(a) (b) (c)

Figure D.9: Using diffuse mapping to paint an image of a brick wall on an object. (a) A bitmap image [Kin98].
(b) A cube. (c¢) The image in (a) diffuse mapped on cube (b).

@ (b) (c)

Figure D.10: Using bump mapping to provide the coarse texture. (a) A bitmap image [Kin98]. (b) A cube.
(¢) The image in (a) bump mapped on cube (b). Notice that Image (a) only affected the texture while the

color remains unchanged.

raised while dark regions look sunk [Dxy01]. This is done by perturbing the normal to
the surface vector by another vector that depends on the values in the bump map space.
This mapping type could be used to obtain coarse texture in walls for instance. Refer to
Figure D.10 on Page 199. Thus, although the appearance of coarse surface, the surface
itself remains smooth. This is in contrast to displacement mapping where the surface is
displaced or modified.

e Reflection mapping: Also known as environment mapping, reflection mapping calculates
the reflection direction of a ray from the viewer to the point being shaded [Kug98].
This type of mapping creates the effect of a scene reflected on the surface of a shiny or
reflective object; e.g., mirror, glass, or brass. For example, this mapping type can be
used to achieve the effect of reflection of the sky on windows as seen in Figure D.11 on
Page 200. Note that with this type of mapping, if the reflective surface moves in the
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(a) (b) ()

Figure D.11: Using reflection mapping to obtain the effect of the sky. (a) A bitmap image [Kin98]. (b) A
cube. (c) The image in (a) refection mapped on cube (b).

b L "

Figure D.12: Using refraction mapping lets us perceive the map as if it is seen through the sphere. (a) A
bitmap image [Kin98]. (b) A sphere. (c) The image in (a) refraction mapped on sphere (b).

environment, the image reflected on it does not move with the surface. However, the map
does move with changes in viewpoints [Kin98]. This is different from diffuse mapping
for example where the map is attached to the surface and moves with it [EKW*98].

¢ Refraction mapping: Instead of reflecting the map off the surface as in the previous type,
refraction mapping allows the map to be perceived as if it is seen through the object
[Dis02]. This is illustrated in Figure D.12 on Page 200. Similar to reflection mapping,
refraction mapping depends on the viewpoint rather than the movement of the object.

e Opacity mapping: This type of mapping affects the opacity or transparency of objects
[Cor03b)]. It uses the intensity levels of the opacity map image to alter the opacity of a
surface [Kin96]. For example, dark areas when mapped onto an object result in more
translucent regions while lighter areas result in more opaque regions. This is illustrated
in Figure D.13 on Page 201.
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()

(b) (©)

Figure D.13: Using opacity mapping to alter the opacity of a surface. (a) A bitmap image. (b) A cube. (c)
The image in (a) used as an opacity map results in a transparent region on the faces of the cube.

The above-mentioned method is applied to model the scene in Figure D.1 on Page 190.
The results are shown in Figure D.14 on Page 202. Compare these images to those of Figure

D.1.
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()

Figure D.14: Synthesized images of the scene. Compare these images with those of Figure D.1.
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k angle, 57 binary image, 40, 172

w angle, 57 binocular vision, 23

¢ angle, 57 bipartite graph, 170

1 angle, 59 bottom-up process, 117

p angle, 59 bounding box, 6, 10, 117, 120, 123
7 angle, 59 bounding pyramid, 126

3D reconstruction, 31, 123 bounding volume, 126

3D rendering, 7
CA points, 36

3D sensing, 2 ) ) _
camera calibration matrix, 18

ACIS, 195 camera matrix, 18
affine homography, 87 Cartesian coordinates, 16
affine transformation, 28, 115, 146, 199 cell decomposition, 195
affine transformation matrix, 115 circular points, 28
angle circumcircle, 115
K, 57 circumferential anchor points, 40
w, b7 cluster, 118
¢, 57 color consistency, 169
1, 59 complexity analysis, 170
p, 59 component
T, 59 ambient, 198
azimuth, 60 diffuse, 198
apex, 117, 118 specular, 198
area-based matching, 85 Computer Aided Design, 1
aspect ratio, 20, 22 Computer Animation, 1
aspect-free calibration matrix, 22 Computer Graphics, 1
aspect-free camera, 22 computer graphics, 191
augmented reality, 2 conjugate epipolar lines, 23
azimuth angle, 60 Constructive Solid Geometry, 193

contour, 123
convex hull, 126, 129
coordinates

base, 117
baseline, 86

binary edge map, 39 Cartesian, 16
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homogeneous, 16
pixel, 18, 24
projective, 16
world, 18
corner, 37
CSG tree, 193

decimation process, 118
degree of freedom, 87, 115, 143, 199
Delaunay triangulation, 115
depth, 18

depth interpolation, 126
depth map, 126

dilation, 176

direction, 17

disparity, 87

disparity estimation, 126
disparity map, 126
disparity vector, 87

DOF, 87, 115, 143, 199
duality principle, 17

edge, 118

edge map, 39, 172
elation, 5

epipolar constraint, 25
epipolar geometry, 23
epipolar line, 23, 169
epipole, 23

erosion, 176

essential matrix, 26
Euclidean calibration matrix, 22
Buclidean camera, 22
Euclidean metric, 119
extrinsic parameters, 21

extrusion, 195

feature based matching, 126
feature matching problem, 85
feature-based matching, 85
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focal length, 18, 20, 22
fundamental matrix, 24, 169

Gaussian filter, 40
geometry analysis, 54
GPS, 3, 168

Graham Scan, 129
graph, 118

H-based tracker, 5
hierarchical processing, 117
hierarchy, 117

homogeneous coordinates, 16
homographic correlation, 169
homography, 27

homography matrix, 169
Hough transform, 38

ideal point, 17

image plane, 23
interactive 3D sensing, 2
interest point, 36
interpolation, 63, 132, 198
intrinsic matrix, 26
intrinsic parameters, 18
irregular pyramid, 169
irregular pyramids, 12

juction, 36
JUDOCA, 36, 85, 168
junction detection, 7, 37, 38

layer, 117
line, 17
line reconstruction, 30, 93

Manhattan metric, 119
mapping, 4
ambient, 200
bump, 200
diffuse, 200
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environment, 201 multi-level extraction, 126
filter color, 200
opacity, 175, 202
reflection, 201
refraction, 202

node, 118
non-skew calibration matrix, 22
non-skew camera, 22

self-illumination, 200 obstacle modeling, 139
shininess, 200 occluding contours, 126
specular, 200 opacity mapping, 139, 175
mapping coordinates, 199 optical axis, 20
matching, 92 optical center, 18, 21-24
short baseline, 86 optical ray, 25

small baseline, 86

wide baseline, 87 parameters

maftrix extrinsic, 21

affine transformation, 28, 115, 199 intrinsic, 18
Parasolid, 195

pencil of collinear points, 17

aspect-free calibration, 22

camera calibration, 18
essential, 26 pencil of planes, 17

Euclidean calibration, 22 perspective projection matrix, 18

fundamental, 24, 169 photo consistency, 127
homography, 27, 147, 169 planar perspective matrix, 53, 185
intrinsic, 26 planar rendering, 7

non-skew calibration, 22 plane, 17

plane collineation, 27
plane homography, 5, 27, 66, 89, 92, 169
plane homography correlation, 95

perspective projection, 18
planar perspective, 53, 185
plane homography, 169

plane projective transformation, 147 plane projectivity, 27

projection, 169 plane reconstruction, 94

pure projective, 28 point, 16

rotation, 20 point clustering, 115

rotation translation, 20 point correspondence problem, 85

similarity transformation, 28, 143 primitive instancing, 195

mesh growing, 126 : principal line, 59
principal plane, 59

metric
Euclidean, 119 principal point, 20, 22
Manhattan, 119 process
modeling, 6 bottom-up, 117
morphological operator, 176 top-down, 117

morphology, 176 projection maftrix, 169
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projective geometry, 15

projective model, 18

projective transformation, 147
pure projective transformation, 28

RANSAC, 64, 70, 87, 128, 168
receptive field, 118

region growing, 177
region-level extraction, 126
rendering, 7, 12, 197, 198
retinal plane, 20

revolution, 195

RLC, 177

rotation matrix, 20, 22
rotation translation matrix, 20
run length coding, 177

SAD correlation, 86
sensori-motor augmented reality, 2
shading

Blinn, 198

constant, 198

flat, 198

gouraud, 198

phong, 198
shape from photo consistency, 127
shape from silhouette, 126, 169
shape from silhouettes, 126
shape reconstruction, 126
short baseline matching, 86
silhouette, 126, 128, 169
similarity transformation, 28, 143

similarity transformation matrix, 143

singular value decomposition, 178
skew, 22

skew element, 20

small baseline matching, 86
solids, 193

space carving, 126, 127, 155
spatial enumeration, 195

stable marriage problem, 88
stereo vision, 23
strong-calibration, 26
structuring element, 176
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sum of absolute differences correlation, 86

surface segmentation, 126
SVD, 178

telecommunications, 4
teleoperation, 2
teleoperations, 4
telepresence, 5
telerobotics, 2, 4
texture correlation, 126
texture mapping, 126
top-down process, 117
transformation, 22

affine, 28, 199

projective, 147

pure projective, 28

similarity, 28
transformation matrix, 199
transitional sweep, 195
translation vector, 21, 22
triangulation, 31, 32, 116, 169

universal set, 66, 157

vanishing line, 28

variance, 40

variance normalized correlation, 86
Virtual Reality, 1

visual cue, 5

Visual Fusion, 127

VNC correlation, 86

volumetric reconstruction, 127
voxel, 127, 169

voxel occupancy, 6, 7, 11, 116, 127
voxelization, 127

weakly calibrated images, 23
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wide baseline, 85

wide baseline matching, 87
wire-frame modeling, 191

world coordinate system, 18, 21



