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ABSTRACT

Inferring 3D information from 2D images is a fundamal problem in computer vision
and has many applications such as robotics, scergelmg, medical imaging, and
augmented reality. While the basic geometric ppled for typical imaging models have
been established and are well understood, suctessiuworld 3D vision systems are
still scarce and their functionalities are stillryelimited, due to various practical
challenges. For instance, the camera parametersbmayavailable, the image quality
may be poor, and good feature detection may beulifto achieve.

In this dissertation, novel image rectification sctes are proposed in the context of
exploring several practical 3D vision problems, image rectification for stereoscopic
visualization, stereoscopic view synthesis from owatar endoscopic images, rapid cone
and cylinder modeling from a single image, and nooiter vision guided mobile robot
navigation. For each problem, novel algorithms an@posed based on the rectification
schemes as well as the domain knowledge of thecpktt problems. These novel
schemes are all based on the concept of sequeintizl rotation, which has intuitive
geometric meaning and can be estimated from bamsige features.

As a result, the designed algorithms are not oolbust enough for coping with many
challenges arising in practical problems, but a&be to produce results with some
desired properties such as no projective/affineodisn. Further, the intuitive geometry
also leads to insightful understanding of the patér problems such as the analysis of
degeneracy. For each of the chosen applicationsiep@rt extensive experiments that

were designed and performed to compare the propageach with existing state-of-



the-art techniques, demonstrating the effectiversass advantages of the proposed

methods.
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1. INTRODUCTION

Images are 2D projections of the 3D world. Is issible to recover the 3D information
from 2D images? The answer is “Yes” and human Isearg the proof. How do we infer
the 3D information from 2D images? This is a clagsimputer vision problem and many
theories as well as algorithms have been developditiough many of the basic
geometric principles have already been establisimedare well understood, existing 3D
vision systems are still both far away from thesligence level of human beings and far
away from an effective tool to assist human beifigy® reason is that the basic principles
are usually not enough to solve real world probledu® to various practical challenges
as well as limitations. For instance, the resolutad an image cannot be infinite; the
guality of the image may be poor; the camera paramenay not be available and there
may be a lack of good features. Although variogorihms have been proposed for
solving some of the challenges, successful realdv®D vision applications are still
scarce and existing systems all have limited foneities. This dissertation studies
several practical 3D vision problems and proposesinapproaches for each problem.
All of the approaches involve the process of imagetification based on sequential
virtual rotation, which helps not only in obtainingsults without projective/affine
distortions, but also in gaining new insights tood@ specific problems.
1.1. Background
1.1.1. How Images Are Captured?

More than 2000 years ago, an ancient Chinese piples Mozi discovered that using
a hole in a wall of a dark room can obtain an imafyéhe outside world. He observed

that the image is up-side down and the size ofrttagyed object changes as the distance



2
from the real world object to the hole changesherdistance from projection wall to the
hole changes. He further concluded that the liglwels in a straight line. More than
2000 years later, most current cameras can stithbéeled with the same basic imaging
model, i.e. the pin-hole model, in capturing imagédte fact that light travels in a straight
line is the fundamental rule of modern projectie@metric theory, which plays a central

role in 3D computer vision.

“BrE), FEAFER, SRR, BIESN, T 9. BN, RS,
TR ZAET, BEZACT, RETHX, SABF L, &L
K, BABFT, EEREFHKSTFR, SBEAL, " (BF)

Figure 1.1. The experiment bfozi (476BC).

1.1.2. Visual Cues for 3D Inference from 2D Images

Extracting 3D information from 2D images is an esisg capability of human beings.
It has been discovered that people rely on diffekerds of visual cues for 3D inference.
Table | lists some of them. In this section, wecdss several important cues that are

directly related to our research.



Table 1-1. Different Visual Cues for 3D Inferencem 2D Images.

Visual Cues for 3D Inference
Sizes of the scene objects
Linear perspective
Object connections
Stereo
Motion
Shading
Texture

1.1.2.1. Linear Perspective

When projecting to a 2D image, the parallel 3D dindll converge to a single point,
which is called thevanishing point The vanishing point and the projected rays previd
powerful relative depth information: the point aogo the vanishing point is further
away. Linear perspective is one of the key techesdor representing the 3D space in 2D

drawings (see Figure 1.2).

Figure 1.2. An example of linear perspective, inchtphysically parallel lines seem to

converge as they become more distant. (The Lagt€3upyLeonardo Da Vingi



1.1.2.2. Object Connections

If two objects have a connected part, then therdegbrmation can be propagated
from one object to another via the connected [&arting from some reference objects, it
is possible to infer the 3D positions of other akgebased on the connected parts and the
visual cues of each object. Object connectionseasential tools for 3D reconstruction
from a single image. Figure 1.3 illustrates ansiliun that the books blend into the street

scene due to their seemingly natural connectiotis ether objects on the street.

Figure 1.3. Still Life and Street (by M. C. Esch&937).

1.1.2.3. Stereo

Human beings have two eyes. Most animals also hawesyes. Each eye captures a
slightly different image due to the different pamits of the eyes (Fig. 1.4). The

differences in the images are usually called haoizlodisparity, which are used to infer
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the distances between the objects and the obsétven when there is no other strong
visual cues, pure disparities can still give risedepth perception, as in the famous
random dots experiment [1]. This indicates thatesteviews are important visual cues for
human beings. As a matter of fact, providing stesiews is the basic principle for almost

all of the 3D displays as well as 3D images.

Figure 1.4. Stereo (binocular) vision.

1.1.2.4. Motion and Multiple Views

Motion is another important cue for depth percapt®uppose that the objects move at
similar speed in the real world, then objects dlest®e the camera will have faster
observed image motion. Consequently, faster mowinjgcts usually indicate they are
closer. Figure 1.5 illustrates this effect. Sinpeed is a relative term, a static object can
also be regarded as a moving one if the cameravsng while capturing multiple views
of the static object. Imagine that we are walkihile the environment does not change,
we sense objects moving in our retinal image andeskthat the faster ones are closer.
Inferring 3D information from motion is calle®tructure from Motioh(SfM), which is

a classic 3D vision problem and has been studiedtfout 30 years.
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Figure 1.5. Depth from motion.

1.2. Practical Challenges for Computational Approaches

Although inferring 3D structure is an almost effess process for human beings, it is a
difficult problem for computers in real applicat®reven if the basic principles are well
understood. The reasons lie in various practicallehges as well as limitations on any
algorithms imposed by the real world problems. Egl@siinclude:

1. The camera parameters are usually unavailablen@wo or more views, if we
know the camera parameters (both internal and redjefior each image and a set of point
correspondences, we can reconstruct each pointijgo3idion by triangulation. However,
in many cases, we only have images, with no infélonmaabout the camera parameters.
To obtain camera parameters from images, we nealibfation’, which is one core
problem in 3D vision. Calibration has been thordygttudied in past years and many
algorithms have been developed for different s@gesaHowever, accuracy is still a
common issue for many existing approaches, wheheabio real images.

2. Point correspondence is not reliable and itsprdation is time-consuming. Both
structure-from-motion and stereo algorithms ardtlan top of point correspondence,

which requires a procedure to match a pixel in on&ge to its counterpart in another



7
image. In practice, however, this seemingly simfask is difficult due to various
practical reasons. For instance, texture-less oer-textured regions, different
illumination of the images, occlusion and glare @hcause problems. Often, point
matching algorithms are also computationally expens

3. Image resolution is limited. In theory, we carcwately reconstruct an image
point’s 3D position, given its accurate image measients. However, the accuracy of a
point’'s image coordinates is bounded by the im&gelution. The higher the resolution,
the higher the accuracy of 3D reconstruction is.t@nother hand, for acquired images,
the resolution is already fixed and the lack offisignt resolution may render 3D
algorithm problematic.

4. Degeneracy. Even if we have a large set of gmodt correspondences, we are not
guaranteed to obtain good 3D reconstruction ressilige there exist special scene-and-
camera configurations that ackegenerateor near degeneracy for the reconstruction
algorithm. For instance, when most feature poirgsoh a plane or when the camera
translation is very small compared to scene depthencounter the degeneracy problem.
1.3. A Brief Overview of Existing Approaches and Applicdions

Just like that human beings use different kindsisfial cues to infer 3D information
from 2D images, different kinds of computational thoels are developed based on
different visual cues. For instance, structure-fimwtion methods use motion cues;
structure-from-shading methods use shading cuesstste-from-texture ones use texture
cues; stereo vision uses disparity cues, and single-based reconstruction uses

vanishing point cues. In this section, we only deatructure-from-motion and single-
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view-based reconstruction for discussion since @reymost related to our work. Stereo
vision can be regarded as a special case of stedfrtm-motion. We further discuss
calibration since it is an essential problem tree to be solved for most 3D vision tasks.
1.3.1. Structure from Motion

Structure-from-motion aims at recovering 3D posis®f the feature points as well as
camera parameters from multiple images in a fulipmatic way. Typically, the process
starts with point matching, followed by two-viewneara calibration by computing the
fundamental matrix or essential matrix. After timitial two views are calibrated, the
point correspondences in these two views can beé tsériangulate the corresponding
3D points. With these initial 3D points, other veewan be calibrated by 3D to 2D
correspondences and new feature points can alsecbestructed thereatfter.

Structure-from-motion has been successfully useddaeral commercial applications.
One application is “match moving”, which is used &mgmented reality in movies such
asLord of Rings SpidermanGladiator and many others. Another application is recently
released MicrosoftPhotoSynth which lets a user browse hundreds of photos in a
seamless way. There are also many other applicatsuch as vision-based Simultaneous
Localization and Mapping (SLAM) for mobile robot.

Although it is successful in some applications,ucure-from-motion has some
inherent problems:

1. The reconstructed model is a 3D point cloud, whgmot good for 3D model
representation or rendering.

2. The structure information of the scene is not wmadllost in the final 3D model.
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3. Structure-from-motion relies on point matching, @iis not reliable for many
scenarios.
4. The computational cost is high, due to the expenpmocess of point matching
and bundle adjustment.

Due to these problems, structure-from-motion is aygpropriate for 3D vision tasks
that require real-time processing, large-scale escerodeling or parametric object
modeling. In addition, the degeneracy and limite@dge resolution issues mentioned in
the previous section can also make the structwma-fnotion process fail for some
particular environments.

1.3.2. Single-View-Based Reconstruction

To reconstruct 3D models from a single image, pimdormation of the scene is
required. Unlike structure-from-motion, for whichete is a unified framework, single-
view-based reconstruction has many different kimidspproaches, depending on how the
prior information is used or specified and whatdarof objects are to be reconstructed.
For instance, the approach of [2] first assignsna@ral depth value for each patch in the
image based on a learned model and then uses MB&odom Fields (MRF) to get the
final 3D model. Co-linearity and co-planarity arg@ced through energy terms in MRF.
The algorithm in [3] constructs 3D models by clgsg the image into three different
kinds of patches, i.e. ground, vertical plane akg $he algorithm in [4] lets a user to
drag or edit a 3D mesh on an image. The method5]nrgconstructs Surface of
Revolution (SoR) through image contours. The apgroa [6] uses the vertical

vanishing point and the horizontal vanishing linectlculate the height of vertical lines
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by assuming that the lines stand on the ground.pfblelem with all these approaches is
that either they require very tedious user intéoast or the results are not accurate
enough. As an exception, there are two successfulnmercial image based modeling
systems: ImageModeler [7] and SketchUp PhotoMagjh Both of them have very
intuitive user interaction interface and allow f&D modeling from single images.
However, modeling cones or cylinders are not ay &k in these systems, which might
be due to unresolved theoretical issues.
1.3.3. Calibration

Camera calibration is the problem of determiningnesa parameters for given images.
Each image is captured by a camera with certaianpaters. The camera parameters can
be divided into internal and external parameterke Tinternal parameters include
principal point position, focal length and othesdich are not related to camera motion.
The external parameters include camera positioroaedtation, which are defined under
a certain world coordinate system. Calibrating aanfer each frame is an essential step
for almost all 3D vision tasks. For instance, férusture-from-motion, we need to
recover camera parameters for each frame. Wheocatinera parameters are determined,
the relationship of the 3D coordinates of a pomd &s image position can be described
in algebraic form. Using multiple views or somegprknowledge, the 3D information
can be determined from their image counterpartsiléNthe external parameters can be
relatively easily determined, estimating the in&édrrparameters is much harder.
Computing the internal parameters from the imagelfitis usually called self-

calibration”, which plays a central role in obtainingietric 3D information from
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uncalibrated images. In the past decades, selirasibn has been thoroughly studied.
The basic tool for almost all of the self-calibaati algorithms is thdmage of the
Absolute Conic(IAC). The IAC precisely captures all informatiaf the camera’s
internal parameters and it can be derived from ouariimage features or prior
information. However, it is an imaginary object ahds hard to visualize and understand.
In addition, it does not deal with the camera exdeparameters. In this dissertation, we
proposed a novel technique for simultaneous twav vigernal and external calibration
which has intuitive geometric meanings.

1.4. Proposed Approaches and Developed Systems

In this dissertation, we proposed novel generaksws that can be used for various
practical 3D vision problems. The core of the scheis to rectify images via sequential
virtual rotation. Basically, they simulate the pess of changing the camera orientation to
obtain a new view of the scene. Comparing to thgiral views, the rectified views have
much better properties for 3D information extractid=or instance, the projective
distortion can be removed in the rectified viewgguFe 1.6 shows an example: the
original image is (a) and the rectified view is.(tf) Figure 1.6d, all of the vertical lines
in 3D become vertical in the image. In additiorB@ information extraction, this scheme
can also be used for camera calibration. In fact, directly compute the camera
parameters in the rectification process. A sigaiftc advantage of our rectification
approach is that it has solid geometric meaninghjlewtraditional rectification
approaches only provide algebraic algorithms. Assult, this technique gives us new

insights as well as new solutions for various 3Bion problems. In this section, we will
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describe several practical 3D vision problems wel@ed. For each of the problem, we
developed novel algorithms to solve practical @rjes and to meet practical
requirements by using the rectification scheme argdloiting special knowledge of

underlying task.

R
() (b) ) (d)

Figure 1.6. An example of rectifying view via segtial virtual rotation. (a) is the

original view and (d) is the target view where thatical lines in 3D space becomes

vertical in the image. (b) and (c) are intermedsd&ps.

1.4.1. Image Rectification for Stereoscopic Visualization

Stereoscopic visualization is a standard techniguket people obtain near true 3D
perceptions by sending a standard stereo imageq@different eyes of a human. It has
been widely used in many fields, such as 3D mowsning, medical imaging and
scientific visualization. Stereo images are usuediptured by stereo cameras, which are
special cameras that are not commonly used oradlaibt low-cost. These facts limit the
otherwise great potential use of 3D visualizationthis dissertation, we developed novel
algorithms to solve the practical problem: giverotimnages of the same scene from
general viewpoints, rectify them into a stereo pikie that from a standard stereo rig
required by a 3D display or other stereoscopic ingwplatform. The algorithms are
based on sequential virtual rotation and are ablproduce non-distorted rectification

results. Figure 1.7 shows a sample result.
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@ (b) () (d)
Figure 1.7. Stereo rectification from uncalibraiathges. (c) is the red-cyan image of
original pair (a) and (b); (d) is the red-cyan iraaaf rectified pair where disparities are

all horizontal.

1.4.2. Stereoscopic View Synthesis from Monocular Endogcufeos

We further study the problem of synthesizing stevesws from monocular image
sequences. The problem is more challenging tharpteeious one and the algorithm
developed in the previous example cannot be applidis new problem. In the previous
two-view rectification problem, we create stereews by applying transformations to
each view. However, this rectification scheme carb®used for multiple images since
every two image pair may lead to different transfations, which will cause
transformation conflictions for each single imagehe sequence. To solve the problem
of synthesizing stereo views from image sequenges;ompute the depth map for each
frame and use the depth map to synthesize stemesviWe investigate this problem
under a particular application, i.e. uncalibrate@nocular endoscopic videos. This
particular scenario is very challenging: images distorted, glare points are shifting,
image quality is poor and scene and camera motiemear degenerate. Despite all of
these challenges, we designed a practical algonthioh is able to produce good stereo

results. Figure 1.8 gives an example. The first simws several frames of the original
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video; the second row shows the corresponding deisgarity map and the third row is

the corresponding synthesized stereo images.

Figure 1.8. Stereoscopic view synthesis from molaandoscopic images.

1.4.3. Rapid 3D Modeling from a Single View

While structure-from-motion can automatically extr@D information from a scene,
the results are sparse 3D point clouds which arsuitable for accurate object modeling.
In addition, structure from motion cannot be used dxtracting 3D information from
single images. In this dissertation, we developethteractive framework to do rapid and
accurate 3D modeling from single images. The fraorkwirst estimates the camera’s

orientation via sequential virtual rotation. Aftéhe camera is calibrated, general
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modeling tools like Google Sketchup can be directhed to construct models from
images. Current state of the art image-based nmapétiols only support modeling of
lines/planes/curves and have a limited supportytinder modeling. In this dissertation,
we propose a novel algorithm for rapid cone andndglr modeling based on several

control points. Figure 1.9 shows some modelingltesu

(@) (b) (€) (d)

Figure 1.9. 3D modeling from a single image.

1.4.4. Mobile Robot Navigation from Monocular Views
Due to the availability of low-cost imaging sensargl compact yet high-performance
processors that support image-analysis-based piogesvision based mobile robot
navigation has become popular in recent yeardisndissertation, we studied two typical
tasks of vision guided mobile robots: Simultanebasalization and Mapping (SLAM)
and obstacle detection. By using the rectificatisthemes, we developed novel
approaches to solve these problems.
1.5. Contributions
The contributions of this dissertation can be sunued as follows:
1. Novel image rectification scheme are proposed basedsequential virtual
rotation. The rectification schemes are general ead be used for various

practical 3D vision problems, including camera lwation, object modeling,
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image rectification for stereoscopic visualizati®LAM and many others. A
significant advantage of the rectification schenags that they provide solid
geometric meanings, comparing to traditional algebapproaches. As a result,
they help us to gain insights into many practicgdues such as degeneracy
analysis.
. A novel image rectification algorithm is proposex hon-distorted stereoscopic
visualization. We further extend the algorithm tolve camera calibration
problem. The new algorithm for camera calibratisovides intuitive geometric
explanations that are not available in existingrapphes.
. A systematic approach is proposed to synthesizecstéews from monocular
endoscopic videos. The approach consists of twoomsteps: structure from
motion and disparity interpolation. Two importanbperties are identified and
proved: 1) affine reconstruction is sufficient fereoscopic view synthesis and
2) linear interpolation in the normalized disparifield is equal to linear
interpolation on 3D planes. Based on these pragsrtioncrete approaches to 3D
reconstruction and disparity interpolation are dewed to cope with the practical
challenges in the endoscopic videos.
Novel approaches are developed for rapid 3D mogeliom single images.
Cones and cylinders are modeled using a set ofrmaincontrol points. Image
rectification based on sequential virtual rotati®mised in both the calibration and

the object modeling stages.
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5. Novel approaches have been developed for mobiletrobstacle detection and
SLAM. Image rectification based on the core schefreequential virtual rotation

is used as an initial step for both problems.
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2. IMAGE RECTIFICATION FOR STEREOSCOPIC VISUALIZATION

2.1. Motivation and an Overview of Proposed Approach

Depth perception is one key aspect of human viditemy stereoscopic visualization
techniques have been developed for viewers to ganrtual 3D perception from 2D
images. These include methods relying on color lggphag, polarized light/glasses, dual
projectors, synchronized display and shutter giaset. Recent display technologies
have also led to the development of various low-8&s displays that enable convenient
stereoscopic viewing without the need for speclaksps (see [9, 10] for examples).
While the underlying technologies may vary from onanufacture to another, the basic
principle of many glasses-free 3D displays can llustrated by Figure 2.1a, where a
parallax barrier is used in liquid crystal (LC) plsys to direct the light rays from the
pixels to the right and left eyes, respectivelyguteng a 3D LC display as illustrated in
Figure 2.1b. This and similar technologies have en@D viewing relatively easy and
convenient: users do not need to wear special egasay more. Combining with the
decreasing price and increasing display size, 3dalization through such displays is
likely to find wide applications in many fields,dluding scientific visualization, gaming,
and personal entertainment.

In general, different 3D viewing schemes share common principle — a pair of

stereo images is sent to a viewer's two eyes réisplc to create 3D perception.
Accordingly, the input media are required to baesiscopic in nature (e.g., like those

acquired by a stereo camera). Unfortunately, tteeee media are scarce in reality, and
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general consumers rarely use stereo cameras. Thete limit the otherwise great

potential of 3D displays.

() (b)

Figure 2.1. (a) An illustration of how a parallaarber-based 3D display works. The
orange pixels are the right-eye image, and the gneg are the left-eye image. Both eyes
need to fall into the correct viewing diamond tomse 3D. Assuming normal viewing
distance (and thus fixed viewing diamonds), thee tmage pair must have proper
disparities to give rise to 3D perception. (b) Tdatual glasses-free LC 15-inch display

used in this study.

To assist users to obtain the stereo data via como@meras, this dissertation
proposes a systematic approach to the followingyen@ctification problem: Given two
images of the same scene from general viewpoetsify them into a stereo pair like that
from a standard stereo rig required by a 3D displagther stereoscopic view schemes.
This technique enables stereoscopic content geémeratithout special stereoscopic
acquisition devices. For instance, users can usectwnmon camcorders to capture the
video streams and then use this technique to cbtivemn to a stereo pair, just like those

taken from stereo camcorders.
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Apparently, the above rectification problem is geh and applicable to any 3D
visualization schemes where a left-right image pairrequired. Nevertheless, for
convenience and clarity of discussion, we will osé¢y the above-mentioned 3D display
(Fig. 2.1(b)) as the platform in this work for peesing our solutions to this problem. In
the following, existing work on addressing this lpeon will be briefly reviewed, and the

proposed approach will then be outlined.

2.1.1. Related Work

Theoretically speaking, the above rectification qpeon can be solved by first
performing 3D reconstruction and then re-projectimg 3D points to two virtual views
that form a standard stereo pair. In reality, 3Dorstruction techniques face a lot of
challenges (e.g., scenes with little texture, agiol, uncalibrated cameras, etc) and are
usually computationally expensive. In addition, listg texture remapping poses as
another practical challenge. Fortunately, imagdifreation is possible by using only
perspective transformations without full 3D recoustion. In the case of calibrated
cameras, efficient and simple algorithms exist.(¢1d.-13]). There are also solutions for
uncalibrated cameras (e.g., [14-19]). Howeverheseé methods for conventional image
rectification, the primary goal is to make the eap lines horizontal and aligned in both
images, without full attention to whether the riéetl images form a natural stereo pair
with desired disparities, which is our goal. Speeify, in the uncalibrated case,
projective rectification is accurate only up to @mknown shearing transformation, and
thus, typically, additional constraints are needed solving the ambiguity. The

constraints introduced in existing approaches daadequately address the requirements



21
of 3D viewing. For example, the method of [19] miees the overall disparity to solve
the ambiguity. Although these techniques certanaigult in a rectification that makes
stereo matching easier, the results may still beally distorted and thus are typically not
suitable for direct stereoscopic visualization (elgck of proper disparities, residual
“squeeze or stretch” distortions, etc). There dse afforts on minimizing the distortion
of the rectified results (e.g., [14, 20, 21]). Example, a post-processing step is used in
[14] to minimize theimage domainshearing distortion. Unfortunately, these are not
based on the physical constraints arising fromua stereo rig, and thus, they do not
ensure that the results are distortion-free andyréar stereoscopic visualization. In the
following, two representative prior approaches,nfr¢19] and [14] respectively, are
discussed in more depth.

The Hartley Method: The approach was described in both [19] and [22]jckv has
two major steps. The first step transforms the séemage so that the epipole is moved
to horizontal infinity, i.e. (1, 0, 0) by applying a rotation and a projective transfation.
The second step transforms the first image sotttgaepipolar lines in both images are
aligned. In this step, to determine the final tfarmmation, a criterion of minimizing the
overall disparity is used. While this is effectifrem the perspective of making stereo

matching easier, the method is not suitable forpsablem, as analyzed in the following.
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Figure 2.2 The rationale behind the Hartley method and therg@l distortion

Figure 2.2 illustrates the potential problem oktmethod. Suppose that there are five
balls at different depth in the scene. In the fegan the left hand side, we plot two views
of the scene in the same image (red/dark for thieview and green/bright for the right
view) and use black arrows to depict the disparitéthe balls. Since different objects
have different depth, they have different dispesitin the image, as the black arrows
show. Suppose that we only detect four point cpordences, i.e. the four smaller balls
in the image. If we apply the criterion of minimmg the overall disparities, then the
optimal solution is obtained by shifting and sthaetg the right image so that the four
feature points in each image exactly match eachrp#s illustrated on the right hand side
of the figure. Now, all of the disparities of theature points become zero and thus the
overall disparity is minimized. However, the regslthat the first image is stretched: the
larger balls become elliptical, and thus they aresuitable for direct 3D visualization.

The Loop & Zhang Method: Loop and Zhang [14] used a different approach, eher
two images are adjusted at the same time. Thisciliewed by computing two

transformation matrices simultaneously. Similatlye method starts from the goal of
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making epipolar lines horizontal and aligned. Tonimize potential distortion, the
following criterion is used: the two lines connactithe midpoints of the four sides of the
images are perpendicular to each other and théheago of the two lines should be kept
the same after rectification. Unfortunately, theuwsmsptions behind this criterion are not
necessarily true in practice, and thus distortemaval is not guaranteed. To illustrate
this point, we simulate a counterexample in Figu&s where we simply rotate one of the
two images in a standard stereo pair, and thusiéiseed rectification is to rotate that
image back. Obviously, the desired rectificatiomsloot satisfy the above assumptions,
and thus the criterion in [14] cannot ensure thieditg of the results. In this particular

example, it is easy to show mathematically whydtigrion cannot be used.

Figure 2.3. The rationale behind the Loop and ghaethod and the potential distortion.

2.1.2. Outline of the Proposed Approach

In this dissertation, an approach is proposed ¢tifyeuncalibrated images to form a
desired stereo pair required by a 3D display. While basic idea is based on the
fundamental matrix [23, 24] and homography, simitaf14, 17, 19], we start from the

standard stereo set-up, which is the desired atiquisset-up for a 3D display, to derive
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the rectification algorithm. This novel derivati@mables us to have a natural physical
interpretation of the resultant algorithm, whichist readily available from conventional
approaches such as those in [14, 19, 22]. Moreaeeremove the ambiguity and
distortion in the rectified results, we proposeriégegon and a corresponding algorithm
that are motivated by physical constraints arigrogh a stereo camera set-up, unlike the
artificial constraints introduced in other approasltdiscussed above. For the practical
problem of 3D visualization of two views with a d@ baseline, image translation is
usually necessary. We show how this is, in theaglated to rectification with
intersecting optical axes, similar to what humaasathen viewing objects that are very
close to the eyes.

Our approach is developed based on a couple obmahte assumptions. First, we
assume that the internal matrix of the camera eandarsely estimated from the image
dimensions (see Section 3B, Egn. 5 and Sectio8dégond, we assume that image points
with similar disparities have similar depth, whishnecessary to generate an undistorted
stereo pair. In this study, we also assume thagéneanslation can be used to enhance
visual comfort in 3D viewing, which has been valethby some empirical study [25]
and is used by many stereo software products. fipact of various assumptions in our
algorithms and the limitations of the proposed apph are thoroughly analyzed and
illustrated with experiments.

In our study, although we visualized results fromn experiments and asked viewers to

verify the performance of the algorithm, our prigméwcus is on the computational aspect
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of the stereo rectification problem and thus noeesive psychophysical experiments
were performed, which are beyond the scope ofdisisertation.

The remainder of the chapter is organized as fald®ection 2 defines the problem
formally. Section 3 describes our approach/algorghSection 4 analyzes the theoretical
interpretations of translating images and propogematic schemes for adjusting
images. Section 5 analyzes the impact of a rougblynated camera matrix and
discusses the operation range of the approachrinst®f how large a baseline the
algorithm can tolerate. Some samples of experinhgetlts are given in Section 6.

Section 7 concludes the chapter.

2.2. Problem Definition

Images captured by a standard stereo camera cdityreapport 3D visualization.
Therefore, in order to define our rectification Ipleim, the standard stereo setup is first
formally formulated. As shown in Figure 2.4, thangaa setup satisfies the following
constraints:

1) The two optical axes are parallel and perpendido the baseline.

2) The two cameras have the same intrinsic paemet

3) Two image planes are aligned, which meanskbtt of the x axes are parallel to

the baseline.
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Figure 2.4. lllustration of a standard stereogetu

Formally, if the first camera matrix is set to be

R=K[110]

i.e., using the first camera’s coordinate systenthasworld coordinate system, then the
second camera matrix is
P, = K[I|t] t=,0,0)
meaning that the second camera is just like tisé dine, except it is shifted along the x
axis by a distancé,

Generally, suppose that the two camera matriees a

R, = KR I]-CJ= M]1]- C]
whereK; represents the internal camera matRxthe camera rotation matrix, aj

the camera center, then for a standard stereotbaiconstraints can be expressed as

K,=K,=K
R=R=R (2.2)
R(G,- Q)= (kO,0]

The last constraint shows that the x-axis is palrédl the baseline.
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When taking two general images of the same scéeecdrresponding camera setup
may be arbitrary and thus may not satisfy any ef dbove constraints. Therefore, our
task here is to rectify the images so that thek ldae as if they were taken by cameras
satisfying Eqn.(2.2). It can be shown that, for pure rotation or chamdenternal
calibration, there exists a homography transforomafor the entire image that can be
used to rectify the images. Thus, if we do not dlate the cameras, we can rectify the
images by applying a homography transformation.t ihdo say, we can “rotate” and
“change the camera internal matrix” by applyingraper homography so that the new
cameras form a standard stereo setup (excepthbadbdselink may not be uniquely
determined). Considering also a proper range géadises (determined largely by the
baseline) for easy stereoscopic visualization,psablem can then be summarized as: (1)
given two general images, how to find such a homplgy for each image so that the
results look like those taken from a standard steegup; (2) how to further satisfy the
constraints of the desired disparity for a 3D dagpl
2.3. Proposed Approach
2.3.1. Calibrated Cameras

Although our goal is to handle uncalibrated camaitas instructive to begin with the
calibrated case, which in our derivation will natily lead to the uncalibrated case. In the
calibrated case, the camera matrix is known and désired homography can be
computed using the method in [11]. Here we firgspnt the derivation for the calibrated

case, which will be used later to design a newrélgn for the uncalibrated case. We
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first construct a standard stereo rig based onvangbaseline, and then derive the
homography between the old camera matrices andetvecamera matrices.

Suppose that the new camera matrices are (from(Eqyj).
P=KR1]-G], =12,
then the homographies for rectification are given a
H, = KR(K R)"* (2.3)
This can be shown by considering an image poimid its corresponding point in
the new camera, for which we have (wh¥ns a 3D point)

x=PX
x=RX=KR I|- G] X

=KR(KR)* KR I~ ¢] X
=KR(KR)'PX= KR KR

and thus Egn. (3) follows immediately from the lasfuality. Therefore, the problem is to
estimateK andR. K can be set t&; or K, (as in Egn. (2); the impact of using differéawill be
analyzed in Section 5). So we only need to estirRaterom Eqgn.(2.2), R can be written as
R=(r,s,d" with

r=C,- GG Gl t=(" p)IIr pll. s=r"t

The meaning oRis straightforward. Namely, the x—axig {s along the baseline, and
the y and z axess(@ndt respectively) are perpendicular toThere is no constraint on
choosingp. Here we choos®, which is the y axis of the second camera.

2.3.2. Uncalibrated Cameras

In the above we have shown that, for the calibraigsk, the homographies can be

estimated using the camera calibration informatiéowever, the calibration information

is not available in the uncalibrated case. To diuifieation in this case, the following
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epipolar constraints can be used, which are derii@u the constraints of the stereo
camera setup (see Section 2):

1. Epipolar lines in both images are horizontal ickhmeans that the epipole is at
(k,0,0) .

2. The corresponding epipolar lines should be thmes line. That is, given two
corresponding epipolar lind$ 17} such that'=F[u]. | whereu is any line not passing

through the epipole aréis the fundamental matrix, thénshould be equal tb.

In the conventional image rectification methodshsas [14, 19], to find the right
homographie$i; andH;that ensure the transformed images satisfy theeaborstraints,
the fundamental matrix is used, which can be coegptitrough point correspondences.
However, although rectification based on these ¢mastraints is sufficient for tasks like
facilitating stereo matching, it does not guarantiee results to be suitable for 3D

visualization. For example, if we apply the follomgihomography to the rectified images

O O W
o Qo T
R ® O

the results still satisfy the epipolar constraimtthough the images are now distorted.
Existing methods for minimizing the distortion (g.d14, 19]) mainly focus on
introducing additional artificial constraints onetlimage itself, with little consideration
for the standard stereo setup (which is, of coureenecessary if the task is to facilitate
stereo matching only).

To make the results look as if they were taken Btaadard stereo camera as much as

possible, we propose a novel algorithm which isedasn the method in the previous
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section, i.e., virtually rotating both cameras tgtareo camera setup through applying
proper homographies to the images. This proposbdnse enjoys a solid geometric
interpretation that is not available in the trashi@l methods. In the following, the
detailed algorithm for finding the desirét] andH, for the virtual rotation of the camera
will be described.

Step 1. Find B

In the calibrated case, the homographies are cadpuiom Hi=KR(K;R)™. SinceK;
andR; are known, onl)K andR need to be estimated, which can be obtained ubmg
camera information. In the uncalibrated case, fathe camera information is unknown,
which makes the problem much harder. Without Idsgemerality, the world coordinate

system can be set to be the second camera’s catedigstem, so th&, = 1 andC, =0.

However,K,, K andR are still unknown and thus; is still unavailable yet. To determine

the unknowns, we start by making reasonable assonspiorK:

f 0 p p, = w/2
K=K,=0 -f p, with p,= h/2 (2.4)
0O 0 1 f=W+h)/2

where(p,, p,) represents the image centdrthe focal length (the ternfis due to the

consideration that in image representation, thgioi(0, 0) is at the upper left cornew),
the image width ant the height. Essentially, Eqn. (2.4) estimad{efsom the image size.
While such & may not be the actual camera internal matrix,eoyoeriments show that
so-computed is able to provide reasonably good results thataémost the same as the
ones obtained if the actuidlis known and used (see Section 5).

To estimateR, we need to know the baseli@g-C,. Since
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&=RG=KRI-CI(G)'= KRG Q

we have
C-C=(KR)"e= K'e
whereeg,is the epipole of the second image and can berwatdrom the fundamental
matrix through
F'e, =0
Since we have s& =1, s,=(0,1,0), just like in the calibrated cas® can be

computed as follows:

R=[r, s
r=K,e)IIK;"e|t=r"s,,s f t
With K,R,K,, andR, determinedH, can be obtained as

H, = KR(K,R)" = KRK; (2.5)

and the remaining task is to fit}.

Step 2. Find H
From Egns. (2.3) and (2.3); can be expressed as
H,=KR(K,R)*'= H,K,R( KR = H,M (2.6)
withM =M_,M,* andM, =K R, M,=K,R,. SinceM is linked to the fundamental
matrix through ([12])

M,

OT

R=MJI0], P’=

F=le] RE=[¢ M,M'F ¢ N (2.7)
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where B" is the pseudo-inverse 8%, and M can be computed by decomposiRgas
Eqgn. (2.7). However, such an estimatddhas 3 degrees of freedom ([19]). That is,
supposd =[e]. M, then for any 3x1 vectov, a newM '=(I +e,v' )M still satisfies
F =[e] M'. This ambiguity needs to be resolved in orderdteanine a uniqukl; from

Eqn. (2.6).

To explicitly parameterize the ambiguity, suppodeatt we first determine a
nonsingular matrixM, through the constrainfF =[e,] M, , then we can set
M =(I +e,v') M, so thatH; can be computed as

H,=H,M

=H,(I +e;V' )M, =H,(M,+e,V M)
=H,M,+H. eV H,"H,M,

=(1 +Hev Y H,M,, (v =V H;7)

(2.8)

The above derivation gives us an expression forpeimg H; in terms ofH,, v, and
Mo. It is interesting to note that this final formuila Eqn. (2.8) is the same as that
obtained in [19]. However, as shown above, we dfagt derivation from a totally
different perspective (Eqn. (2.3)), which is basmd the calibrated case. Thus our

derivation has a natural physical meaning: firsg @stimateP, and P, based on the

fundamental matrix, then “rotate” them to the stddstereo pair.

Since
H.e,= KRK,'e= H s} 1
=K (0,0 = «,0,0)

we can rewrite Eqgn. (8) faf; as
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H,=(l +H eV )H,M,=H,H,M, with H, =

© o 9
O = T
P o O

Thus the ambiguity ifd; is capsulated into the matrita. To solve the ambiguity of
Ha, we need to use some additional criteria to datexrthe vectord,b,g. As discussed
earlier, some existing work uses criteria that ai Ilead to results suitable for our
purpose. For example, minimizing the overall diggan [6] is not helpful, since we
want the results to be undistorted with respect standard stereo pair and with the right
amount of disparities (but not simply the minim&ur method is based on the following
constraint from the standard stereo setup: For 3@opoints{ X, X} with the same
depth, suppose that their projections on two imamesa standard stereo rig are
{x, x} and{x', x,} respectively, then

X %= X%

This constraint directly follows from the fact that a standard stereo rig, points with
the same depth have the same disparity .e.x'= %- %'). We now use this as a
physically meaningful constraint to solve the anoiiiigin Ha.

Determine a, b and c:Based on the above constraint, we define a critenbich

minimizes the following distance difference:

(I1H% - Hyx IF IH, %" H,x 1D (2.9)

S ]
p il A,
HereAyis a set of indices such that for T,Ap, Xiand X have the same depth. The

idea is very intuitive: if the computdd; andH, indeed give rise to a true stereo pair, the

above sum of differences should be, ideally, zero.
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Given transformations H,;, Hi;=HH-My=HsHo, and a set of point
correspondence§c,,x,} , we can write X,'=H,Xx,' and X, =H,x, so that the

minimization problem of Eqn. (2.9) becomes onesimis ofHA:

UIHA% - Ha F 1D % 1D (2.10)

p i,iTA,
Let X, =(X, ¥, D)'and X,'=(X ", § ', 1) , then
H,% = (% +by + ¢ V1)
After rectification, the corresponding points shibhlave the same y value. Thus, for

point correspondenge, x,} , if the rectified points aréd X, = (a% + by + ¢ y,1)' and

A

X'=(X". %2, theny = §'. Thus we have
I%: %= & % % G ¥
IH.% - H % I @&- X¥ b(y Y)F (v VF
and usingy, = ¥ ', we can further write
Y- %= ¥y
Therefore, the above minimization from Eqn. (2.100}inally written as a function of

(a,b,c)

@%- )+ Hy- ¥y (x X)) (2.11)

p il A,
The minimization can be solved by a least squapeaaeh to find 4,b). Note thatc is
not in this formula since we use only the differemias the constraint. To determinaeve
can simply use

ax, + by + c="%' (2.12)
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Searching and grouping points with the same depthin the previous step, we need
sets of points with the same depth. Now we preaenéthod to find these sets. Although
we cannot find these sets directly in the origingges due to the uncalibrated nature of
the cameras, we have the following observationrem images, points with the same
disparity tend to be close to each other; nearbggenpoints correspond to nearby 3D
points; and nearby 3D points have similar deptloag as they are not very close to the
camera. Thus we may assume that points havingasimigparities tend to have similar
depth. Note that here disparity refers to that frdme original image pairbefore
rectification. Also, the arguments make sense drtlye distance between the cameras is
smaller than that between the cameras and typsealespoints, which is required anyway
for any rectification algorithm/system to work. Wmdthis assumption, in practice, for
nearby 3D points that are close to the camerag,gheuld have different disparities and
thus they will not be grouped. Therefore they willt pose any problem. Based on the
above discussion, we propose the following algaoritio search for sets of points with

similar depth by finding points that have similasghrities.

Algorithm

Input: A set of point correspondendgs, x;} , athresholdwhich defines maximum

distance

Output: A set of indices cluster S={ A, p=l..1 such  that
fori,jT AL, x'- x» Xt X,

--For each point corresponderfgg x. )
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Setd, =X, - X, ; SetmatchFFALSE.
-For each clusték,in S
if [|d, - D, § threshold /D, represent average disparitypth cluster
Add toA,; Setmatch=TRUE. Break.
D,=(D," size_ of( A+ d)/( size of A+ 1)
endif
-End for
-if match=-FALSE

Create new clustéy, k=] S|+1
Addi to A ; Add A toS.
SetD, =d,
-endif
--End for

In the algorithm, we do not require points in tlzang group to have exactly equal
disparities. Instead, a non-zero threshold is usedolerate slight differences. To
demonstrate the effectiveness of the clusteringralgn and validate the assumption that
points with similar disparities have similar depdhscene with significant and continuous
depth change is used for illustration. Figure 2lsirates the results of the grouping
algorithm from a test image pair. Figure 2.5 (aJudes all of the feature points. Figure
2.5 (b)-(d) shows three different groups from thewe algorithm, where the threshold
used is 2.2 (pixels). It is clear that the poimtgach group have similar depth.

To this point, we have presented a complete algorio rectify two general views so

that they look as if they were from a stereo canagrd thus are ready for stereoscopic
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visualization, except that the disparity (or baselimay not be ideal. This will be

handled in the next section.

(a) (b) (c) (d)
Figure 2.5. Results of the grouping procedurew(aje crosses show the set of all point

correspondences, with the black tail indicatingplfisement of the feature points. (b)-(d)

are three different groups.

2.4. Disparity Adjustment via Image Translation

In the previous section, parameterandb were determined based on a physically
meaningful criterion (Eqn. (11)). The parameterontrols the horizontal translation of
the image and thus its value determines the disgmriWhile c can be empirically
determined by a simple strategy (Egn. (12)), suebult may not produce proper
disparities (e.g., that preferred by a 3D displéy) eye-comfortable visualization. To
solve the problem, users can shift (i.e. horiziptalanslate) the image to adjust the
disparity. One potential problem of image shiftisghat it may exaggerate or compress
the depth, making the results mathoscopic i.e., violating spatial realism. However,
although an orthoscopic view is necessary for appbns such as virtual reality or 3D
movies, there are many other applications in wioicly the relative depth is of concern.
There are studies showing that relative disparg@dribute more to the depth perception
than absolute disparities [18, 19]. As a matterfauft, most stereo image software

products indeed utilize manual shift of images bHova a user to adjust the image
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disparities (or the perceived depth). In our probleve assume that the images are taken
at general position. This gives the user much lafiggedom in creating stereo contents
for visualization but at the same time orthoscapults cannot be guaranteed since in
general the camera positions do not correspontd@ositions of the two eyes of the
human. In particular, the general two views mayehavmuch larger baseline and thus
image shifting will be necessary in order to renége-comfortable stereo images.
Studies have shown that adjusting disparities hiyirstn images may enhance the visual
comfort, especially for large baseline stereo setupvhich the disparities are too large
for humans to fuse and will cause visual discom{f2b, 26]). Consequently, as in
similar approaches, we are not concerned withdbee whether the rectified images are
orthoscopic. In the following Section, we analyzéywsimply shifting images may
provide better visual quality by linking it to avel rectification scheme with intersecting
optical axes [27]. And then in Section 2.4.2, wecdss automatic schemes for selecting a

properc in order to produce reasonable disparities.

2.4.1. Image Shifting for Better 3D Visualization

One typical problem in rectifying two non-stereocages into a stereo pair for eye-
comfortable visualization is the potentially largaseline between the two views. An
excessively large baseline will result in dispastithat are too large for typical 3D
visualization schemes. This problem can be alledidty using intersecting optical axes
for rectification, simulating the way human beirlgek at an object that is close to the
eyes. Essentially, by doing so, the focal planghifted according to the viewer’s focus,

and since the focal plane has zero disparity, theadities for other scene depth will be
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changed. As illustrated in Figure 2.6 (a) is ag&ad stereo setup, which corresponds to
two eyes looking straight ahead, while (b) is tl@sec with intersecting optical axes,
corresponding to two eyes looking at a close-byedbj The algorithm for further
rectifying a regular stereo pair into one with nsexting optical axes has been reported in

our prior work [21].

(@) (b)

Figure 2.6. (a) A standard stereo setup. (b) Sterdointersecting optical axes.

We now analyze how rectification with intersectimygtical axes affects the disparities.

After the rectification method of [27] based on tteemera configuration of Figure 2.6b,

for a 3D pointX =(x, Y, 2, its image point in the first camera is

1 0 tg@) x-x%

x=PX=KR[I|-G]Xx=K 0 1 0 'y
-t9(g) 0 1 z
) X- %+ ztdq)
IR " gy 2

¢ y
- (% x)tglgy z

- (% x)t(gyr z
Let (u,V,)" be an image point in the first camera dngl v,)" its counterpart in the

second camera. We have
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_p X%t zgg) y
Lo x)gr z - (% ¥) gl
= f X+)%'thq) v. = f Yy

2 2

(x+ %) 1gg) + -

“2X9@) 2.13)
(z+ %tq)" - (xtdq))

(x+x)t9(q) + z

v, - = fy

Let z= z - D z, then we have
_ X %t (%D 2Judg _ . x-Dztgg)
-0 )y 2z - (x Y de -

X+ Dzty(q)
(X+%)t9(g) + z

- 2x°tg(g)y+ D ztgg)(z X tdg))
(z+ %t9))* - (xtdg))?

For the intersection pointx=0,Dz =0, sov, - v= 0 andu, - u= 0, which means

U

2

u,- u= f

that the disparity of the intersection point i=0r any other point, ifg(g) » 0Oand x» 0,

we have

f
V,-v» 0 u- up ;D ztqq) (2.14)

This also gives theelative disparity between a point with depttand the intersection
point (for which the disparity is 0, as shown abov@n the other hand, for a standard
stereo setup (Figure 2.6a), there are only hor&ahsparities, given by

d=u,-u= fk/ =22 ¥ :
and the disparity for the intersection point is
d,=2fx,/ z

For a point withz= 7 -D z
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d'=2fx,/(z-D 2

The relative disparity between the intersectiompand this point is given by
d-d=2m Ly 20 2%= 21D agp)
z 7z zz z

which is exactly the same as in Eqn(2.14). Thiswshthat, whenx is small, the
relative disparity for any two points is the saméoth setups, which also holds true for
the case when is small. In other words, at and around the ceoitéine rectified images,
the method of rectification with intersecting opli@xes results in the same difference of
disparities for any two given points as the staddereo setup does.

Since shifting images from a standard stereo seliogs not change the relative
disparity, it can achieve, at least for points abthe region of focus (i.e., wherandy
are small) or when is small, the same effect as using the camerg sdtintersecting
optical axes. In practice, the disadvantage of gusimtersecting optical axes is the
introduction of potential keystone distortion ([26]e. the vertical disparity is not zero
for all image pixels and becomes the largest agenzorners, as shown in Egn. (2.13).
Therefore, shifting images not only reduces digjea;i which enhances visual comfort by
resembling intersecting optical axes for the regbmocus, but also avoids the problem
of keystone distortion. This theoretically explaiwly the simple technique of shifting
images is widely used.

2.4.2. Automatic Shifting Schemes

As discussed earlier, some current systems or aodttools support the adjustment of

the perceived depth by allowing users to manudilft snages. Based on the analysis of

Section A, we now consider a simple automatic sehéon bringing the disparities of
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two rectified views (possibly with a large base)it@ a range that maximally utilize the
display’s eye-comfortable range. We perform thdofeing “normalization”. shift the
images so as to make the median of the origingkdiises to be zero.

This essentially gives us an algorithm to deterntime parametec in Eqn. (2.12).
Note that, in practice, the median could be remldnethe mean, for example, or even by
the minimum or the maximum (which would accordinglyange the perceived scene
depth in relation to the focal plane: the LC digpldn practice, although slight manual
shift may still be needed for ultimate eye comfdine proposed approach (rectification
plus automatic disparity adjustment) can serve astiaal front-end processing step for
input pairs that are otherwise impossible for 3Bualization.

2.5. Performance Analysis and Implementation Issues

The proposed approach includes a couple of stegsenteasonable assumptions are
made, such as the approximation of the cameranait@arameters by image dimensions
(Eqgn. (2.4)). But how reasonable are these “reddehassumptions? Or equivalently,
how will the approach perform if the assumptionsrd hold true in reality? In this
section, we address these questions with both @relgnd numerical/empirical analysis.
2.5.1. The Impact of an Approximate K

When estimating the homographies, we first estichate camera internal matri
with simple heuristics, as in Eqn. (2.4). Thatwg, make the following assumptions: (i)
the principal point lies at the center of the ima@® the skew is zero; (iii) the focal
lengths in the x direction and the y direction @geal; (iv) the focal length is equal to the

average of image width and height. While the filsee assumptions are usually true for
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most cameras (and slight deviations from the assomgpwill not affect our algorithm
too much), the last one is often not the caseadn, Since most cameras allow focus and
zooming adjustment, the focal length cannot hawv@ngple relationship to the image
dimensions as in Eqn. (2.4). Therefore, the abatienation of the focal length is at best
a coarse estimate, which may be very different ftbenactual focal length used in the
acquisition of an image. Fortunately, the differmetween the true and an estimated

focal length will only result in a translation effeas analyzed subsequently.

Figure 2.7. The relationship between the focal tlenthe image width, and the camera

view angle.

Suppose that the image widthws and the focal length is then the ratior =w/ f is
determining by the (horizontal) view angle of treemera (as Figure 2.7 shows), which
remains unchanged when the image is resized. Frganeé=2.7, we can write

w/ 2
T=tg(q/2)

and thus we have =2tg@ / 2).
SinceH; is calculated based ¢, to analyze the influence of differeiptve can focus
on H,. To measure the distortion of differdnt due to different, we define a distortion

matrix D as follows:

D=H,H,*
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where H, and H,are estimated fronf and f respectively. Iff is the true focal length

and H, is the true transformation, then with the estiovatof f , D measures the

distortion between the true transformation andestemated transformation.

Figure 2.8. The relationship between the epipaealf length, baseline width and scene

distance.

The epipole may also have influence on how muchdiktortion is. Therefore, we
should consider different epipoles in the testmilar to the estimation df we can also
represent the epipole by other parameters. As €&idu8 shows, the epipole is the
intersection of the baseline and the image planpp8se that the camera rotates by an
anglea around the y axis, the epipole’s coordinates ornirtiage plane aréf /tg(a),0)" .

On the other hand, suppose that the distance betitheewo cameras tsand the scene
depth isd, thentg(a) =b/2d=1/2p, wherep is the ratio between the distance of the

scene and the distance of the cameras. Thereforef / tg(a) =2 pf, wheree denotes

x-coordinate of the epipole.

With the above variables introduced, we can combytey these variables insteadfof

ande.

H,=F(K,e)=F'(f,e = F"@, p
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Now we can numerically assess the impact of ancumate approximation. First, we
set

w=1024, h=768
f =w/2tg(g/2)

e=(g,€,1)' wheree, =0.2" g ande, =2 pf » 2 pw

Typically, g1 [30 ,120 ] and p3 5. Suppose that we always uge=60°as an

approximation but the ground-truthdgs=30° and p=5. Then the distortion is

0.996 0.001 - 150
D(g=60°g=3P°p=5= 0 1.000 29.4
0 0 1.004

This suggests that the distortion is almost orthaaslation.

If the trueq is insteadg =120°, we have

1.056 - 0.009 214
D(g=60°g=120 p=5= 0  1.000 - 41.
0 0  0.947

The above matrix shows a little bit distortion idd#&ion to translation: the x and y
axes expand with a slight (about 5%) differencel e skew is around 1%. We deem
such distortion as negligible especially if thegmse is only for visualization (rather than
for accurate estimation of true depth or disparity)

In practice, whem is larger, which means that the scene depth iswtarger than the
distance between the two cameras, or when theviewe angle is closer t®0°, the

distortion can be much smaller. For example:

1.01 - 0.003 116
D(g=60°,g=120 p=10= O 1.00 - 23.
0 0  0.988
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1.01 - 0.003 99.1
D(@g=60°,g=9C¢ ,p=5)= 0 1.00 - 19.7
0 0 0.988

(a) (b) (©) (d)
Figure 2.9. Results using different focal length)-(b) are rectification results with=
(w+h)/2; (c)-(d) are rectification results with= (w+h)/8.

In summary, the analysis shows that the approxonaictheme used in our algorithm
will not cause significant distortion in the targgiplication. We now present an example
of real images to further illustrate the above gsial Figure 2.9 shows the rectification
results for the same pair of input images wihes set to +h)/2 (in (a) and (b)) and
(w+h)/8 (in (c) and (d)) respectively, without any kredge of the actual focal length.
One can clearly see that there are only translatidifferences between these two image
sets, i.e. (c) is a translated version of (a) ah)ds(a translated version of (b).

2.5.2. Operation range in terms of the baseline

In practice, not every camera setup can give &ig@od stereoscopic visualization. In
particular, for scenes with significant depth vaola and scene objects close to the
cameras, a large baseline between the acquisiiorei@s will often result in disparities
that are too large to be fused by human eyes. dnbt#low, we analyze the operation

range of the proposed algorithm in terms of theelyas of the camera setup. In the
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standard stereo setup, for a 3D point with deptthe disparityd of this point in the

image domain is given ds= fk/ z, wheref represents the focal length akdepresents

the baseline. This equation relates the dispavigther three parameters: the focal length,
the baseline, and the depth.

With the 3D display shown in Figure 2.1b (15 inchmasasured diagonally) and
assuming a viewing distance of 60cm, we have fabnough empirical study that, with
the images scaled to fit into the display with #24X768 pixel resolution, the largest
disparity has to be within 40 pixels in order foetimages to be fused comfortably by the
observer. This is similar to what has been repareather study (e.g., [28]). Using this
empirical upper bound of disparity for eye-comfbieavisualization, we now analyze the
corresponding constraints on the camera setuphwhiturn gives us the operation range
of the proposed rectification algorithm.

In the previous section we have showrm w/ f =2tgg /2). With this, we can write

the baseline as
k=zd/ f=zd(wWr)=rz d \
For a 35mm camera with normal lens, the view anglabout 40 degrees and

equals to 0.73. Without loss of generality, in fobowing discussion, we use this

value as an example. Using the upper bound 4@ &ord the screen width 1024, we can
find the upper bound fdcas,

k=r_dz£0.73 40 S 1

hilh g Ny (2.15)
w 1024 35

The above equation suggests that the baselineedinth cameras should be less than

one 3% of the scene depth. That is, as long as the Inasefithe cameras satisfies the
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above constraints, the rectification algorithm vk able to produce eye-comfortable
stereo pair. While Eqn. (2.15) appears to be tetrictive a requirement, fortunately as
discussed in the previous section, we can shiftirtteges to reduce the disparities. We
now show how allowing the shift of the images wgitkatly relax the constraint of Eqn.
(2.15). Referring to Section 2.4.2, we use theofelhg scheme as an example: shift the
images so that the mean of the maximum and thenmimi disparities becomes zero.

Suppose that the closest object has a deptnd that the furthest object has a depth
Then their disparities ard, = fk/ z andd, = fk/ z, respectively. The mean disparity is
defined asd,,=(d +d,)/2. After shifting the image by the median disparitiie

maximum disparity becomes

,- d,= 2. L

27 g
Therefore, the new constraints for the baselin®ehes

Kt -bed @ g 2 0m 1 (2.16)

2z 1z w 1/z-1/z2

From Eqgn. (2.16), if the background in the imagesat infinity, i.e.,.1/z, =0, the
constraint is relaxed by a factor of 2, comparethwkqgn. (2.15). In general, if the
minimum disparity is not zero (i.e., the backgroumdot far away), the constraint can be

further relaxed. Specifically, let, = zZ + Dz, we have

2rd 1 x d
kE mex = e + 2.17
w 1/z-1/(z+D 2 w alt ) @17)
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The equation shows that, if the relative depthataon of the scene is small, the

maximum allowed baseline will become larger. Faaraple, if Dz = z, then Eqn. (2.17)
becomesk £ 7 /9, which is much more relaxed compared with EqrigR.

2.6. Results

More experimental results are presented in thigigedo validate the proposed
approach. The experiments were designed to as#émemt aspects of our approach.
Although only image samples are presented hereuirexperiments, the rectified pairs
were further validated by visualizing on a SHARRIAéh 3D display (Figure 2.1b). To
facilitate a reader’s visual inspection of the Hsswa Website has been created where the
images of the original resolution are posted (see

http://www.public.asu.edu/~bli24/Rectification.htilWe also created and posted on the

Website the red-cyan image pairs for the benefreafliers who do not have the SHARP
3D display but want to inspect the stereo resulth wasily available red-cyan glasses.
Four representative experiments are reported below.

Experiment I. In the first experiment, we use the data maddabta on the Internet
by the Interactive Visual Media Group at Microsmdsearch accompanying their paper
[29], which contains accurate camera calibratidarmation and thus allows us to verify
the key components of our algorithms without havinguse a fundamental matrix
estimated from raw data. The data set containogidaptured from 8 different cameras.
In the experiment, we select pairs of images froend and the # camera (illustrated in
Figure 2.10 (al) and (a2)), and then plot someesponding epipolar lines in the images

(Figure 2.10 (b1) and (b2)). After applying ourtrcation algorithm (note that, in this
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step, we only use the fundamental matrix but nbelotamera calibration information),
we obtain the rectified results as illustrated igufe 2.10 (cl) and (c2), where the
epipolar lines become horizontal and aligned. Tdasisfies the epipolar constraints.
Moreover, we can find that the image does not habeious visual distortion,
demonstrating that the ambiguity in the rectifioatiis removed by the proposed
algorithm. As a comparison, we also rectify the pging the given camera matrices (i.e.,
using the algorithm for the calibrated case), ofitgy the results in Figure 2.10 (d1) and
(d2). The shift of the images is due to the ladggance between the two cameras. Other
than that, there is no big difference between #wmults from the calibrated and the
uncalibrated algorithms, which verifies the cornests of the proposed algorithm.

Experiment Il. In the second experiment, we use Pov-Ray [30]inulate views
from different camera positions, which can be @elgi controlled. This provides us with
virtual stereo pairs of any desired configurati@ng(, any baseline). In the example
illustrated in Figure 2.11, (a) and (b) illustréte simulated pair with desired baseline, (c)
is an image obtained by rotating the camera o{r{b)e that this is different from simply
rotating the image). Then we rectify (a) and (c)vthe desired camera configuration as
the goal. Ideally, after the rectification, we shibbhave a pair like (a) and (b). Figure 2.11
(d) and (e) are the results, which are almost #imeesas the true stereo images (a) and (b)
except for a horizontal translation (which coulddoiusted by shifting the images again).
Note that in this type of experiments, the algontfor the uncalibrated case is used,
which means that we have to estimate the fundamema#rix from the synthesized

images. The ambiguity of the horizontal transla@oises from the fact that our algorithm
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relies on the fundamental matrix, and thus onehef $hifting schemes proposed in
Section 2.4 should be used before visualizing 8D aisplay.

Experiment 1ll. The third experiment uses both synthetic images r@al images
captured by a hand-held camera from different mostto test our algorithms, with
comparison to the standard approach in the litezg{l9, 22]). The synthetic data based
experiments enable easy comparison of differentcagmhes since the scene objects can
be created as desired, whereas the results usaggsrfrom a hand-held camera serve to
illustrate how the algorithm can handle images wagat from general camera positions.
Sample results for the synthetic data and the ireagjes are given in Figure 2.12 and
Figure 2.13 respectively, where (al) and (a2) heeariginal image pair, (b1) and (b2)
the results of the method in [19, 22], (c1) and @2r results. It is obvious that (b1) has
noticeable distortion in both the synthetic datd Hre real images, while our results look
fine. The reason has been discussed previously.

Finally, we point out that, in our experiments, #ngomatic image shifting schemes
described in Section 2.4 are found to be able todleaimages from relatively wide
baseline cameras so that they can still give 3DRgmion when viewed on the 3D display.
2.7. Summary

In this chapter we proposed a new image rectificatnethod to support easy 3D
visualization. No full camera calibration is needadd thus the proposed method can be
potentially applied to a wider range of media tvatre not captured by stereo cameras.
The novelty of our approach is that not only the&alition is minimized so that the results

can be viewed on a 3D display, but also the deamdtas a clear and compact physical
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meaning, which is not available from other appresctinat rely on artificial constraints.
In addition, we presented both analytic and emalidmalysis of the effect of shifting two
rectified images for adjusting the disparities. &h®n such analysis, we were able to
incorporate automatic schemes for shifting the iesag order to handle views with large
baseline. Experiments were designed to assessrtipoged approach and the results

demonstrated the effectiveness and the advantédges method.
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(al) (a2) (c1) (c2)

(b1) (b2) (d1) (d2)
Figure 2.10. Results of Microsoft data. (al) and) @re the original pair. In (bl) and
(b2), some eipolar lines are plotted. (c1) and &®)ws rectification results based on the

fundamental matrix. (d1) and (d2) are the resudtsed on camera calibration.

(@) (b) (©)

(d) (e)
Figure 2.11. Results of Synthetic data. (a) andafle)a standard stereo pair. (c) is the
view after rotating the camera of (b). (d) andge rectified results on (a) and (c) purely
based on the images. (d) and (e) apparently foster@o pair. Note that, in practice, (d)
and (e) may be both rotated during rectificatiomelation to (a) and (b) respectively, and

thus one cannot simply compute the difference betwa) and (d), for example.
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(al) (b1) (c1)

(a2) (b2) (c2)
Figure 2.12. Sample results using synthetic datth esomparison to the conventional
approach of Hartley’'s method. (al) and (a2) arecttginal pair. (bl) and (b2) are the
rectified results based on Hartley’s method. (aid &2) are the results of our method.
Note the obvious shear distortion in (b1). Pledse eefer to the accompanying Website

for the full-resolution images including the redaaypair.
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(al) (b1) (c1)

(a2) (b2) (c2)
Figure 2.13. Sample results of real images capthyeldand-held cameras. (al) and (a2)
are the original pair. (b1) and (b2) are the remdifresults based on the method of [12].
(cl) and (c2) are the results of our method. Nia¢edistortion of the electric pole in (bl),
which is more obvious when viewed on the 3D disfagase refer to the accompanying

Website for the full-resolution images including tled-cyan pair).
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3. CAMERA AUTO-CALIBRATION FROM THE FUNDAMENTAL MATRIX
WITHOUT USING KRUPPA EQUATIONS OR THE ABSOLUTE CONI C
3.1. Motivation

Camera auto-calibration, the process of estimaiagnera parameters without
requiring special calibration objects/patterns, useful or even essential for many
applications such as metric reconstruction fromgesa[31] and augment reality [32].
The problem has been extensively studied in the (emg., [22, 33-37]). This paper
considers the basic problem of camera auto-caidirdtom only two views. A majority
of the existing methods for this problem is rootadthe Kruppa equations and the
absolute conic, with differences in specific coaistts on the camera, the motion, or the
scene [22, 36]. In such methods, two independeamteans in the elements of the camera
intrinsic parameters are obtained assuming thelabtly of the fundamental matrix.
Thus if only the two focal lengths of the two viearg unknown, they may be determined
by the equations. However, the equations do nailuavthe extrinsic parameters of the
cameras and thus external calibration cannot becttlr achieved using the constraints
given by the Kruppa equations. A derivation of tReippa equations based on the
absolute conic can be found in [35].

In this chapter, we present a new auto-calibratrethod without using the Kruppa
equations or the notion of the absolute conic. kénthe methods based on the Kruppa
equations, which can only compute the camera’sngitr parameters, our approach can
simultaneously estimate both the intrinsic paranseddd the extrinsic parameters of the

cameras. The derivation of the proposed algorittatmbased on a sequence of
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transformations that relate two general views tstandard stereo pair, for which the
fundamental matrix takes a special form. Effecyiyebur method decomposes the
fundamental matrix between two general views ihgroduct of a sequence of matrices
that involve the focal lengths and external rotagp@arameters of the two views. Based on
the decomposition, we derive a set of equatiorsotee for the camera parameters from
only the fundamental matrix. Compared with the radthusing the notion of the absolute
conic, our derivation enjoys intuitive geometriderpretations, which are especially
obvious in the discussion on the degenerate caseswuto-calibration from the
fundamental matrix.

As an example of application of the proposed methed show how our auto-
calibration results can be readily used to reatifigalibrated images, using the recovered
intrinsic and extrinsic parameters. Image rectifcma from uncalibrated views is a
difficult problem that has been studied in therétare (for example [14, 19]), where the
results of existing methods usually exhibit affitistortions since no self-calibration is
done.

3.2. Background and Notations
3.2.1. The Camera Internal Matrix

A general camera internal matrix can be represesded

fi s B
K= 0 f, p,
0O 0 1

where (p,, p,)" is the principal points the skew factorf, andf, the focal lengths along
x1 My y

the horizontal and vertical directions, respectiveAs done in many works in the
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literature, we assume that the principal pointtitha image center, the skew is zero, and
the focal lengths along different directions are game. Under these assumptions, the

internal matrix is simplified to

wherew is the image width anldis the image height.
If we translate the image coordinates system sob ithaorigin coincides with the
principal point (the center of the image), thenKhmatrix can be further simplified to
K =diag( f, f,1) diag(1,1,1/f) (3.1)
where means “equal up to a scale factor”. The inverde¢ isfgiven as
K-*=diag(L,1, f) (3.2)
Our subsequent discussion will be based on thiplgied K and the translated image
coordinates system.
3.2.2. The Fundamental Matrix
The fundamental matrix is a 3x3 matrix representimg epipolar geometry of two
views. Given two camera matrices
B =K][I]0] and P, =K,[R|1,
the fundamental matrix can be expressed as
F=K, ] RK;*
F is rank 2 and its left null vectoe)) and right null vectord;) are the epipoles on the

right and the left images, respectively, i.e.,
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Fe =0 and € F=0
The epipoles can be represented by the cameracemstri
g = KR't and e, = Kt

If the first image is transformed Wy, and the second image is transformedbythe

fundamental matrix of the two new images can bepmdsd as
F'=H,"FH;"

3.2.3. Auto-Calibration Using Kruppa Equations

The Kruppa equations are an algebraic representaifothe correspondences of

epipolar lines tangent to a conic [22]. Specifigafbr the absolute conic on the plane at

infinity, the Kruppa equations are given by
[e] we = FyF (3.3)
wherew, = K,K] andw, = K,K] are dual images of the absolute conic (DIAC), and

& is the epipole in the second image. A succinct fofi{8.3) is

v - *
LWl _ 4wy _ 4wy (3.4)

2T nF * 2.7
SIIWY  S§ MWy s 5% Wy

whereu, ,v and s, are the columns and singular values of the SVIF d2]. The

equations in (3.4) provides two independent caigs onw, andw, , and thus if only

two focal lengths are unknown, they may be congbdtem the equations. However,
since the extrinsic parameters of the camera arearstrained by (3.4), they cannot be

recovered directly using the Kruppa equations.
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3.3. The Proposed Approach
We now derive the proposed algorithm. We first aepgose the fundamental matrix by

sequentially applying zooming and rotation transfations such that the new image pair
becomes a standard stereo pair (Section 3.3.1). dde®mposition establishes the
relationship between the original fundamental meadnd the camera parameters, i.e. two
focal lengths and five rotation parameters. Basethe decomposition, we derive a set of
equations to solve for the camera parameters fhenfiundamental matrix (Section 3.3.2).
As will be shown, upon the estimation of the ratatmatrices, the translation (up to a
scale factor along the baseline) is also impligidgovered.

3.3.1. Decomposition of the Fundamental Matrix

3.3.1.1. Camera Rotation and Zooming

Suppose that the original camera has an internaixr& and that it rotates big and
zooms to a new internal matri'. Then the homographi transforming the original
image to the new image is given HpK'RK ™.

If the image coordinates are normalized, ifes, K 'x, X'=K"'x", then forx'=Hx,
the homography for the normalized coordinates is

H =R such thatk'= HX
Rotation around the X, y, z axes can be represargied) Euler angles, in which case

we have

1 0 0 cos@,) O sing, )
R(g)= 0 cosg,) - sing,),R(g)= 0 1 0
0 sin@,) cosg, ) -sin@@,) 0 cosg, )
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cos@,) - sing,) O
R(g,) = sinlg,) cosg,) O
0 0 1

3.3.1.2. Decomposition of the Fundamental Matrix based on $piential Rotation

and Zooming
A standard stereo camera setup can be represgnted b
R=KRI1|0] and F,=KRI|-C]= KR}
wheret =-RC (1,0,0) , which means the baseline is perpendicular toohigcal
axes. The epipoles are given as
g®=¢e°= Kt (1,0,0)
which means that they are at infinity on th@xis. This is intuitive since the image

plane is parallel to the baseline and thus the camenters are projected to the infinity.

To relate two general views to a stereo pair, W& Apply a zooming and rotation to

both images such that both epipoles are transfotmé0, OY :

He=RK'€=(,0,0
€=RK'e=(.0.0] 5)
H.e,= RK,'=(1,0,0
whereR; and R, are the rotations that transform the epipolesntmity. After the
epipoles are transformed to the infinity, theremty one ambiguity left: rotation around

the xaxis. Suppose that we further rotate the first ienagth R, such that the image

planes are aligned, then the new fundamental migtrix

FS=H,"FH,'R " (3.6)
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The above zooming and rotation processes transtbemoriginal camera pair to a

standard stereo pair for which the fundamental imatis a fixed form given by

0 0 O
F*=[e] KK"=[e} =0 0 -1
01 O
From (3.6), we can writE in terms ofF° as
F=H;F°RH =K, 'RIF°'RRK' (3.7)

This corresponds to a camera reconstruction of
R=K(RR)[Il0]and R = K, R'[I|C] with C= (1,0,0)
We decompos®; as a rotation around the z-axis followed by atrotearound the y-axis,
R=R/R (3.8)
such that after the rotation around the z-axisgthipole is transformed onto the x-axis

and after the rotation around the y-axis, the dpipofurther transformed to the infinity

on the x-axis:
é,=R,&=(d0, ¢
é,. = R,%,=(g0,0)
whereé = K;'g. We do the same decomposition Rer
R=RyR, (3.9)
From (3.7)~(3.9), we have

F=K,R,R,FFRR R K

(3.10)
= F(f1!qlz'q1y7qx’ fZ’qZZ’qu)
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The above equation gives us a decompositioR ofto the product of a sequence of
matrices, each involving only one of the 7 paramsgtee. two focal lengths and five
rotation angles (except fdf°, which has a fixed form as discussed above). Since
fundamental matrix has 7 degrees of freedom, thleoelld be a solution for each of the
parameters. Equation (3.10) also gives us an muinterpretation of the two-view
geometry, i.e. any two general views can be reghiae the result of zooming and
rotation from a standard stereo pair.
3.3.2. Calibration from the Fundamental Matrix

Now the problem becomes how to estimate the 7 petesifrom equation (3.10). We
first estimate 1; and ,, based on the epipoles. SirRg is a pure image rotation around

the center, it is not affected by the focal lengtherefore, we can first rotate both images

such that the epipoles lie on the x-axis. Supplegethe first epipole ig =(a, h, g), we

want

R(¢.)e=(d.0 ¢)

Thus, we have
g, =arctantb, /a | (3.11)
Equation (3.11) gives us two solutions, sing&y) =tg(g+p). In practice, we can
pick the solution within { p/2,p / 2], which is the angle with the smaller absoluteueal

This can be achieved by normalizing any returnegleawith the following function

qg-p g>pl2
[gl= g+p qg<-pl2 (3.12)
q otherwize

Thus we will keep only the solution
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g,, =larctan¢ b, /a, )] (3.13)

The solution for ,, can be obtained similarly.

After the image rotation, the new epipoles becogje= R(g,,) e=(d,0, ¢)' and
e, =(d,,0,c), from which the variablesl;,c;,dr,and c; can be computed. The new
fundamental matrix is then given by

F.=R.FR;=K'R,FRR K
We further rotate both images around the y-axi$ $bat the epipoles are transformed

to the horizontal infinity, i.eR &, (1,0,0, which s

cos@,) O sing,) 1 0 0 d, 1
0 1 0 01 0 O 0
-sin@,) 0 cosg,) 0 O f, «c 0

From the above equation, we can represgfih terms off;
ta(q,) = fic/ d, (3.14)

With ,, determined, we can repres&ajK; " as,

R, K"
1 0 fc/d, 1 0 O
=cos@, ) 0 1/cosf, ) 0 010
- fic,/d; 0 1 0 0 f
d, 0 fc,
= 0 d/cos@,) O
- f.c, 0 fd,

Similarly for R, K;*, we have,
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d, 0 - f,c,
Ky'R, =(RyK)'= 0 d/cosg,) O
f,’c, 0 f,d,
In addition,
F°R
0 0 0 1 0 0
=0 0 -1 0 cosq, )- sing, )
01 0 O sing, ) cox, )
0 0 0
= 0 -sin@,) - cosg, )
0 cos@,) - sing )

From the constraint§e, = F(d,0,¢) =0ande) F, =(d,,0,c)F=0, F, can be

represented by a compact form:

c, 0O 0 a b ac¢ 0 O
F, 01 0 cdoc 01 O (3.15)

0O 0-d, a b a0@O0-4d

Combining the above equations, we have
—_ H — fle
a=/ff,sing,), c=- cog(, )
cos@,, )
£ d (3.16)
b=/—21—cogf, ), d=/ a4, sig(, ;
cos@, ) cosf;, )cosf,, )

where is a scaling factor. The variables, (b, ¢, d) can be computed from the
fundamental matrix using (15). Equation (3.16) #dsee parameterg:f, f, g,, /} and 4
equations (1, was computed from (3.14); similarly fogy). Thus the parameters can be

uniquely determined except for degenerate cases.

From (3.16) , we have
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ad
tg®(q,) = - oo
A7
f2_ acd’® - abd (3.17)
1

“Thd+acg’ * cdr abf
Equation (3.17) gives the same solution for commuuthe focal lengths based on the
fundamental matrix as the method of [34] does. Hmkeour derivation is totally
different. Our results establish the connectiowieen the elements of the fundamental

matrix and the parameters of cameras, both intemmdlexternal. From (3.14) and (3.17),

we have
f’c? acg
t 2 =_1 = -
9 @) 2 bd+ ac¢
, (3.18)
f’c,? _  abc

2 P
d,’ cd+ ab¢

Equations (13) (and a similar version fax), (3.17) and (3.18) together provide the
solution for computing the camera parameters baseohly the fundamental matrix. To

this point, a complete algorithm has been presented

Summary of the Algorithm

The complete algorithm for full auto-calibrationsied on the fundamental matrix is

summarized below.

Input: the fundamental matrik (computed from the point coordinates in whichQ},

is the image center).
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Output: K;, Ky, Ry, Ry such thatB=KR[I|0] and P,=K,R][I|C] where

C=(1,0,0.

Algorithm:

1. Determine the two epipolese; ande, are determined by solving the equatiéies

=0andF'e,= 0.

2. Rotate the images such that the epipoles are traformed onto the x-axis:
Supposee =(a,h,g) and e, =(a, b, c), then the rotation angles are given by
g,, =[arctant b, /a, ) andg,, =[arctan{ b, /a, ). After the rotation, the new epipoles are
g,=R(@,e=(d0,¢) and e,=(d,,0,c) ; the new fundamental matrix is
F, =R, )FRX(q)-

3. Compute the camera parametersCompute{ f, f,, g, g, g,} according to (3.17)
and (3.18). And then compute the camera paramasers

K, =diag( f, f,1),
K, =diag( f,, f,,1),
R=R(-a.) Rt ¢) K 6) R=R(-4,,)R( q,)

The translation is implicitly determined &s R, C.

Compared with typical methods based on the Kruppaatons (e.g., [34]), the
proposed algorithm directly computes both camenatg€rnal and external parameters.
Moreover, the algorithm provides the rotation aegé#ong each axis, which can be

directly useful for many applications. For instanoe stereo rectification, from the
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reconstructed camera parameters, we can directigpote the homographies for
rectifying the two views as

H, =KR?K;' andH, = KR, 'K}’
whereK is an arbitrary camera internal matrix which carsbmply set a¥X =K;.

From (3.17) and (3.18), it is obvious that, if thght hand side of the equations is
negative, there is no solution can be obtaineds Ehrresponds to the cases where the
input fundamental matrix is invalid (e.g., due tooeeous feature correspondence in its
computation). Thus our approach also has the chiyabi detecting invalidF matrix.
Specifically, the invalid conditions are

a_d>0’ @>-C12 cd 2
bc ac

(3.19)
3.4. Degenerate Cases

It is well-known that there are some degenerateesdsr the problem of self-
calibration from the fundamental matrix. For exaep@ome discussion was given in [22,
34, 37], where the representation of the degenaates is based on algebraic terms,
which do not readily lead to intuitive physicalenpretation. From our derivation, each of
the degenerate cases enjoys very simple repreeengaid has very intuitive geometric
meaning, as shown below. We will discuss first tegenerate case when the focal
lengths are different and then the cases withdhgesfocal lengths.
3.4.1. When the Focal Lengths Are Different

Several degenerate cases were analyzed in [34¢l lmaséhe numerical values b, ¢

andd. Since we derived the relationship between thedageg with camera parameters,

we are able to explain the degenerate cases iivetgeometric meaning.
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Rotate around thex | Rotate around they | Rotate around thez

axis axis axis

sin(g, )= 0
(a) (b) (©)

cos@, )= C
(d) (e) (f)

cos@, )= 0
(h) (i) )

Figure 3.1. A detailed illustration of the degeneraases for variable focal lengths.

(a)~(c) show the degenerate casesionf, )= 0. (d)~(f) show the degenerate case of
cos@, )= C. (h) ~ (i) show the degenerate caseo$@, )= C.

Case 1sin(g, )= 0 and thusa=d =0. This means that the principal axes of both

cameras lie on the same plane (see Figure 3.1~t)is case, Equation (3.16) has only

two constraints and thus we can derive the relaligmbetweer; andf, as

b_
C

] f,d,cos@,, )

f.d, cos@1y )

3.

20)

If we write cos@,, ) and cos@,, )in terms off; andf, based on (3.18), we can have

c(@+d’ ) =b(g+d §)

3.

21)
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Table 3-1. A Summary of All Degenerate Cases.

Constraints Geometric meaning
sin(g,)=0 Principal axes intersect
f11, cos@, )= C Orthogonal principal epipolar planes

One of the cameras’ principal axis lies
cos@, )= Cor cos@,, )= C
on the baseline

) Principal axes intersect and the
sin(g,)=0 )
absolute angles between principal axes

f =1, cos@, )= cosf,, .
and the baseline are the same

Both cameras’ principal axes lie on
cos@, )= cosf,, F (

the baseline.

Case 2.cos@, )= Cand thusb=c=0. This means that therincipal epipolar planes

(the epipolar plane that contains the principakd8i7]) of both cameras are orthogonal
(see Figure 3.1d~f). In this case, Equation (3H#&9 only two constraints and we can

derive the relationship betweénand f, as

f, f,cos@,, )cosq,, .

0 (3.22)

a_
d
We can writecos(,, ) and cos@,, )in terms off; and f;

(¢l +dZ f, %) (S +d) f,) = d*a’ (3.23)
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Case 3.cos@, )= Cand thusd, =0. This means that the principal axis of the first

camera lies on the baseline (see Figure 3.1h~thigncasef; cannot be determined. The
same situation is true féy.

In summary, Figure 3.1 gives a detailed illustnatior the degenerate cases where the
degeneracy is directly linked to the rotations widispect to the standard stereo setup,
hence providing intuitive geometric meanings. lasth degenerate cases, we have only
one constraint for the two unknown focal lengttighere is another constraint that the
two focal lengths are equal, the above equationsbeaused to compute the focal length.
However, even for the case of two equal focal lesgthere are also degenerate cases, as
discussed below.

3.4.2. When the Focal Lengths Are the Same

Case 1sin(g,)= 0,cos@,, )= cos§,, . This means that the absolute angles between

the principal axes and the baseline of both camaraghe same. Thus (3.20) becomes

bd, = - cd, (f is cancelled and cannot be computed).
Case 2.cos@,, )= Candcos@,, )= Cand thusd;=d,=0. This means that the optical

axes of both cameras lie on the baseline (see €ig). In this casé in (3.23) is
cancelled.
Again, as shown in Figure 3.2 we can explain thgederacy with physically

meaningful interpretations.
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() (b)

Figure 3.2. Degenerate cases for equal focal length

3.5. Experimental Validation

Three different types of experiments were carried t evaluate the proposed
algorithm. Firstly, Monte Carlo simulation was ustd evaluate the accuracy of the
algorithm with varying proximity to a degeneratenfiguration. In the second type of
experiments, synthetic scenes were generated torg#rate the algorithm step by step.
In the third type of experiments, images of reanas were used. In both the second and
third types of experiments, we used the calibratesults to directly rectify the given two
views into standard stereo pairs.

As one sample of the simulation-based experimeaveslet the rotation around the x-
axis vary from 0 to 15 (in degrees), with an ingref 3. (From Section 3.4, this is also
the case in which typical two views of the sceney mest likely form the degenerate
configuration). For each rotation angle, we ran Hd@ulations. In each simulation,
Gaussian noise with zero mean and 1 pixel standiewvhtion was added to image points.
The image size was set to 800x600. 10000 randontpwiere generated in a cubic with
length 4 and centered at the origin. They wereegated to the two images and those

points in front of both cameras and inside the iesagere retained. Among the retained
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points, 100 samples were randomly selected to ctemiine fundamental matrix, using
the normalized RANSAC algorithm [24]. Then the separameters were estimated from
the fundamental matrix. Table 3-2 and Figure 3@asthe ground truth and the obtained
results. It is found that, when the rotation arggieund the x-axis is equal or larger than 6
degrees, the estimation of the focal lengths isurate and no failure cases occur,
suggesting that the algorithm is accurate as lendp@ configuration is not too close (i.e.,
merely 6 degree or less) to the degenerate coatigar Although the estimated angles
around the y- and z- axes are not as good, we fthatdif theF matrix were computed
from the ground truth angles, then the proposedrign will be still very accurate for
these angles, which suggests that the inaccurasydwea to the error in the fundamental
matrix computation (recall that we added noise ased randomly-selected points for
computingF).

Table 3-2. Mean Values of The Simulation ResultstaRon Angles Around The x-Axis
Vary from 0 to 15 (in Degrees).

g, f, f, g, aQ, @, %, 0,
Ground 800 1000 0~15 -3 3 -5 10
truth
0 925.3 1148 -1.101 -6.848 0.06189 -15.1 -0.04204
3 1042 1190 1.924 -6.946 0.6819 -14.92 -0.01601
6 819.1 1023 4.869 -7.149 -0.06582 -14.77 -0.049B89
9 817.3 1020 7.791 -7.657 0.2424 -14.47 -0.008015
12 806.3 1010 10.85 -7.53 0.6326 -14.3 0.019p
15 800.4 1002 13.96 -8.156 0.1944 -14.04 -(BB36
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(a) (b) (©)
Figure 3.3. Accuracy evaluation with the synthetata. (a) Standard deviation of the

focal lengths; (b) Standard deviation of the ratatangles; (c) Percentage of failed cases.

In the experiments with simulated scenes, images paere synthesized using Pov-
Ray[30]. A sample is illustrated in Figure 3.4. Fogiven pair, we used the proposed
algorithm to recover the camera parameters basedhenfundamental matrix. The
parameters were further used to rectify the imagesstereo pair. Then we can visually
inspect the rectified image pair to examine theuesy of the auto-calibration. For the
simulated scenes, we also compared the recovemagnpters with the ground truth.
Table 3-3 gives such a result for the images olfeig3.4, suggesting that the auto-
calibration algorithm was able to fairly accurat@gtimate both the intrinsic and the
extrinsic parameters of the cameras.

Table 3-3. Ground Truth Parameters of The Simuldtedges and The Estimated

Parameters. The Angles are in Degrees.

fl f2 qx qu q2y qlz qZZ
Ground Truth 571 692 5 -2 3 -5 5
Estimated 55p 670, 54| O 6 -3.8 6.3
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In the experiments with real images, the data veeygured with hand-held cameras
under unknown motion and zooming and thus we dohagt the ground truth for the
camera parameters. Hence we relied on the followiogedure to assess the accuracy of
the auto-calibration algorithm: we used the recesletamera parameters for rectifying
the input images into a stereo pair, and then veenaixed how well the rectification was.
The goodness of the rectification was evaluatedvigyally inspecting the rectified
images (e.g., the epipolar lines should becomezbotal and aligned; there should be no
distortion) and by visualizing the pair through ® 3lisplay. We found that the
performance was very satisfactory. Figure 3.5tithtes three samples, where the original
pair and the rectified pair are listed. It can lbserved that all the images were correctly

rectified without noticeable distortion.

(@) (b) () (d)

(e) (f) (9) (h)
Figure 3.4. Image rectification based on the funelaa matrix. (a) and (b) are the
original image pair. (c) and (d) are the resultsrathe rotation around the z-axis. (e) and
(f) are results of further rotation around the ysaxg) is the result of further rotation
around the x- axis. (h) is zoomed result of (f)lstltat the new internal calibration matrix

is the same as (g). (g) and (h) are a stereo pair.
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Figure 3.5. Sample results with real images. Irheauv, the pair on the left is the input,
and the pair on the right is the rectified resblsed on the recovered camera parameters.
The original images were captured with a hand-lcaltera under unknown motion and

zooming.

3.6. Summary

We presented a closed-form solution to simultanessiignation of the two unknown
focal lengths and five rotation angles of the camdrom only the fundamental matrix,
hence providing a new camera auto-calibration &lgorthat recovers both intrinsic and
extrinsic camera parameters. Critical camera carndigpns were studied in detail based
on our derivation. The algorithm and its derivati@upport intuitive geometric
interpretation. As such, the proposed computatipnatedure has the unique advantage

of being able to detect the degenerated cemas relate them with the camera
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configurations and thus providing the possibility fsolving the degeneracy issues.
Furthermore, the estimated camera parameters caaabsy used to rectify images into a

standard stereo pair. Experimental results valditdte algorithm and its effectiveness.
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4. STEREOSCOPIC VIEW SYNTHESIS FROM MONOCULAR ENDOSCOPIC
VIDEOS

4.1. Motivation and an Overview of Proposed Approach

Endoscopy using flexible video-endoscopes is aarsally used procedure for the
diagnosis and therapy of various pathologies ofgdwgtrointestinal tract. In addition to a
compact video camera, an endoscope is also equippiéd a light source and a
manipulator which can be controlled by the physicta remove some tissues or to
perform other operations. For this reason, it iastdered as the vehicle for minimal
invasive surgery [38]. Since a monocular video aarean provide only 2D images,
which are different from what the physician can #een the actual sites of the body,
efforts have been spent on the development of 3gjiny system for endoscopy [38-40].
3D images are usually captured by stereo camems/iawed by a physician through
special glasses and/or displays [39, 41]. As thesackment of 3D display technologies,
recent studies [42-47] reported that 3D imagingvig® significant advantages over
traditional 2D imaging for minimal invasive surgeompared to 2D images, 3D images
provide additional depth information via stereopsuhich is a very important cue for
human beings to understand the scene. It was shoydd] that 3D imaging helps to
enable faster and safer surgical operations. Th& wfof42] shows that 3D imaging also
enables shorter learning curve.

Nevertheless, it has also been shown that the rdustereo-endoscopy systems still
have many limitations [39]. For instance, the lenekéthe stereo cameras are fixed and

cannot be adjusted (while human eyes can changdota plane in real-time). In
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addition, the images captured by the two lenses soéfer from different brightness or
even capture very different pictures due to thderght positions of the two lenses.
Another limitation is that the required small safethe endoscope results in a very small
baseline for the stereo lenses. Consequently, Idsmopic imaging systems have not
been widely adopted yet. To enable 3D imaging ftaaditional monocular endoscopes
and to overcome some of the problems mentionedeglibis dissertation proposes an
approach to synthesize stereoscopic images fronooubsr endoscopic video sequence.
Figure 4.1 shows the conceptual view of the systéiven a monocular image sequence,
the stereo render synthesize the correspondingosterages. Users can either choose to
view the original monocular video or view the stermages on the 3D display. Figure
4.2 shows an example output. The left frame is fthenoriginal video sequence and the

right frame is the corresponding synthesized stenmage (showed in red-cyan format).

Figure 4.1. The conceptual view of the system. Giga image sequence, the system
synthesizes the corresponding stereo images. @seeither choose to view the original

monocular videos or view the stereo images on EndiSplay.
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4.1.1. Related Work
To obtain 3D perception from monocular endoscopiages, various techniques have
been proposed. The work in [48-51] combines endmsdmages with 3D data, which
can be obtained from Computed Tomography (CT), M&agrResonance (MR), or Laser

Range Finder (LSR). These methods are not onlyrestpe but also difficult to use.

Figure 4.2. An illustration of the output of thestgm. Given an image sequence, the

system synthesizes the corresponding stereo images.

Another track of research is to create 3D modeleelgufrom monocular images
sequences, which are known as Shape from X in canpision. The approach of [52,
53] uses shape from shading method to obtain then8Del from a single frame. The
model obtained from this method is typically vemnited in complexity due to the
limited 3D information from a single frame. Moreoyesuch a method is typically
sensitive to lighting condition variation, and thasot suitable for endoscopic images, in
which glares occur quite often, among other lightirregularities. Shape-from-motion
(also known as structure from motion) was used5#+g6] to obtain 3D models. The
work of [55] assumes that cameras only have tréioel movement and no rotation,

which is too restrictive for an endoscope. The apphes of [54, 56] rely on factorization
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methods to estimate 3D structure. The factorizatimethods work for only a weak
perspective camera model and usually require cadmpleint correspondences (i.e. each
feature point should appear in every frame), whad hard to guarantee for endoscopic
images due to frequent and fast backward-forwardammf the camera and the lack of
distinctive textures, non-rigid motion of the sceissue, noise and glare, etc. A common
problem with the above structure-from-motion systeis that the resultant model is
usually spiky, which is not good for 3D visualizati The reason is that only a set of
sparse feature points are reconstructed, whiclhisrally not continuous in 3D space. [57]
can create a smooth 3D surface by fitting a Circ@aneralized Cylinder with Markov
Random Fields. However, this method can only woitk vube like organs.

There are also some other works for creating steremes from monocular image
sequences. In [58], two frames from the monoculdew are chosen and rectified into a
stereo pair. Such approaches typically requirecireera to move laterally, which is not
natural in endoscopic imaging. [59-61] used homplgyato create stereo views. The
methods cannot produce the true stereo images pime image transformation do not
introduce parallax and thus are not able to simutamera re-positioning. [62] first
computes depth for a set of feature points basea plausible Euclidean reconstruction,
then propagates the depth to all pixels and finallgs the dense depth map to create
stereo views. The dense depth map creation proedypically computationally

expensive.
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4.1.2. Our Approach

In this dissertation, we present a practical apgho@ the problem of synthesizing
stereo views from monocular endoscopic image sempseio assist 3D viewing. This
approach first recovers the depth of the featuratp@n each frame based on structure-
from-motion. We prove that an affine reconstructi®®enough for stereo view synthesis.
In the second step, we first compute the spargmdises based on the reconstructed 3D
points and cameras and then do disparity intenooldbr each frame. For stereoscopic
view rendering, we do not use dense disparitiesaxth pixel, but rather, we just
interpolate the disparities on a set of regulad goints. The regular grid point disparities
are then used to synthesize stereoscopic images tfie original images using linear
interpolation. We proved that a linear interpolatia the disparity field corresponds to a
linear interpolation in the 3D space.

One advantage of our approach is that it can agoide limitations of traditional
stereo-endoscopy systems, which use dual-lens eantercapture stereo images. For
instance, the two images captured by dual lens @mmey suffer from different
brightness or different reflection due to differguasition of the lens; our approach can
avoid the problem since the stereo view is syn#ieesfrom the original view. In addition,
in our system, the disparities can be adjustede@time and new views can be
synthesized according to a desired focal plandagti the recovered depth information

may be used to assist diagnosis.
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4.2. Stereoscopic view synthesis from monocular imagegeence

In this section, we first investigate the problemstereoscopic view synthesis from
monocular image sequences. Basically, we transtbarstereo view synthesis problem
to the problem of recovering the normalized depthdisparity) for every pixel in every
frame of the original video. In Section 4.2.2 arett®n 4.2.3, we present two core steps
to recover the normalized depth, i.e. sparse degmbwvery via structure from motion and
dense depth recovery via interpolation. In SectbB.4, we provide the complete
algorithm and the system flow.
4.2.1. Formulating the Problem

Stereo images are usually captured by a stereoraamtech consists of two individual
single cameras, as Fig. 4.3 shows. In generakdahéguration of a stereo camera can be
classified into one of the two types:@grallel configurationand b)cross configuration.
In the first type, the principal axes of the twaneaas are parallel to each other and
perpendicular to the baseline, as Fig. 4.3a shdnvshis case, the image planes are
aligned. Forcross configurationthe principal axes intersect at a finite poirstFg. 4.3b
shows. These two different types of configuratidesd to different properties of the
stereo images. In the parallel configuration, thare only horizontal disparities in the
stereo images, while in the cross configuratiomrghare both horizontal and vertical
disparities. In practice, the stereo images arallysuaptured by the stereo camera with
the parallel configuration, i.e. the image planesaligned. If we have the stereo images

obtained from the parallel configuration, we caredily obtain the stereo images from
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the cross configuration by applying some transfaiona [63]. Thus in the following, we

will focus on the parallel configuration, whichassier to analyze.

(@) (b)

Figure 4.3. Stereo camera configurations. (a) Rardnfiguration: the principal axes are
parallel and perpendicular to the baseline. (b)s€roonfiguration: the principal axes

intersect at some finite point.

From Fig 4.3a, it is easy to derive the relatiopdhetween the depth. X of an object

and its disparityd):

wherek is the baseline anflis the focal length. Eqn. (4.1) shows that thepaligy is
proportional to the focal length and the baselwajle inversely proportional to the
object’s depth. We can rewrite Eqn. (4.1) as
d=/L" (4.2)
Eqn. (4.2) suggests that if the depth of everylgx&nown, then we can synthesize a

stereo pair from a single image by choosing an@prate scaling factor:
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(X, y)=1(x,y) wherex'=x+d(x y) = x+/ L'(x y (4.3)

wherel, is the original image ant is the corresponding stereo imalgéx, y) is the pixel
value of the point (x, y) on the original image.

For an image sequence, the focal lengths may ch#nge assume that the baseline of
the stereo camera does not change, k.gs, constant, then we need to scale the depth
according to the focal length:

L=L/f (4.4)

We call L thenormalized depthwhich corresponds to a camera whose focal leisgth
equal to 1. Thus we modify Eqgn. (4.3) for an imaggquence as:

x'=x+/ LY(x ) (4.5)

We further define thaormalized disparityas the inverse of normalized depth, i.e.,

A

d="L" (4.6)
Thus
X'=x+/d(X Y) (4.7)
Therefore, the problem of synthesizing stereo imaggem a monocular image
sequence is equivalent to estimating the normaldepth or normalized disparity for
every pixel in every frame.
4.2.2. Depth Recovery via Structure from Motion
Given a point on an image, if we know the point@ Bosition X and the also the

camera’s parameters, the normalized ddptian be calculated as:

L =X(3) whereX =KR(X- Q= (yv D= I{ x y1) (4.8)
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whereK is the camera internal matriR is the camera orientation alis the camera

center.(x, y,1)" is the homogeneous coordinates of the image puihich equals to

(u,v, AL)T up to a scaleX is the new coordinates of the 3D point in whicle tkorld
coordinate system is the same as the camera catedsiystem and the camera internal

matrix equals to identity, i.e. the focal length is We call the 3D space of

“normalized 3D space In the normalized 3D space, the z-axis vaIu@Zotorresponds
to the normalized depth.

The problem of recovering 3D points as well as damera information is known as
structure-from-motion (SfM) in the computer visililerature. Formally, the problem can

be stated as:

Given a set of point correspondendeg , wherex/ is the 2D projection of i-th point
on j-th frame, recover the 3D coordinates of thenfso{ X} and camera information
{P} , such that

x) PX (4.9)
where x! is the homogeneous coordinatesxpfand X, is the homogenous coordinates of
X;. P is a 3x4 matrix:

P=KRI[Il-C] (4.10)

Figure 4.4 shows a typical process of structureifrootion. We make a simulation in
which the camera is moving inside a torus (mimigkthe endoscope camera moving
inside a human organ). The outside view of thesaesushown in (a) and three different

views captured the camera are shown in (b) ~ (o structure-from-motion, we need
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to do point tracking to correlate points in diffeteviews, i.e. gefx} . (e) shows the
correspondence between (b) and (c). The pointsracked using KLT [64] algorithm.
Note that unlike the factorization method [56],stimethod does not require a feature
point appears in every frame, and thus is feaddoldorward-backward motion. In the
structure from motion process, two views are fiisked to do 3D reconstruction. In two

view reconstruction, théundamental matrix+ is first computed based on the point

correspondences using the epipolar constraihtFx =0, where x « x' is a point

correspondence. After we halfe we can compute the essential matrix based onreame

information E = K," FK,, whereK; is the internal camera matrix for the first viewda
K, is the internal matrix for the second view. Theesdial matrixE is further factorized
to get the two cameras’ external matrides= K[1|0] and P, = K,[R| | such that
[t} R= E. Based on the reconstructed cameras and poinespmndences, the 3D

positionX of a point can be reconstructed using triangutati@. B, X =x and P, X =X'.

Figure 4.4 shows the computed epipolar lines base&. Figure 4.4 h-i shows the
reprojected points (in cross) and the original imgints (in circle). After two-view

reconstruction, we have a 3D reconstruction oftaos@oints and 3D reconstruction of
the cameras of the two views. Then for each of rothews, we compute the camera

parameters based on the correspondences betweeactrestructed 3D points and the
corresponding image points, i.e., using the coimgtrig X, =x). As the new view is

calibrated, new image point correspondences atheurtriangulated to get their 3D

positions. Figure 4.4j shows the reprojection abther view based on the reconstructed
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camera. Figure 4.4k-l show two screenshots of ih& feconstruction results, which

include the cameras and 3D points.

(@) (b) () (d)
€) (f) (9) (h)
(i) @) (k) 0

Figure 4.4. Structure from motion. (a) is the ad#sview of a torus. The camera is
moving inside the torus and takes 200 views. (lf§ly~is three different views in the

image sequence. (e) is the point correspondendesée (b) and (c). (f) and (g) draws
the epipolar lines for (b) and (c) respectively). &nd (i) draw the reprojected points (in
cross) and original points (in circle) for (b) afg). (j) draws the reprojected points and
original points for (d). (k) and (I) show two viewsd the reconstructed points and

cameras.
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Without camera calibration information (i.&; unknown), we can only obtain a

projective reconstruction for the initial two camsr from F. Thus the whole
reconstruction is also up to a projective transtion, since

j -1

x{ P HTHX (4.11)

where H is a 4x4 non-singular matrix. Eqn (4.11) meanst #ha{P, X} is a 3D

reconstruction fo{x } , then{P, H% HX} is also a 3D reconstruction féx} . In a
projective reconstruction, the depths of points distorted and cannot be directly used
for stereo rendering. Eqn. (4.8) can be rewriten a
X=P(X",1)" =(u v, L) (4.12)
Suppose the homogeneous coordinates<of X (X',1)", Eqgn. (4.12) can be
rewritten as
X =PX/ X(4)=(u vy L (4.13)
where X (4) is the fourth coordinate oX . Thus we have
L=M(@3)/X(4) (4.14)
where M =PX and M(3) is the third coordinate oM . If we apply a projective
transformation to the reconstruction such tRat PH* and X'= HX, then the new
normalized depth is
L'=(P'X)(3)/ X'(4)= (PX)(3)/ X'(4)= M(3)/ X '(4 (4.15)
Comparing (4.15) with (4.14), we can see that thé difference is in the last

coordinate value of the homogeneous coordinateth@f3D point. After applying a
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projective transformation, this value may be chang&hus applying a projective
transformation will distort the normalized depthdahe projective reconstruction cannot

be used for stereo view synthesis. However, affiagsformation does not change this
value, since the last row of any affine transfoioratmatrix has the fornf0,0,0,1) .

Therefore, we can formally state the following leenm

Lemma 1: The normalized depth is invariant under affin@sfarmation.

Lemma 1 suggests than affine 3D reconstruction is enough for steremwsynthesis.
In other words, we have the following lemma.

Lemma 2 Stereo view synthesis based on affine 3D recorigirudias the same
results as that based on Euclidean 3D reconstruactio

There are various techniques to rectify a projectreconstruction to an affine
reconstruction and further to a Euclidean recoetitn (see [22]). Essentially, to obtain
a Euclidean reconstruction from a projective retmgsion is equivalent to camera
calibration, either manually or automatically; cemsely, once we have camera
calibration information, we can directly obtain adidean reconstruction. However, to
obtain an affine reconstruction is equivalent teniifying theplane at infinityor the
infinite homographythe homography of the plane at infinity), whicha much weaker
requirement. In our system, we exploit the spetialement of the endoscopy camera to
do affine reconstruction. It is shown in [22] that

Lemma 3 Suppose the motion of the camera is a pure traoslatith no rotation and

no change in the internal parameters, thén=[¢g. =[€]. , and for an affine

reconstruction one may choose the two cameraB agl |0] and P'=[I]e.
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Since nearly pure translational movement is comnmorendoscopy scenario (the
camera is fixed in the end of a long tube), we exphe above theory for structure-from-
motion. In practice, we first pick two frames fohah we assume there is no camera
rotation and we do an affine reconstruction basedhe two frames. Then for other
frames, we simply use the affine reconstructedtpdmestimate the camera information.
From new cameras and new image points informatuencan further reconstruct new 3D
points. Note that we do not assume that the cach@ea not change orientation all the
time. The only assumption is that the camera faiaintwo frames has no relative
rotation.

Assuming pure translation movement also leads tdhan significant advantage: both
the fundamental matrix computation and the 3D retraction are much more robust,
due to the reason that the degrees of freedom deed@ged from 8 (for original 3x3
fundamental matrix) to 2 (the new fundamental riaten be represented by the epipole,
which is a 2D image point). The advantage is $icgmt because the endoscopic data are
usually near degenerate for general fundamentalixmabmputation, i.e. the depth
variance is small and the motion is also small, clwhmakes the computation very
unstable. Figure 4.5 shows the difference of tlsilte from two different approaches:
reconstruction by general fundamental matrix compoh and reconstruction by
assuming only translational movement. The first nowFigure 4.5 shows the results
assuming general motion. Figure 4.5(a) and (b) dgnee epipolar lines of the general
fundamental matrix, which looks good (i.e. the efap lines match well). Therefore, we

can conclude that the fundamental matrix is alsodgan the sense of point matching.
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However, Figure 4.5(c) and (d) show that the 3Domstruction results are bad. The
reason is that for a near degenerate scenari@ #nermany possible “good” fundamental
matrices which satisfy the numerical constraints, '™ Fx = 0. Just like fitting a plane
with a point set in which most points lies on aginline. We might find many “good”
planes. However, a numerically “good” model doesmexessarily match the real model,
especially when the data is nearly degeneratediré&ig.5(e) ~ (h) shows the results
assuming only translational movement. In this cagecompute a special fundamental
matrix which has only 2 degrees of freedom. The e@ipolar lines are also matched

well. Moreover, the reconstructed model is muchdoet

(@) (b) () (d)

(e) () (9) (h)
Figure 4.5. Comparison of the reconstruction withagsumption (first row) and the
reconstruction by assuming pure translation (secomg. Green lines are the epipolar

lines, which correspond to the computed fundamenéstix.

After obtaining an affine or Euclidean 3D reconstron of the cameras and the feature

points, we can compute the normalized depth fon @aint in each view based on (4.14).
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4.2.3. Disparity Interpolation and Stereoscopic View Syntlesis

The results of the SfM process are the camera maessnfor each frame and a sparse
3D point set, which projects to each frame on asgpaet of 2D points. Therefore, from
the SfM process, we only have the depth for a gpsaes of image points. However, to
synthesize a stereo image, we need the depth éoy @ixel in the image. To achieve this,
we do a linear interpolation on the normalized digy field, i.e.&(x, y). We formally
introduce the following lemma.

Lemma 4: Linear interpolation on the normalized disparitglfi corresponds to linear

interpolation in the normalized 3D space.
Proof: Given four point§ X, X, X,, X} in normalized 3D space, where X is a linear
combination off X,, X,, X3}, i.e.
X=/XH , X, # ;X,where/, + ,+ ,=1 (4.16)

SupposeX, = (U, V, L) = L(x, y,1)7, where(x, y)"is the image coordinates o ,

then we have

A X A X A % A X
Ly =/L v ¥,L, Yy, # 55y,
1 1 1 1
X X % X
Y =4 % *tTG ¥% *q V¥
1 1 1 1

N

where ¢ =/.[L*and g, +q, + g =1. Now we can write the inverse depth (of y)"in

terms of a linear combination of inverse depth$ofy )" with the coefficients ofj,
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ali+gl+ali=/ 1ty L4 Li=L"

Since the disparity is proportional to the invedegth, the lemma is proved.

In fact, a plane in normalized 3D space corresponds to ag@lan the normalized

disparity spaceHere we derive the relationship.
Suppose a 3D poinK =(u, V, L)T lies on some plang = (a, b, ¢, t)" such that
au+ bv+ cL+ t=0 (4.17)
Suppose the point’s projection on camera is(X, y,1)" . From (4.8), we have
u,v, L) = L(x y,2) (4.18)
Combining (4.17) and (4.18), we have
ax+ by+ c+ tL* =0 (4.19)
with d = L1, Eqgn. (4.19) can be rewritten as
ax+ by+ td+ c=0 (4.20)
Egn. (4.21) means the poi(x, y, a) lies on the plang'=(a,b,t,c). Therefore, a
planep =(a,b, c,t)" in normalized 3D space corresponds to the pjatre(a,b,t,c) in

the normalized disparity space, as Figure 4.6 shows
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Figure 4.6. Mapping between a 3D plane and theesponding disparity plane.

The above analysis shows that we do not need t& $iirface in the normalized 3D
space to obtain depth for every pixel, but rathwe, only need to operate on the
normalized disparity field. Directly operating ohet normalized disparity field has
several advantages:

1) The disparities can be directly used for stareage rendering. If we compute a
surface in 3D space, we still need to compute déptlevery pixel for each image and
this can be a time-consuming task.

2) The disparity space is much smaller than 3D epaed thus more robust for
interpolation. For instance, a point with zero disty corresponds to a point at infinity.

3) The 3D space structure is more complex thamligyarity field since the data point

has one more dimension.



96

To synthesize a stereo view from the sparse disgmriwe designed a two step
approach: 1) interpolate the disparities on a r@ggtid points; 2) synthesize the stereo
view based on the original image and the grid pdisparities.

The problem of predicting the values on unknowassliased on the known values on
a sparse set of sites is knownragressionor interpolation Two popular approaches for
this problem are radial basis function interpolatemd Gaussian Process (GP) regression
(which is also known as Kriging in geo-statistigsld) [65, 66]. However, they are
expensive when the number of points is large. |a thssertation, we propose a fast
approach to obtain the grid disparities, which ¢sissof four steps. Firstly, we do
Delaunay triangulation from the sparse 2D pointkeiAwe have a set of triangles, we
linearly interpolate every point inside the triamdlased on the vertices. In the second
step, we interpolate the grid disparities fromttiengles and the vertex disparities. Since
the triangles may not cover all points in the imagere may be some holes, which lead
to zero disparity on the grid points. In the thstdp, we fill the holes and in the final step,
we smooth the grid disparities.

The first two steps and final smooth step are gittéorward. For hole filling, we use a
modified version ofLaplace interpolation[67], which is also called Laplace/Poisson
interpolation. The idea of the algorithm is to dounst a linear constraint for each grid

point based on its neighbors. Suppgges the value at a free point ary, y,, y, and
y, are the values at its up, down, left and right hleays, respectively, then a linear

constraint is constructed as

1 1 1
Yoo 7% 7 YW Z)ﬂ

0 4.22
Rl ¥ (4.22)

1
4



For grid points with measured values, a differentagion is constructed:

Yo=Y

For special points on the grid boundaries, the tramts are

Yo - % Y- —; y= 0 (left and right boundaries
1 1 .
Yo - 5 Y- > y= 0 (top and bottom boundari
1 1
Yo - 5 Y- > y= 0  (top-left corner)
1 1 .
Yo - 5 Y- > y= 0  (top-right corner)
1 1
Yo - 5 Y- > y= 0  (bottom-lefcorner)
1 1 .
Yo - 5 Y- > y= 0  (bottom-right corner)
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(4.23)

(4.24)

Since every grid point corresponds to exactly ohie equations, we have exactly as

many equations as there are unknowns. In standsgpthte algorithm, every grid point is

used to construct the constraint matrix, whichsgeduto solve the unknowns. While this

is very useful when the number of known grid poistsmall (compared to the unknown

grid points), it is not efficient when most gridipts are known, since the number of rows

and the number of columns of the matrix equal eortamber of grid points used. In our

system, we only use the holes and the known gridtpavhich has at least one point of

hole in its neighborhood. This makes the processhnfaster since almost all frames

have only a few small holes. The modification isdzhon the observation that values on

the hole sites are only influenced by the knowmisowhich have holes as neighbors.

Figure 4.7 shows an example of interpolating grchpdisparities from the original

sparse disparities.
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(@) (b)

(©) (d)
Figure 4.7. Disparity interpolation. (a) is the ggadisparities computed from the SfM
reconstruction result. Yellow lines represent tiepdrity. From the sparse disparities, we
do Delaunay triangulation and linearly interpolétte disparities for each triangle, the
result is (b). From (b), we choose a set of reggiad points and then do bilinear
interpolation. The result is (c). (d) shows thetgm®cessing result of (c) using Laplace

interpolation and smoothing.

After we have grid point disparities, we can systhe stereo views from the original

images. In practice, we do not compute the digparfor each pixel in the source image
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and then transfer the pixel to the target imagesdhamn the disparity, since this will
introduce holes in the target image and the mapisimgt precise due to round-off errors
(i.e., the pixel position in the target image isvays an integer). Instead, we do a
backward mapping for stereo view synthesis. Thequare is as follows. Firstly, for
each row in the source image, we interpolate a odetlD grid disparities, say

{u, dy| k=1 N, wherek is the grid index along-axis, u, the k-th horizontal grid
position,j the index of the row of the image, amd=d(y,, j) the linearly interpolated
disparity on point(u,, j) based on the two adjacent grid poifus,Vv,) and(u,,V,,) for

v, £ j<v,,. In the second step, we create the correspondingril disparities for the
target image, sayu,' d;% , whereu, =y +d; and d, =-d, . Finally, for each
pixelx'in thej-th row of the target image, we first interpoldte torresponding disparity,
sayd' based odu,', d;}, then interpolate the pixel value f'- d', j) in the source
image and assign the pixel value to the p€] j) in the target image.

One practical issue with stereo view synthesisiésdhoice of disparity scales, which
corresponds to the choice of the baseline of &steamera. On one hand, too large a
baseline will lead to too large disparities, whaduse difficulty for human to obtain 3D
perception. On the other hand, too small a baset@enot give rise to good 3D
perception. In practice, we compute a scaling factam the grid disparities of the first
frame such that with this scaling factor, the agerdisparity equals to a predefined value

(e.g. 10 pixels). Then for each of other frames,ghme scaling factor is applied.
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4.2.4. Algorithm

In this section, we present the complete algoritfased on the above discussions.

Algorithm Stereo Video Synthesis

Input: A monocular image sequence

Output: A stereoscopic image sequence

Algorithm:

1) Do point tracking to obtain point correspondenioe’} .

2) Do structure-from-motion to obtain an affine/ktean reconstruction of cameras
{P} and pointg X} .
3) Extract the normalized disparities for poft§ based on (4.15) and (4.6).

4) Interpolate the normalized disparities on a l&ggrid; Compute a scaling factor
/ such that the average of grid point disparitieghim first frame equals to a predefined
value (e.g. 10); Scale the grid point disparitieghw for other frames.

5) Synthesize stereo views using the original viems the grid disparities.
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Figure 4.8. The processing flow of stereoscopiavwgynthesis from monocular image
sequences.

The corresponding system flow is depicted in Figlu& Note the framework shown
in Figure 4.8 is quite general and different impégrtations can be used under this
framework. For instance, we can use different puakation strategies. We can also use a
different point tracking algorithm rather than KLThe structure from motion module
can also be customized for different applicatidnsthe dissertation, we introduced our
implementations for endoscopic videos. The framé&waan also be directly used for

other kinds of videos.

4.3. Results
We present four experiments in this section to shwveffectiveness of the proposed

approach. In the first experiment, we verify owgaalthm using simulated data for which
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we have the ground truth model. Experimental resiutim three different sets of real
endoscopic images are then provided to illustia¢eperformance of the algorithm with
real images. In our current implementation, sinceade optimization has been done, the
speed performance is not evaluated.

In all the four cases, we created a video clipatlitate the visualization of the final
results.
4.3.1. Results from Synthetic Data

We have already introduced our synthetic data gut@ 4.4 at Section 4.2.2. In Figure
4.4, we illustrated the results of the SfM procé$ste we present the results of disparity
interpolation and synthesized stereo views, whiehshown in Figure 4.9. Due to space
limit, only four frames are picked to illustrateetihesults at different stages. The frame
indices are 0, 2, 11 and 29, respectively. In thgirming frames, the triangles obtained
from the projected 3D points cannot cover the whislage, as shown in the first three
images of the second row of Figure 4.9. As the cam®oving forward, the uncovered
region becomes smaller and smaller, since the rgodirections of feature points are
outward. The third row shows the final dense digpamap after grid disparity
interpolation, hole filling by Laplace interpolaticand smoothing. While frame 0 still
has black regions, frame 2 and frame 11 succegdifililall the holes. The reason is that
the disparities of all the boundary points in frafnare zeros. From the constraints of the
Laplace interpolation algorithm, we can see tha& Bloundary point values are only
dependent on the boundary points. Once there isnonezero boundary point, all the

black region will be filled, including the boundagopints, as frame 2 shows. The result of
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frame 2 shows that even large black regions camtieepolated. The fourth row shows
the ground truth disparity maps of each frame, whice exactly same due to the
experiment setup. For comparison, we scale theadtgpnap such that the mean value is
the same as that of the result of frame 29. Comgahe third row and fourth row, we
can see that the result of frame 29 is very clogbé ground truth, except that it is more
blurred, due to the smoothing operation. The resfuitame 11 is also close to the ground
truth, except some artifacts in the lower left @rrwhich are interpolated black region.
Other black regions of frame 11 are gracefullynptdated. The artifacts in frame 2 are
more obvious, but still tolerable. In our test, 8ynthesized stereo view of frame 2 can

still provides good 3D experience.



104

Figure 4.9. Results of synthetic data. Intermediaseilts of four frames (0, 2, 11 and 29)
are shown. The first row is the frame index. Theoséd row is the dense disparity after
triangulation and interpolation. The third row stwothe final dense disparity after grid
point sampling, holes filling and smooth. The fourdw shows the ground truth disparity
image (after properly scaled). The last row showes gynthesized stereo views in red-

cyan format.
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4.3.2. Real Data Experiments

Three real monocular endoscopic videos are uséestdhe system. From Figure 4.10
~ Figure 4.12, we present the results on threeemifit datasets, with the name
FRYOVER, CREEL and GRAY respectively. For each detathe dense disparity maps
and synthesized stereo views of four frames argepted (see third row and fourth row
of each figure). The first row of each figure shothie picked frame indices and the
second row shows the original frames. Unlike thetlsgtic data, all of the real datasets
are very challenging. For instance, the white glaoets change as the camera moves;
the surface is not rigid; some fluid may flow ore tlens and etc. All these challenges
make the point correspondences calculation difficr simply fail, especially for a long
sequence. In practice, we cut a long sequencesmtdl segments and we process each
segment individually. For FRYOVER dataset, a segnwamtains 50 frames and for
CREEL and GRAY dataset, a segment contains 20 afsother practical challenge is
that most of the feature points are nearly coplamdnich means a near degenerated
situation for 3D reconstruction. As described irctidm 4.2.2, we exploit the translation
movement of endoscopy cameras and thus simplify ftimelamental matrix model
significantly, which make the reconstruction alggom much more robust for near
degenerated case. Such simplification also dirdetlyls to affine reconstruction from
uncalibrated images. Other robust techniques wel isdude RANSAC and bundle
adjustment. As a result, despite all of the chgk=nof real endoscopic data, our system
can still successfully recover the camera motiond emany 3D points. The dense

disparity maps correctly reveal the general reéatiepth, although there are also some
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inconsistencies. We visually inspected the syn#eekviews using red-cyan glasses and
obtained significantly enhanced 3D experiences.

0 15 30 46

Figure 4.10. Results of real endoscopic data (FRERY
4.4, Summary

This chapter presents an approach to synthesizeostmpic views from monocular
endoscopic videos. A general framework as wellhas detailed implementation were
introduced. The framework consists of two majorpstestructure from motion and
disparity interpolation. We proposed the concephafmalized disparity, which can be
computed from the SfM results and used for stegmscview synthesis. We proved that
affine reconstruction is enough for stereoscopewisynthesis, although a good 3D

model usually requires Euclidean reconstructionobtain an affine reconstruction from
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uncalibrated videos, we exploit the fact that thedascopy camera has nearly
translational motion for much of the acquisitiomd. By assuming two initial frames
with no relative rotation, the fundamental matrongutation becomes much more robust
due to significant reduction of degrees of freedém.a result, the 3D reconstruction is
also much more robust than the approach which assigeneral motion. We also proved
that linear interpolation in the normalized dispafield equals to linear interpolation in
the 3D space. This result justifies our approachliogéar disparity interpolation.
Experiments demonstrate the effectiveness of thpgsed approach.

0 12 19 45

Figure 4.11. Results of real endoscopic data (QBEE

Currently, the dense disparity map still contamsonsistencies, due to the errors from
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the SfM process. In the future, we plan to imprthe robustness of dense disparity map
calculation by exploring more sophisticated intéagon and filtering algorithms.
Another possible direction is to estimate the disies for more feature points (in
addition to the initial tracked feature points), i@gthwill make the final disparity map
more accurate. However, one drawback of the idéaaisit will degrade the speed of the

system. A tradeoff between speed and accuracyowiflecessary.

Figure 4.12. Results of real endoscopic data (GRAY)
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5. RAPID CONES AND CYLINDERS MODELING FROM A SINGLE VI EW
5.1. Motivation

3D reconstruction of objects from images has beenaetive research topic in
computer vision for many years. Existing approaatess be classified into two general
categories: fully-automatic approaches and senaraatic/interactive approaches. While
being theoretically attractive, fully-automatic apaches (e.g.,[31, 68, 69]) often rely on
heavy assumptions about the objects/scenes to beletband they still face a lot of
fundamental challenges in practical applicatiors. é&xample, the lack of reliable feature
correspondences and dense depth estimation oftelense many algorithms inadequate
for even a simple scene/object.

In the meantime, interactive modeling from imageas Been significant progresses.
Through integrating a user’s inputs into the modgklgorithms, an interactive approach
has the potential of overcoming many challengesddry a fully-automatic technique.
One early such approach is Facade [70] (which at&s Integrated into the commercial
software Canoma [71] and was a source of inspiaio ImageModeler [7]). Another
system, ShapeCapture [72], adds more automationieactive modeling. The approach
of [73] fits a simple 3D mesh model to a photo, athis fast but suffers from the lack of
accuracy. [6] proposed methods for measuring thgtleof vertical or horizontal lines
from an single uncalibrated image. One of the mesént systems is the “PhotoMatch”
tool in the SketchUp software [8], a commerciaNaigable 3D modeling tool by Google,
which interactively constructs a model from an imagsing built-in 3D modeling

operations such as 2D sketch plus push/pull. Howyewest of the systems only deal
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with lines, planes, cubes, prisms or cues on cegkaines. While cone-like and cylinder-
like structures are abundant in man-made envirotengie.g., cups, cylindral
pillars/columns, pipes and etc), current staterbfraage-based modeling software either
does not provide a tool for modeling cones andndgrs, or requires sophisticated
procedures or strong prior knowledge for the maudglin this dissertation, we presents a
novel modeling approach for cones and cylindergdas a minimal set of 2D image
control points on the object. The resultant techegjenable easy, fast and accurate
modeling from a single image. We have implementsal techniques as a SketchUp
plugin based on the algorithms described in theptér, demonstrating the potential of
the approach for being used in practical softwarestipporting easy and rapid cone and
cylinder modeling from a single image.

Cones and cylinders are special kinds of Surfac&eifolution (SOR) objects and
SOR reconstruction from images has been develapede past [5, 74-78]. The SOR
reconstruction tool in Facade [1] assumes the3Dllinformation of the axis of the SOR
object is already known. [75] proposed an algoritiuhich can only do projective
reconstruction of SOR objects. In [76-78], an alllpon purely based on the silhouettes
was proposed, with the result having two ambigsiti€he approaches in [5, 79] can
metric-reconstruct SOR objects from uncalibratedges. However, both of them rely on
two cross section contours to estimate the camarggmal matrix as well as orientation.
In reality, cone objects may just have one obviogss section contour. In addition,
specifying the two cross section contours is netalt The approach in this dissertation

only use one cross section contour and two edgs,lwhich is a weaker requirement.
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Although fully automatic tools have been developaded on the object contours [79],
they are not appropriate for modeling a complexirenvment, where the user need the
full control and a simple interactive interface.eéQxtommon way for the user to model the
objects is to specify the control points or lin€ee methods based on two cross sections
require a user to specify at least 10 points (simogeneral ellipse has 5 degrees of
freedom), which is very inconvenient for the udRy. exploiting the symmetry of the
silhouette of the SOR objects, our approach requirdy at most five control points,
which makes the modeling process much faster asidrea

Other related work includes freeform surfaces madelThe system by Zhang et al. [4]
allows users to interactively draw a 3D mesh outadD image, and the method by
Prasad et al. [80] incorporates user-specified datdh as surface normals and object
contours into their optimization-based modeling ceidure. [2, 3] proposed a full
automatic approach to recovery a 3D mesh fromrttege based on learning and Markov
random fields formulation. [72] models free-fornrfaiges based on multiple images and
requires a user to specify point correspondenckeigws not convenient. These methods
focus on general free-form surfaces and are notogpite for cones and cylinders
modeling.

The core feature of our approach is that a usémgrsds to click and move several 2D
control pointson the imageo model the object. Based on the pose informdtielative
pose between the camera and the object), we considalifferent scenarios. In the first
case, we assume that the objects stand on thedysmehthat the camera orientation with

respect to the ground plane is already determifibd.second case does not have these



112
constraints. While the first case can be viewed apecial case of the second, it requires
fewer points and thus is much easier to handle faouser’s perspective. The practical
motivation of this classification is that many atieof interest in the real world stand on
the ground and that the camera orientation carabiyecalibrated based on two sets of
parallel lines, which are also common in man-madeirenments (see Section 2 for
orientation calibration).

Table 1 summarizes the required control pointglifierent scenarios. While the DoFs
of the problems match intuitively the number cohpoints (times 2 for x and y) in our
approach, this does not imply that a straightfodmaconstruction algorithm will entail
with any control points (of enough number) sindetla control points a user can click
are only 2-D image points. Consequently, one of dbetributions of the work is the
reconstruction algorithm using only 2D image paifisr example, in the case of a cone
standing on the ground, the “edge poipi’(see Table 1) we ask a user to click generally
does not have the same depth as the vertex doaginenthat the cone is very close to
the camera. Then only a small portion of the cenadible in the image domain. That is,
p2is only an “apparent” edge point in the image bot the true outmost point on the
physical contour of the bottom circle of the confkerefore, clicking on the vertgx and

the “edge pointp, does not immediately give us the 3D cone.
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Table 5-1. Classification of Objects and The Cdraints to Model Them.

Cylinders Cones Cone Sections

Standing On

the Ground

# of control 2 2 4
points

General

poses

# of control 4 4 5
points

The rest of the chapter is organized as followsti&e 5.2 describes techniques for
camera calibration. Section 5.3 presents the mugledigorithms for each type of the
objects. Synthetic and real data experiments aesepted in Section 5.4 and the

conclusions are drawn in Section 5.5.

5.2. Camera Calibration

Image-based modeling systems usually start withecamalibration, which has been
thoroughly discussed in [22]. In our system, weurex that the camera internal
parameters be determined before modeling the abjsith general pose. For objects

standing on the ground, we require both internedup@ters and orientation of the camera
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are determined before the modeling process s@irise the camera internal parameters
are independent of the scene, we can calibratedheera beforehand, by either using
calibration objects or the scene information (evgnishing points). We may also simply
use the EXIF tags in the image itself. Once the erams calibrated, we can use the
information to model the objects with general pfsen any image captured by the
camera, as long as it does not change its vieweaigl model objects standing on the
ground with fewer control points, knowing only tiernal parameters is not enough and
thus we need to estimate the camera orientatiativelto the ground plane based on the
scene information in the imag1] gives an approach to calibrating the camera an
estimating the camera orientation based on twabgadhal vanishing points on horizontal
planes. This scheme is also used in PhotoMfghin this section, we give a brief
introduction to this technique. Note that otherhlration techniques also exist.

For a single image, two orthogonal vanishing pomitee one constraint on camera

parameters:

v, (KK") v, =0 (5.1)
wherev; andv, are two orthogonal vanishing points akds the camera’s internal
matrix. Usually, we can assume the principal p@nat the image center, no skew and
square pixels, thus the only unknown is the foeabth, which can be determined from
above constraint (Note that this method will falem one vanishing point is approaching
infinity). In practice, such two vanishing pointarnc be determined from two set of

parallel lines with orthogonal direction, as Figbr& shows.
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Figure 5.1. An example of camera calibration frowo tset of parallel lines with

orthogonal directions (see green and red lines).

In real 3D environments, the objects typically stam the ground plane, for instance,
the buildings. Therefore, we define the world caoate system such that its y-axis is
perpendicular to the ground plane (as in Figurexy2z x-y-z is the camera coordinate
system). Under this coordinate system, the obgetsding on the ground plane can have
a very simple representation that supports the ldpaeent of a simple reconstruction
method. This coordinate system definition is simitathat in SketchUp, where the z-axis

is perpendicular to the ground.

Figure 5.2. The world coordinate system and theecararientatiorR.
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To estimate the camera’s orientation under thedwoobrdinate system, we can further
use the vanishing points. Suppose the vanishingt @ongx direction isv;, then we

have

KR(,0,0) =y

SinceK is known, we move it to the right side of the éguaand we have

R(10,0f =K'y ® = K'v/||K'y |
wherer, is the first column vector d®, which can be written as
R=[r,r,1,]

Given another orthogonal vanishing point, say then another column vector is
determined. Since thReis an orthogonal matrix, i.e. the column vectoes @erpendicular
to each other, thus the last column vector can dierchined from other two column
vectors.

Recently, lots of circles based calibration aldoris have been proposed [82-85].
They usually use two or more parallel circles faliliration and orientation estimation.
This technique can be useful for camera calibratisinen the parallel lines are not
present in the scene, for instance, when only aR 8kect is in the scene and two cross
section contours are visible. The disadvantagéas ¢ircles are harder to specify than
lines.

Recovering the orientation of camera can be udefuhodel objects standing on the
ground. For instance, for cones and cylinders stgnoh the ground, only two points are

enough for modeling. However, for objects with gaheose, the orientation is not
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important. When there are no orthogonal vanishiomtp on horizontal plane, we can

simply seRRto be an identity matrix and use general objecteting algorithms.

5.3. Modeling Based on Minimal Control Points

After the camera is calibrated, we can begin theletiog process. This section
presents the algorithm for cones and cylinders igi®ased on several points. Before
the introduction of cones and cylinders modeling,fiksst introduce some basic tools and
notations that will be used in the modeling process
5.3.1. Point Reconstruction

From the previous section, we have obtaiKeaindR. Suppose that the camera center
is the origin of the world coordinate system. F@Tapoint and its corresponding image

point, we have

X KRI0]X® /x= KRX® X/ M'x (5.2)
where M =KR is usually called ihfinite homograph¥y x (px,py,l)T is the

homogeneous coordinates of the image ppiahd X (X V, z1) is the homogeneous

coordinates of the 3D poit This equation shows that the 3D position of aagmpoint
has only one degree of freedom (DOF), nanielWith one constraint added to this point,
its 3D position is determined.
5.3.2. Normalization of Image Points and the Normalized Vew

Eqgn. (5.2) suggests that there is a linear relalignbetween the 3D poit and its
image point x. We can further simplify the relasbip by normalizing the image point

withM 1,
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X =M x =(KR) 'x
where X is called ‘hormalized poirit With the normalized point, (17) becomes
X=/X

which is much simpler. It will become clear thaé thormalized points are useful for
the reconstruction of the objects. We call the iemérgnsformed witiM *”normalized
view'. From now on, we will operate on the normalizedw and thus all points are
normalized points.
5.3.3. Rotations

In normalized view, if the camera is rotatedRythen a point' in the new view and

its corresponding pointin original view is related by

X'=RX% (5.3)
Since

_1
/

p=lxompxed

~|r

RX7 R %= R

(5.3) suggests a way to estimate object’'s poseaareca orientation based on the
normalized image point correspondences, which wi laier be used in modeling
process.

A rotation might be decomposed into three diffedantls of basic rotations, which are
rotations around the x, the y and the z-axis raspdyg. The rotation around the x-axis is

1 0 0

R((@)= 0 cos@) - sing) (5.4)
0 sin@g) cosg)
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The rotation around the y-axis is
cos@g) O sing)

R(@= 0 1 0 (5.5)
-sin(@) 0 cosg)

And the rotation around z-axis is
cos@) - sing) O

R(g)= sin(@) cosg) O (5.6)
0 0 1

The modeling algorithms estimate the orientationsbguentially rotating the camera

along different axes.

(@) (b) (©)

Figure 5.3. Cone reconstruction from different \8e\a) standard view; (b) a view where
the cone is standing on the ground and (c) a viésrevthe cone is not standing on the

ground.

5.3.4. Cone Modeling
This section presents the algorithm of cone modetiased on a set of points. We

defined two types of cones: 1) the cones standimghe ground, i.e. the cone axis is
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perpendicular to the ground plane; 2) general camasse axis is unknown. We will
show that for the first case, two points are enotmheconstruct the cone and for the
second case, we need four points, as shown ind-ig@b and Figure 5.3c respectively.

Before describing the modeling algorithm, we naest tiefine the model representation.

5.34.1. The Cone Model

We first define a coordinate system for a cone ghel its representation is simple.
Figure 5.4 illustrates the cone coordinate syst®aX{Y-Z) and the camera coordinate
system (Ox-y-z). Note we keep the origin of cone coordinate gystiee same as that of
camera coordinate system. In this way we can rdtaecamera such its coordinate
system can match cone coordinate system. The Yoéutige cone has the same direction
of the cone axis and the Z axis intersects at time @xis. In the coordinate system, the

cone model can be represented as

M, =(c=(0,¥., %), 1Y) (5.7)
wherec is the center of a cross section circle ansl its radiusy, is the height of the
vertex of the cone. Without losing generality, wan alefinezy = 1 which means the
distance of the cone axis is 1. We call this cowt# system is thestandard coordinate
systerh of the cone. When the camera coordinate systethéssame as the standard
coordinate system of the cone, we call the imagmjitured a standard view of the

cone. Similar to the cone model, a cone sectionainisdepresented as

My =(c=(0,%.%)". 1. % %)

wherey; is the top height.
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Figure 5.4. Coordinate system of the camera (®, x) and the cone (O, X, Y, Z).

In general, a cone can be represented by

=(R d,M,)
where R is the rotation matrix of the cone’s coordinatestesyn under the world
coordinate systend is the depth of the cone axis in the standarddinate system of the

cone. Figure 5.5 shows a general cone model uhdexorld coordinate system.

Figure 5.5. The world coordinate system and a geene.

With the model is defined, the problem becomes howcompute the model

parameters based on several points on the imagjeoas in Figure 5.3, i.e.

M=f(p,...p,)
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For the cones standing on the groume, 2. p, is the cone vertex ang, is the bottom

point on one edge. For a general came, 4. The first two points are same as previous

casep, is a point on the bottom circle argl is a point on another edge (except the

vertex). We first consider the reconstruction frtime standard view (see Figure 5.3a).
Reconstruction of cones standing on the groundgameral cones can be transformed to

this case by rotating the camera.

5.3.4.2. Reconstruction of Cones from the Standard View

From the standard view, two points on the imagesafécient for 3D reconstruction
of a coneOne point is the vertex and another point is @dtige, as Figure 5.3a shows.
Basically, we need to determine the 3 paramete(%.ir) from the vertex poing and
another edge poimt. Since we assume the depth of the cone axistie13D position of
the vertex can be obtained from its image ppirtased on the constraint that it is on the
cone axis. (5.8) illustrates the process for thienagion of the vertex heighyt.

V=/i7 0,%.3)

lz=1 | =1/z (5.8)
Yo=/w=%l3

whereV are the 3D coordinates of the vertex. Note wetlisaormalized image points.

Now the problem boils down to determine the renmgjrparameterg. andr. Given
one edge line of a cone in the standard view, wededermine any cross section touching
the line. We use the property of surface of revoiufrom [13]:the apparent contour is

tangent to an imaged cross section at any pointcohtact Under projective
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transformation, if projected to a horizontal platiee apparent contour is still tangent to

the cross section which is now a circle. Figureshéws this property.

Figure 5.6. Use points to reconstruct a cone irstaedard view.

We can transform the standard view to the horizqitae by rotating the camera with

a right angle:

H, =R (-p/2)= (5.9)

o o B

0
0
-1

o B+ O

On the horizontal plane, the cross section becaresle and tangent to the projected
edge line (from the above property) Combined wittother constraint that the circle
center is on the y-axis, the circle is determirmdaihy point of contact, which is provided
by users, say,. Specifically, we can compute the cross secti@sipgp, as follows:

1) Transform the normalized view to the horizomiaine withHg
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(5.10)

wherel ' is the line passing the transformed pomt andp,'.

2) From Figure 5.6, we can compute the circlenghorizontal plane which is tangent

tol'at p,":

¢,'=/(0,y,- (b/a)x,1)

® I:)center: Hg_l€\2 = /(O!' 1, Yo (b/a))S)T (511)
r=l/ 6, - € |=1 Nx'+ b% /af
From the definition that the depth of the cone @i, we have
I(Yo- (b/@)x)=1 / =1/(y- (b/ 3 %) (5.12)
Thus
Y.=/"-E- 1/(y (b/a)x)
(5.13)

xS Hbx /a7 |1+ (lay
1Yo- (P7a)% | % /% (b/ 3]

The reconstructed model is subject to a scale rfastoce we assume the cone axis’s

depth is 1. This freedom can be removed if we kitoev3D position of any point on the

cone.
5.3.4.3. Reconstruction of Cones Standing on the Ground

In general, the cone is not in the “standard viemwti we need to determine the object
poseR, such that by rotating the camera wif, we may transform the normalized view

to the standard view of any cone in the image. thercones standing on the ground, we
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can simply rotate the camera around the y-axisaBse in the normalized view, the
camera’s y axis is the same as the Y-axis of theddwooordinate system, which is
parallel to the cone axis. The rotation can beareged by transforming the vertex onto

the y-axis in the normalized view.

R'=R/(9)
R(@n=0ab

(a) (b)

() (d)

Figure 5.7. Using four points to reconstruct a ceaetion standing on the ground.

For cone sections standing on the ground, sincese¢htex is not available, we need
another two points on another edge such that thexean be determined through the
intersection of two edge lines. Table | shows tlé{s to reconstruct a cone section
standing on the ground. In Figure 5.7, we show sample of reconstructing a cup

standing on the ground. The four points are shosvgraen circles in Figure 5.7a. The
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vertex (blue circle) is automatically computed frowo edge lines. The algorithm first
rotates the view to “standard view” of the coneslaswn in Figure 5.7b, where the vertex
is lying on the y axis. The green box shows the siad position of the original image.
The red horizontal line is the x-axis in the stadddaew and the vertical red line is the y-
axis. From standard view, the camera rotates agaund the x-axis with a right angle,
so the overhead view of the ground is obtainediguré 5.7c, where the cross section
contour of cap/bottom becomes a circle (Note tlaklpad on table becomes a circle
too). From Figure 5.7c, the 3D position and sizetlod cap/bottom circle can be
computed using the algorithm in the above Sectiogure 5.7d shows the 3D mesh of

the cone section based on the estimated parameters.

5.3.4.4. Reconstruction of General Cones

Similar to the reconstruction of cones standingtio@ ground, we need to find a
camera rotation such that the view is transfornmedhe standard view, in which the
camera’s y axis is parallel to cone axis and theera’s z axis intersect the cone axis. We
show that four points as specified in Figure 5.&emnough to determine the

Basically, we exploit two properties of the geometf the camera and the cone:

Property 1: When the axis of the SOR object lies on the ynelaf the camera, its
apparent contour on the image exhibits symmetri vaspect to the center vertical line.
In this case, the camera’s x-axis is the sameeaXthxis of the cone coordinate system

(see Figure 5.4).
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Property 2: When the camera’s z-axis is parallel to the axithe SOR object, the
cross section circle is imaged as a circle. In ¢thse, the camera’s z-axis is on the Y-axis
of the cone coordinate system.

From these two properties, we design a two-stepriéign to determine the camera
rotation, with step one based on property 1 ang st® based on property 2. In step 1,
we synthetically rotate the camera such that the @dge lines in the new image are
symmetric about the imaged y-axis, as Figure 5Si®lws. The rotation is constructed by
three steps: 1) rotate around the z-axis so tleavéntex is transformed onto the imaged
y-axis; 2) rotate around the x-axis so that thdexeis transformed to the origin on the
image; 3) rotate around the z-axis so that the édge lines are symmetric about the
imaged y-axis. After the rotation, the camera cowat system is shown in Figure 5.8a,
where the x-axis is the same as the X-axis and-vas passes through the cone vertex.

Formally, the rotation is:

R = R(4) R(%,) R(&) (5.14)

such that

R(@)n=(0.ab
R(3)(R(4) 1) =(0,0,¢

and g, is determined by computing the average angle of transformed edge lines.

After the rotation, the points are transformegbie R y, as Fig. 8a shows.
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(@) (b)

(c) (d)
Figure 5.8. (a) Camera coordinate system aftg@r 5t€b) the result image after stepl; (c)
Camera coordinate system after step 2; (d) thdtresage after step 2.

In step 2, the camera is rotated around the x-sdch that the contour ellipse is

transformed to a circle, as Figure 5.8d shows. ktymn

1 0 0
R =R(g)= 0 cos@) - sing) (5.15)
0 sin@g) cosg)

such that

R(9)ER(g)= C (5.16)
whereE is the ellipse of a cross section contour &nid a circle. Since the ellipse is

symmetric about the imaged y-axis after the rotatibstep 1, it can be represented as
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a o0 0
E=0 ¢ el2
0 el2 f

which means for any image point {) on the ellipse,

ax +cy + ey f=0

From (5.15) and (5.16) we have

a o0 0
C=0 ¢ €2
0 el2 f'

Where

c'=ccog @)- esing )cosf ) f sihg

Since a circle has the constraint ticat a, we have

ccos @ )- esing )cosf f sihgd a

(5.17)
(f-a)t> et (¢ & 0 wherext tanf

Eqgn. (5.17) provides us with two solutions. We dacide one by requiring the fifth
control point is in the front face of the cone.

To get the rotation angle, first, we need to fi #ilipse, i.e. determine the parameters

of E. From Figure 5.8b, we estimate the ellipse froreeipoints: the vertey’, contour

points p; and p;. A line tangent to a conic on a point gives 2 ta@ists

| =Ep; where | =p’ " p, (5.18)

A point on a conic gives one constraint:
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PSTERS=0 (5.19)
SinceE is homogeneous, it has only 3 degrees of freedaimaae can simply sét= 1.
ThusE can be determined from (5.18) and (5.19).
After step 2, the camera coordinate system is @ré&i5.8c shows. It's easy to rotate
the camera again to the world coordinate systenotating around the x-axis hy/ 2.

Combine all the rotations, the cone pose can berm@ted by

R'=R(-p/2)RR (5.20)
Figure 5.9 demonstrates the algorithm step by Jtkee.green box refers to the original
size of the image. The vertical and horizontal lreds are y and x axes of the image. In
Figure 5.9a, we manually pick five points on thgedf the cup. The red lines are edges
generated by four edge points and they intersdtieatertex of the cone, which is shown

by the blue circle. In Figure 5.9b, we compwiRgq,) in (7) so that the vertex is
transformed onto the y-axis. In Figure 5.9c, we pota R (g,) so that the vertex is
transformed to the origin. In Figure 5.9d, we cobepi,(g,) so that the edge lines are

symmetric about the y-axis. An ellipse is fit t@ tbup bottom and the result is shown in

Figure 5.9e. In Figure 5.9f, we compu®e so that the ellipse is transformed to a circle.
After applying R (-p/2) to Figure 5.9f, we get the standard view of th@ecdgsee

Figure 5.99) and the vertex coordinates are detesthiFigure 5.9h shows the mesh of

the reconstructed cone model.
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Figure 5.9. Use five points to model of a geneaalecsection.

(b)

(d)

(f)

(h)
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5.3.5. Cylinder Reconstruction

A cylinder is a special type of cones with the ggrat infinity. It can be more easily
reconstructed than cones, especially in the uiiedakd case. The same as cone
reconstruction, we defined two types of cylinddrsthe cylinders standing on the ground,
i.e. the cylinder axis is perpendicular to the grplane; 2) general cylinders whose axis
is unknown. We will show that for the first caseptpoints are enough to reconstruct the
cylinder and for the second case, we need fourtgoas shown in Figure 5.10b and

Figure 5.10c respectively.

(@) (b) (©)

Figure 5.10. Cylinder reconstruction from differemgws. (a) 2 points from the standard
view of a cylinder; (b) view of a cylinder standing the ground; (c) view of a cylinder

not standing on the ground.

5.3.5.1. The Cylinder Model

Similar to cones, we first define a cylinder in standard coordinate system as Figure

5.11 shows.

L, =(c=(0, yb’l)T ) (5.21)
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where c is the circle of the cylinder’s bottom agdks its heighty is the circle’s radius

andy; is the top’s height.

Figure 5.11. Coordinate system of the camera (®, x) and the cylinder (O, X, Y, Z).

A general cylinder is defined by

L=(R d,L,) (5.22)

which is shown in Figure 5.12.

Figure 5.12. The world coordinate system and amgéeglinder.

Thus, the cylinder modeling problem becomes howampute the model parameters

based on several points on the image as showrgurd=-b.10, i.e.

L=g(p- B))
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For the cylinders standing on the ground; 2. p,is the top endpoint on the left edge
and p, is the bottom point on the right edge. For a gaineylinder,n = 4. The first two

points are two end points of left edge and anotWwerpoints are on the other edge. The
same as cones, we first consider the reconstruétion the standard view (see Figure
5.10a). Reconstruction of cylinders standing ongtaund and general cylinders can be

transformed to this case by rotating the camera.

5.3.5.2.  Reconstruction of Cylinders from the Standard View

From the standard view, two points on the imagesafécient for 3D reconstruction
of a cylinder, as Figure 5.10a showsandp, are two endpoints on one of the cylinder’s
edges. The problem is to estimate the parametéBs2a) fromp, andp,. We can directly

use the algorithm in Section 3.4.2:

p'=H B (%%l
B, =H B (% Yo 1) (5.23)

Y =1/ (y; - (b/ %)

Yo =1/(y, - (b/ @) %) (5.24)
. J1+(b/a)’
Y1/ X - (b/ a)

5.3.5.3. Reconstruction of Cylinders Standing on the Ground

Similar to cones, we need to firig), such that by rotating the camera Wil the
normalized view is transformed to the standard viefwthe cylinder. We use the
symmetry property agaimn the standard view, two edges of the cylinder amametric

about the y-axisUsing two edge lines, the rotation can be estahaéy transforming the
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lines in a general view to those in the standaedvviSince in the normalized view, the
edge lines are vertical, they are determined by tm¢ x coordinate. By picking two
points at up-left and bottom-right corners, a ayénon the ground can be reconstructed,
as Figure 5.13 shows. To estimate the rotationeangé first compute the angles to

transformp, andp, onto the y axis respectively. Then the averagéeasghe solution.

R'=R((¢+g,)!2)
R (@) B =(0,ab
R (4,) B, =(0,c d)

(@) (b)

(c) (d)
Figure 5.13. Use two points to reconstruct a c@mstanding on the ground. (a) Two
points for modeling the cylinder standing on theuwrd. (b) Standard view of the
cylinder after camera rotations. (c) An overheawof the horizontal plane, in which

cross sections become circles. (d) 3D mesh bas#dueanodeling results.
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5.3.5.4. Reconstruction of General Cylinders

For a general cylinder not standing on the grouvel need four points to reconstruct
the cone, as Figure 5.10c shows. In additiom Bndp,, another two points{ andp,) are
on the other edges andp, are not necessarily the endpoints of the edgeedBas the
two edges, we can estimd&dy transforming the two edges to those in thedseshview,
i.e. symmetric about the y axis and verticBhsed on this property, we developed a two
step algorithm to estimate the rotation. First,tre@sform the two edges to vertical lines
in the image, just as those in the case of cylmdganding on the ground (see Figure
5.10b). Then we can use the algorithm in the als®ation to further estimate another
rotation.

For the first step, we estimate the rotation bypdfarming the imaged vanishing point
in the vertical direction tq0,1,0Y , which is the coordinates of vertical vanishingnpn

standard view. The original vanishing point candidained by intersecting two edge
lines:
V=(R" R (B )
We want to find an rotatiofR such that
RV Y% =(0,1,0f
RotatingV to V, can be decomposed as two rotations: first rotateral the z-axis so
that v is moved to the y-axis on the image and then eadabund the x-axis so thatis

moved to infinity on the y-axis. Formally:

R =R(4,) R(q)
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such that:
R(g)V (0,ab
R(#)(R(g)Y (0, cOy
Figure 5.14 shows an example of reconstructingiadsr with general poses. We first
rotate camera such that two edge lines becomegalests Figure 5.14c shows. Figure
5.14d is the standard view of the cylinder and Fagb.14e is overhead view of cross
section. Figure 5.14f shows the 3D mesh.
5.3.6. Degenerate Case
There exist some degenerate cases for which tippged approach cannot deal with.
Degenerate Case of ConeJhe imaged vertex of a cone lies inside the imageds
section contour, and thus it is impossible to fthé line passing through the imaged
vertex and tangent to the cross section contoureXample is when an upright cone is
imaged from the overhead view.
Degenerate Case of CylindersThe cylinder is imaged from above/bottom such that

the further circle is totally occluded by the closgcle, thus no edge lines can be found.
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() (b)
(c) (d)
(e) ()

Figure 5.14. Use four points to reconstruct a cgimhaving general pose. (a) Four points
to reconstruct a general cylinder. (b) The inteisacpoint of two edges is rotate to y
axis by rotation around z axis. (c) The intersecfoint is further rotated to infinity by
rotation around x axis. (d) Standard view of théndier by rotating around y axis such
that two edges are symmetric to imaged y axisA(epverhead view of cylinder such

that the cross section becomes a circle. (d) 30hrhased on the modeling results.

5.4. Results and Discussion

To evaluate our algorithms, both synthetic dataraadidata are used. In Section 5.4.1,

we evaluate the accuracy based on synthetic dat8ed¢tion 5.4.2, we use real data to
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demonstrate the speed and usability of our appro@éh also demonstrate a useful
application of our system, i.e., augmented realitySection 5.4.3, we make a qualitative
comparison of our system and other state-of-ategys on cones and cylinders modeling
from a single image.

5.4.1. Accuracy Evaluation with Synthetic Data

In practice, there may be accuracy issues whereralisks a point on an image, and
the errors may affect the final reconstructed mottelthis subsection, we analyze the
modeling accuracy using Monte Carlo simulation, viihich Gaussian noise (with
standard deviation of 1 pixel) is added to the gdburuth image points before the
modeling process. We test the modeling accuracgudifferent object orientation setup.
For each orientation setup, we run the simulatmnf000 times. There are numerous
configurations for cone’s shape, orientation anditgm in image. In the simulation, we
first put the object in the center of the image #dreh rotate it around different axes.

We introduced the modeling of three types of olgjectylinders, cones and cone
sections. Since cone sections occurs more frequirah cones and cones can be viewed
as a special kind of cone sections, i.e. the tapusais zero, we will only evaluate
cylinders and cone sections.

Based on object pose, we classify the objects timtotypes: objects standing on the
ground and general objects. For the former cadg,rotation around y axis is needed to
be estimated. Therefore, we rotate the object at@amera’s y axis, thus the object will
move horizontally in the image. For the latter ¢cage rotate the object abound its own

center, thus the object will always in the centerthe image but with different
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orientations. Since the object has exactly shajterdtates about its own axis (which is
the same as y axis), we will only rotate the obgmbut x and z axes. For simplicity of
visualization, we rotate around x axis and arourakiz independently (experiments did
show the correlation of errors between the twoesgd small). Table 5-2 summarizes all
the experiment configurations. For cylinders andecsections standing on the ground,
we rotate it about camera’s Y axis and for the cisjén general, we rotate them around

their own x and z axes independently.

Table 5-2. Experiment Configurations

Cylinders Cone Sections
On Ground Y Y
General X, Z X, Z

The simulation is carried out as follows: the imagee is set to be 640 x 480; the
vertical field of view is 40 degrees; the rotati@bout each axis) varies from -50 to 50

degrees, with an interval of 10 degrees. The cglilsd parameters are set as
L,=(c=(0,y, =0.2,1] r=0.2y, = 0.2 and the cone’'s parameters are set as

M, =(c=(0,y, =-0.2,1] r= 0.2y,= 0.4y = 0., Figure 5.15 shows some examples

of the simulations.
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-20 -10 0 10 20

Figure 5.15. Examples of experiment setups. Colushosv different angles of rotation.
Rows show different objects and rotation arounfed#int axes. Note in real experiments

the angles range from -50 to 50.

Because the Euclidean reconstruction is up to &,se&e use the relative size to
measure modeling error. We first scale the recaostd model such that the bottom
radius is equal to one, then we divide the scabdmeters by ground truth such that all
ideal result is one. We call the results “normalizalue”. For cones, we measure the

height and cap radius. For cylinders, we measw@édight.
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Figure 5.16 ~ Figure 5.19 shows the modeling anentation accuracy in terms of

standard deviation. From the plots we can found tha

1)

2)

3)

4)

Rotation around z axis does not have much impadheraccuracy (see dashed
lines in all figures). The errors are stable.

Rotation around x axis has significant influence tbe accuracy. When the
rotation angle becomes larger, the error becomegigexcept for cylinder’s
orientation). Actually, an extreme rotation aroundxis leads to thdegenerate
case which is described in Section 5.3.6.

For objects standing on the ground, when rotatiogieaaround y axis becomes
larger, the error becomes smaller. The reasonads dhunit angle (or length)
occupies more space on the image when it is fudiey from the image center
(see Figure 5.15).

Accuracy of objects on ground is better than thiaemeral objects. For cones on
ground, the maximum error of modeling is below 28hjle for general cones, the
average is about 2% and the error reaches to 1186 e x rotation angle is 50

degrees. For cylinders on ground, the maximum @franodeling is below 0.8%.

Overall, the modeling is accurate (below 2%) whes angles are between -40 ~ 40.

When the rotation angle around x axis is out of rduege, the object’s pose is near to

degenerate configuration and the modeling becomsisble.
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Figure 5.16. Accuracy of general cones.

(@) (b)

Figure 5.17. Accuracy of cones on ground.

(@) (b)

Figure 5.18. Accuracy of general cylinders.
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(@) (b)

Figure 5.19. Accuracy of cylinders on ground.

5.4.2. Results Using Real Data

Two sample experiments using real images are piedeto demonstrate the
effectiveness and capability of the proposed ambroa

The first experiment (Figure 5.20) illustrates trexonstruction of 2 cone-shaped
objects (coffee cups), using the cone section mddehe scene, one cup stands on the
table and the other one lies on the table andrisapg occluded by the first one. Each
cup is reconstructed by five points. For the pHytaccluded cup, we pick one endpoint
of the upper edge behind the first cone. Although point is invisible in the image, we
are able to pick it through moving a point on theage such that the line passing this
point and another visible endpoint matches with ¢dge of the cup. From the cup
standing on the ground, the camera orientatiorstisnated. Then using the orientation
information, the table face is reconstructed. Walesboth cup models such that their
lowest points touch the table. Figure 5.20c illatgs the full 3D results. To further
visualize and validate the reconstructed 3D strnectwe insert three 3D tea pots into the

scene (Figure 5.20d), illustrating an applicatibaagmented reality.
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() (b)

(c) (d)
Figure 5.20. Reconstruction of two cups. (a) ~ (Ige five points to reconstruct the cone

sections; (c) Reconstructed 3D model; (d) Augmeméadity using model information.

Two tea pots are put the cap center of the cupsthen tea pot is put on the table.

We developed a plug-in for SketchUp using its RABR} [86]. The plug-in is able to
do cones and cylinders modeling based on 2D coptiits, which is useful for image
based modeling but not available in SketchUp. Theslehng process is illustrated in
video demos. Figure 5.21 shows some snapshots. Yibamser starts the modeling tool,
the plug-in will generate several default controins (blue squares) and a default model
based on these points are generated To model aotabjimage, the user just need to
pick the control points and move them onto the dtgecontour (Figure 5.21bc). When
the user is moving the control points, model contsgenerated and drawn (in dark geen)

in real time. Therefore, the user can accuratejysadhe control points by matching the
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generated model contour with real object contowité®ing to other tools will finalize

the reconstructed model (Figure 5.21d).

() (b)

(c) (d)

Figure 5.21. Using a Google SketchUp Plug-In to ehdtie objects. (a) is the input
image. (b) use four points to reconstruct a comgice standing on the ground. (c) use
two points to reconstruct a cylinder standing andhound. (d) the result model.
5.4.3. A Qualitative Comparsion of Our System and Other Sate-of-art Systems

We now present a qualitative comparison of ouresysand other state-of-art systems
for cones and cylinders modeling. Some existingysare packages or approaches simply
do not support cone/cylinder modeling from a singiage. For those that support such
modeling, they may require known axis of the conysiders or a known 3D plane. In
addition, their modeling procedures are quite caxand totally different from ours. For

instance, SketchUp PhotoMatch requires a userdicgtthe center point of the circle on

a plane, which is difficult to achieve on the ima@gspecially considering perspective
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distortion). Such comparisons are summarized inlef&3 and Table 5-4. Table 5-3
compares the capabilities of modeling from a sirglanultiple images. PhotoModeler
[87], ShapeCapture [72] and iWitness [88] haveely bn multiple image for modeling.
Table 5-4 further compares systems which can doefimagy from a single image. It
shows that all other systems cannot handle cyls@ercones with general pose. For
cylinders standing on a determined 3D plane, we &lsefly describe the modeling
procedures in the table. For example, Facade estie axis is already reconstructed,;
SketchUp PhotoMatch requires the user to clickcirgter of top or bottom circle of the
cylinder, which is difficult to do; ImageModelergeires the user to click three points to
reconstruct a circle on a plane, which is harddotiol, especially when the contour is
small in the image. Comparing to these systems, syatem requires much simpler
interactions, i.e., clicking two points on the aggrd contour of the object.

In summary, our system not only provides capaeditof general cone and cylinder
modeling, which some other systems cannot handl¢, atso support much easier

interaction for modeling cones and cylinders, coragavith existing methods.

Table 5-3. A Comparison on Capabilities of Modelkrgm a Single or Multiple Images

So # of images Single Image Multiplages
Our System Yes No
Facade Yes Yes
SketchUp PhotoMatch Yes No
ImageModeler Yes Yes
PhotoModeler No Yes
ShapeCapture No Yes
IWitness No Yes
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Table 5-4. A Comparison of Single Image Based Modebystems

objects Standing on the ground General
Softwa Cylinders Cones Cylindens Cones
Our System | Click two points on the contour,Yes Yes Yes

one is the top-left and another |is
bottom-right. Both control points
are easy to find in the image.
Facade Assuming the full 3D information Yes No No
of the axis is known, users click the
contour points.
SketchUp | First construct a circle on a known No No No
PhotoMatch | 3D plane by clicking the circle
center and control the radius; then
push/pull the circle to a cylinder.
ImageModel| First construct a circle on a known No No No
er 3D plane by clicking 3 points on
the plane; then push/pull the circle
to a cylinder.

5.5. Summary

We have presented an approach to 3D modeling fremge calibrated image based
on minimum 2D control points. The methods of 3Dorestruction of cones and cylinders
are described. The approach utilizes computer wisezhniques in combination with
simple manual manipulation of a few points on thrage. Experiments show that our

approach is able to achieve accurate and fast 3ielmg from images.
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6. EXPLOITING VERTICAL LINES FOR MONOCULAR VISION BASE D

MOBILE ROBOT NAVIGATION
6.1. Motivation

Vision-guided robot navigation has seen tremendieelopments in recent years,
largely due to the availability of low-cost imagirggnsors and compact yet high-
performance processors that support image-andbgsise processing. For a mobile robot,
two essential navigation tasks are obstacle deteend Simultaneous Localization and
Mapping (SLAM). In many applications, the mobildood may be considered to always
maneuver on a planar surface. This is naturallg far indoor environments, and for
outdoor applications, this may also be a good appration in the immediate small
neighborhood of the robot. Therefore, obstacle aiete may often be reduced to the
problem of ground plane detection: With the groprahe detected, other objects can be
viewed as obstacles if they are on the directiomoement and outside of the ground
plane. For visual based SLAM, assuming the camenaaving on plane can help to
reduce the complexity of the task, for instance, shate space can be defined to be 2D
but rather 3D.

In man-made environments, there exist a lot ofiec@rtiine-like geometrical entities
that arise from buildings, boxes, bookshelves, dabwalls, door frames, etc. These
vertical line-like entities (which will be simplyatied “vertical lines” thereafter) should
provide very useful cues in guiding robot navigation fact, there have been some

attempts on using this type of information. Howewerprior works such as [89-91], the
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vertical lines were simply used as an ordinaryuegtand usually the image plane is
assumed to be vertical.

In this dissertation, we employ vertical lines feision-based robot navigation.
Specifically, we design an algorithm that usesiwaltines for estimating the camera’s
partial orientation, which can be used to rectlig image plane to be vertical and thus
eliminate the assumption of a vertical image plamentioned above. With rectified
image plane, we can reduce the state space of dbdenrobot from 3D to 2D, which
significantly reduces the complexity. Furthermanéh the estimated camera orientation,
the ground-plane coordinates in the image domainbeadirectly transformed to the real
world ground plane coordinates, which is useful lfmralization and path planning in
robotics.

Based on the recovered partial orientation, wegtesl two novel approaches for the
ground plane detection problem and the visual SLgtbblem. In the following, we first
describe how to exploit vertical lines to estimpégtial orientation.

6.2. Exploiting Vertical Lines for Partial Orientation E stimation and Image
Rectification
6.2.1. The Coordinate Systems

To estimate orientation, we need first define ardmate system. Figure 6.1 shows the
world coordinate system and the camera coordingtes. The world coordinate system
is defined such that theaxis is perpendicular to the ground. In this comate system,

the vertical lines can be simply represented bydaardinates, i.ex andz

L=(x2"
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Figure 6.1. The world and camera coordinate system.

The definition of the world coordinate system alijuaas one ambiguity, i.e. rotation
around y axis. In practice, we remove the ambighitysimply letting the first camera’s
horizontal orientation to be zero.

6.2.2. Partial Orientation Prediction from the Intersection of Vertical Lines

In man-made environments, vertical lines are onas@nt (e.g., vertical contour lines
of doors, windows, and buildings, etc) and providgportant cues of the camera
orientation. Basically, if a camera’s image plaseperpendicular to the ground plane,
then the image of all vertical lines are also waitin the image. Based on this property,
we designed an algorithm to estimate partial canmdamation. The details follow in
the below

In the world coordinate system, the intersection aff vertical lines is
V =(0,1,0,0) and its projection on the image is
v=K[l [0V @0,10)

Suppose we know the imaged point X of the V in the old camera with orientation of

Vo GKR I [0V
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We have

V,@KRK K[ DY K&RK V
Thus

(KV)@R,K V) &, @Yy (6.1)
v,can be estimated by computing the intersectiontpfimaged vertical lines, which

is described in next section. From (6.1), we can@sens rotations to determine tRg

from v,
RR,V, @ =0,1,0f andR,=(RR )" (6.2)
where
c, -s, O 1 0 O
R,=s, ¢, 0 andR,=0 ¢, -s
0O 0 1 0 s ¢

such thatR,v_=(0,a,b)" andR (0,a,b)" = (0,c,0y
where ¢, =cosft)and § =sin(t) . Egn. (6.2) gives us the information of camera

orientation around the andz axes. However, the information of the rotationuze they
axis is not available. Actually, if we apply a foer rotation around the y axis, the imaged
vertical lines are still vertical.

Figure 6.2 gives an illustration of virtual camemation such that the new image
plane is perpendicular to the ground plane by aipipthe vertical lines. We define the
image of a camera whogexis is perpendicular to the ground plane astaridard view

Thus Figure 3b is a standard view.
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(a) (b)
Figure 6.2. An illustration of virtual camera rotet such that the new image plane is
perpendicular to the ground plane by exploiting ibdical lines. (a) the original image
and two imaged vertical lines in green; (b) the neage in which the vertical lines in
3D are vertical in the image (the green box indisdhe original image size);

Based on the above derivation, we decompose aatatas three sequential rotations

around they, x andz axes respectively:
R=R(g)R(q)R(q)

where

O

x

O B+ O

- S
0
C,

N o

Thus an orientation is parameterized as three angle
R 4.9,4q)=r
where g,,q, represents the vertical orientation agg represents the horizontal

orientation.
6.3. Ground Plane Detection

Various approaches have been proposed to addreggdhlem of ground detection.
For example, simple approaches identify the grdloat using color information [92-94].

While being simple to implement, these approachessaitable only for very specific
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environments. To handle general environments, a dggtems attempt to recover the
structure of the scene. To this end, different népes have been used. For example, the
work in [95, 96] uses stereo vision for this pumoBresently, monocular vision based
approaches are more popular and attractive sireye dhe typically more cost-effective
and also there is no stringent requirement on cancefibration (as in stereoscopic
approaches). For example, in [97], optical flomused in computing the surface normal
for different image patches, which are then groupedletect the ground floor. The
optical-flow-based approaches tend to be computaliyp costly and not robust to
unpredictable motion of a mobile platform.

In [98], we proposed an approach for ground plagteation based on homography.
The algorithm assumes the dominant homographyeisitmography of the ground plane
and does not use any special knowledge of the mabibot. Latter, we present an
improved algorithm [99] by exploiting the fact tremobile robot is usually moving on a
planar surface and usually just have horizontaltian. A prerequisite of the algorithm is
that the partial vertical orientation should beilwalted first. While [99] presents a
manual approach based on a checkboard pattermtiealénes based approach [100] is
much better to use in practice. In previous sectimhave described how to estimate the
partial orientation of the robot. In this sectiome present how to do ground plane
detection based on homography.

6.3.1. Homography-based Ground Plane Detection
Our task is to detect the ground plane from a molaocsequence captured by a

camera mounted on a robot platform navigating gelamar surface. In theory, in the
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monocular sequence, points on the same plane alimography transformation in two

views. That is, for a set of point corresponder{ges< x;} in two images, if all of the
points are coplanar, then there is a homographyixrtatsuch that
X, "= Hx (6.3)
wherex represents a homogeneous image coordifatg, w)' , and H is a 3 by 3

matrix. Since X is represented by homogeneous owaes, Eqn. (6.3) is true up to an
unspecified scale factor. Thus H has only eightelesjof freedom. To determine such an
H, four non-degenerated point correspondences awcpired since each point
correspondence provides two independent constraitit®ugh in practice typically more
points are used to improve the accuracy.

Apparently, different planes have different homedpias, and thus theoretically if we
find a homograhy that includes at least three goamt the ground, it corresponds to the
ground plane. Thus Eqn. (6.3) suggests a way déteating the ground plane through
grouping the detected feature points into coplaeds, with each set sharing a common
homography. If we assume that the ground planeagmthe most feature points, then
we can detect it by searching for a dominant homayolgy that accounts for the most
feature points in two views. We can then use toismdgraphy to determine if any other

feature point is on the plane and thus achieviegltection of the ground plane.

The Virtual Plane Problem
Even when the assumption that the ground planeactthe most points is satisfied,
there still exists potential problem in the abovegedure, which we name as thigual

plane problem. That is, we may find a virtual plane, gfhimay contain some ground
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plane points as well as some other obstacle pdutsh a plane may contain more feature
points than the actual ground plane does, althdbghplane does not correspond to a
physical planar object (and hence the term “vifjudlhis problem can easily occur since
the number of feature points from an automaticuieatietector is agnostic to the scene
objects and thus where the feature points may hapsedictable. In this dissertation, we
exploit additional constraints arising from thegeir application to limit the search space
for finding the dominant homography. The resultapproach solves the virtual plane
problem naturally while lending itself to a mordi@ént and robust search algorithm, as

detailed in subsequent sections.

6.3.2. Homography for the Ground Plane

Different planes have different homographies betwago given views. For robot
navigation on the ground plane, if the camera medioh a mobile robot is fixed, there is
some special pattern for the homography of the mptqulane (we assume that the robot is
moving via wheels just like a car). We derive tbecial pattern analytically in the
following.

In general, we can set the camera matrices of tiierent views as:

Pl:KlRi[II-Cl]

P, = K,R[1]- CJ ©4

whereK;, represents the internal camera matfRthe camera rotation matrix, az

the camera center coordinates. For a single camweraan seK, =K, =K.
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2.
>

Figure 6.3. lllustration of the coordinate systesha moving robot.

We define the world coordinates system such thatthxis is perpendicular to ground

plane and the origin is at the same height asdaheeca, as illustrated in Figure 6.3. Based
on the world coordinates system, we can I@we(x,0,z) . The ground plane has
coordinatesp, = (n,’,d)" so that for points on the plane we hayeX +d=0, where
n, =(0,1,0Y .

From [22], whenP = K[1]0], P'=K'R] {, this plane correspond to a homography
given by

H=K'(R-tn/d)K (6.5)
We can adjust (rotate and translate) the worlddioates system so that it is the same

as that of the first camera. Then the new cametdaaas become:

R'=K[I]0]
. (6.6)
R'=KI[RR'[- D G wherD G( & §
andn'=Rn. Thus
H=K(R,R'+RDCnR/ (6.7)

SinceR!'= R, we have

H =KR,(1+DCn' / d) R* K* (6.8)
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For a mobile platform moving on the plane, if tleanera is fixed on the robot, we can

have R, = RDR where DR indicates the rotation around y-axis. More spealfy, if the

robot rotateg degree on the plane, then

cos@g) O sing)
DR=R(@= 0 1 0 (6.9)
-sin(g) O cosg)

From (6.8), we can compute thermalized homography H from anyH :
H =(KR)*H(KR)=DR I+DCA/ ¢ (6.10)
For the ground plane, sinog=(0,1,0) , with DC =(x,,0,z )", H has the following
form:

cos@) X, /d sing)
0 1 0 (6.11)

-sin(g) z/d cos@)

T,
]

Egn. (6.11) shows that the normalized homographyhef ground plane has just 3

degree of freedom, namely, x,/d and z,/d. However, in order to compute
normalized homography, we still need to knswand R . WhileK may be obtained by
calibration, there is no straightforward way foteteniningR . Moreover, if we choose
different world coordinates system, we will havéfatentR . Here, we prove that if we
keep the y-axis of the world coordinate system anged (i.e. always perpendicular to
the ground plane), different values Bf do not change the form of (6.11).

Proof: Since the y-axis is unchanged, the world cootéireystem can only rotate

around the y-axis. Suppod® and R' represent rotation matrix in different world
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coordinates system respectively, then we hBye RDR, whereDR is rotation around

y-axis so

cosf ) O sip( )
DR=R()= 0 1 0 (6.12)
-sing) O cog( )

Then we have

H'=(KR)"H(KR)=DR" HDR
=DR'DR(I +0CA / d DR
=DRDR'(1+DCd / d DR

=DR(DR"IDR +[R" OCh OR ¥
=DR(l +DC'n / d), with DC' = [R* IXC

SinceDC =(x,,0, 7)), with (6.12), we have
DC'=(%'.0,3 )
Therefore, the new normalized homography base® orstill has the form as (6.11).
Consequently, the above observation provides us thg freedom to choose. To get

R, we can use the technique described in Sectianr6t®e next section, we present the

detailed algorithm to search the ground plane basdtie normalized homography.

It is interesting to note that Eqn. (6.11) alsovles the rotation and displacement of
the two underlying views. This information can Is=ful for a robot.
6.3.3. Ground Detection Based on Normalized Homography

With K andR, determined, we can compute the normalized homogrdpm the

original homography by Eqn. (6.10). The ideal ndiee&l homography of the ground

plane has the form of Eqgn. (6.11) which has jude8ree of freedom. Thus searching for
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the ground plane can be formulated as searching émminant normalized homography
that has the form of Eqn. (6.11).

To compute the normalized homography, we first redize the coordinates of the
points: for a pointx, its normalized coordinates are given %y (KR)* x. Then the
homography computed from the normalized pointhésntormalized homography since:

x'= Hx=(KR) H(KR)* »
(KR)x'= H(KR) ™" x

%'= HX
After we obtain a normalized homography, we try fib it to the normalized
homography model for the ground, given in the famEqn. (6.11). To search for a
dominant model, we can use the RANSAC scheme. Basdte nature of our problem,

we modify the basic RANSAC scheme to obtain thieWing algorithm.

Algorithm: Loop for N feature points.

a) Randomly select a point, get its four closesgm®ors that are not collinear; Use
these 5 points to compute the normalized homogr&phy

b) Fit H to Eqn. (9). If it fails to fit, go to (ajOtherwise, use this model to find more
inliers and recompute H and fit again to find moniers until the number of inliers do
not increase.

At the termination of the procedure, the model wviit most inliers is declared as the
ground plane.
6.3.4. Results

Figure 6.4. illustrates sample results, where vg® @ompare with the approach of

searching for the dominant homography directly withusing the constraints introduced
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in this paper. Harris corner detector [101] wasduge the experiments in feature
detection (green crosses in the images). Featurespmndence was done based on the
method reported in our previous paper [98]. Figure(d) is the best results of the direct

search method, which include more non-ground points

(@) (b) (€)

(d) (e) ()
Figure 6.4. Results of homography based groundctiete (a)-(b) illustrate two views
with feature points and their correspondence (eteid by red line segments). (c) is the
detected ground plane (green points) with the geg@pproach in this section. (d)~(f) is
the results by simply searching for a dominant hgraphy without using the constraint
utilized in the proposed approach. (e)~(f) areagitns with the virtual planes detected as

the ground. In all figures, red crosses indicate-gmund feature points.

6.4. Visual SLAM on Rectified Views
In Section 6.2, we introduced an algorithm to eatancamera’s partial orientation,
which can be used to virtually rectify the imagen® to be vertical. Based on the

rectified views, we designed two different apprazchior robot SLAM. The first
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approach is based on ground patch stitching, wisgbrecise for local SLAM but not
appropriate for global SLAM due to error accumuati The map it reconstructed is
clean. The second approach use feature pointaas to do structure from motion, which
is good for large scale SLAM but not precise fardoSLAM.

6.4.1. Visual SLAM by Ground Stitching

In this section, we present a novel approach wiackble to perform SLAM without

relying on point features and their correspondeoiceomputing 3D positions of the
features. The approach avoids the problem of wabili point matching and scene
degeneracy issues, achieving high precision inlilcadgon. The core idea is to transform
the video from a looking-ahead camera typical oftzot into an overhead view, through
virtually rotating the camera. We call the transfed images “ground patches”. All of
the ground patches are metric reconstruction ofeaéground and they are in the same
Euclidean space, which means there are only triamslar rotation between any two
patches. The translation and rotation correspoadtixto the position and orientation of
the robot. After stitching the ground patches thgeto form a global ground map, this
correspondence enables us to achieve localizairectly through image matching. In
addition, since in videos from a typical platforhetground is usually much closer to the
camera than other non-ground feature points, tbpgsed ground-based localization can
be much more precise than the SfM methods thatoelgeneral 3D points. Another
additional benefit of the proposed approach ispdtential for supporting other vision

tasks such as obstacle detection, using the gipbahd map.
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6.4.1.1. Transformation to the Ground Plane

To transform the image to the ground plane (i.striatly overhead view), we virtually
rotate the camera so that the camera’s z-axis ldoken vertically to the ground. In
general, for two views with no translation, the lography between these two views are

given by

H=K,RR'K"* (6.13)
whereK; and R; are the internal calibration matrix and the ratatmatrix of the
original camera respectively, ai and R, are those of the new camera. From Eqgn.
(6.13), we can derive the homography between tiggnat view and the ground plane

view as
H=KTR'K* (6.14)
whereT is the rotation matrix, with the z-axis pointingweh vertically to the ground

plane. Thud is given by

o O

(6.15)

—
]
o O
o ~— O

In Figure 6.5, we illustrate the transformations ayply H to all images. After the
transformation, the optical axis of the camera $odkwn to the ground plane. Figure 6.6
shows the corresponding ground plane views. Thmwshthat, all the transformed
individual ground plane images now are related ughoonly pure 2D rotation and

translation.
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Figure 6.5. Virtually rotate all cameras by appéyH.

Figure 6.6. The ground image planes.
6.4.1.2. Results

To match two images of a planar scene, one commprach is to first find point
correspondences and then compute the homograpled s these correspondences,
using the RANSAC method for example. As discussatiez, this method is prone to
error for images lacking textures or having too ynaimilar textures (as in our indoor
robot navigation example with repeated carpet patje To make the situation worse, the
image quality is typically poor from a low-cost board camera. In our experiments
(images are illustrated in Figure 6.7), we trie15[102] and MOPS [103], and found
that both methods failed to find good point corgggences. Since the transformation has
been reduced to pure 2D rotation and translatiod,the consecutive frames should be
similar (due to the limited speed of the robot),omr system we can afford to use an
exhaustive global matching scheme. In practiceusexrl a pyramid-based representation
to accelerate the search speed. Figure 6.7e sh@asadtching result of Figure 6.7c and

Figure 6.7d, which indicates that the robot mowaavéard.
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(@) (b) (©) (d) (€)

Figure 6.7. Transforming to the ground plane view.

We present two sample experiments to illustratepgm@ormance of the algorithm. In
the first experiment, we let the robot move forwartle results are shown in Figure 6.8,
where (a) are 3 sample frames captured while thetrwas traveling. (b) through (d)
shows intermediate SLAM results, in which the gr@eangles indicate the robot’s
position as well as orientation.

In the second experiment, the robot traveled baakposition it previously visited and
thus an internal map is available. At certain tiduging the second visit, it captured an
image shown in Figure 6.9a , and the location drel drientation of the robot were
immediately recovered through matching a transforwersion of this image (in (a)) to

the stored map, as illustrated in (b).

(a) (b) (c) (d)
Figure 6.8. SLAM via ground stitching.
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(a) (b)
Figure 6.9. Robot travels back to a previouslytesienvironment and uses the stored
map for localization. (b) illustrates the image amang results (with the image from (a)

overlaid on the stored map) and the SLAM outpuidgiby the green triangle).

6.4.2. Visual SLAM by 2D Structure from Motion

6.4.2.1. Collapse a 3D World to 2D using the Vertical Orienation

Figure 6.2 shows that if the vertical orientatienknown, we can virtually rotate the
image plane such that it is perpendicular to hotiabplanes. After this conversion, we
can collapse the 3D world to 2D by removing theogrdinates. The observation of the
collapsed 2D points is the x coordinates in a saeshdiew, as shown in Figure 6.10. In
addition, the vertical lines in 3D are also coliegpso 2D points. Therefore, the 2D
counterparts of 3D points and 3D vertical lines exactly the same and can be treated
with no difference. Therefore, we can either coreddines and points or just use lines for
the SLAM problem. In addition, by collapsing a 3@nd to 2D, both the complexity and
uncertainty of the SLAM problem are reduced, whthkes the process more robust and
efficient. Actually, the 3D position of points cae immediately reconstructed from their

2D counterparts and the image position.
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Figure 6.10. Collapse a 3D world to 2D from thendtrd view.

A computational motivation for collapsing 3D to 2©that the small error introduced
in vertical orientations may lead to a significantor in the y coordinates of image points,
however, the x coordinates are much less sensfinggeire 6.11 shows the rectification
results of two adjacent frames. The rotation aradiinedx axis has a little different. While
the y coordinates change much (say, 10 pixels)xtbeordinates change little, say, 0~2

pixels.

(a) (b)
Figure 6.11. An illustration of the inaccuraciesvertical orientation estimation. The
images are rectified and the red line is the vangstine of horizontal planes. Note the
distance from the red line to the furthest ground Is different, while the vertical lines

all correctly rectified.

After collapsing the 3D world to 2D, the 3D SLAMgimem becomes 2D SLAM.

6.4.2.2. 2D Structure from Motion

Structure from Motion (SfM) usually refers to 3DMsfNot much attention has been

paid to 2D case. While many geometric models (stschamera model, homography and



168
etc.) can be directly transferred from 3D to 2Der¢h are still many fundamental
differences. For instance, to get an initial re¢aurtdion, 3D SfM process only need 2
views while 2D case need at least 3 views. The @ihterpart of fundamental matrix of
3D is trifocal tensor, which is a 3-dimensionalagriand need 3 views to calculate. [89,
91, 104, 105] introduced how to compute the trifdeasor and how to estimate camera
parameters from the trifocal tensor. From the retroicted cameras, we can do
triangulation to get 2D positions of 1D featuremisi Then for each new image, we can
use 2D to 1D point correspondences to calibratelfbecamera. With new cameras
calibrated, new point correspondences can be usgdttnew 2D point reconstructions.

This process is similar to 3D SfM.

6.4.2.3. Results

We tried two different real datasets with our sgstd-igure 6.12 and Figure 6.13
shows the result of the first experiment. The rolmattion and the point positions are
correctly recovered. However, for the second dédaske 2D SfM process failed, see
Figure 6.14. The reason is that the initial recamtsion based on trifocal tensor failed.
We further tested the dataset with our 3D SfM systéed found the 3D SfM system can
correctly reconstruct the robot path as well as&iure points, as shown in Figure 6.15.
In practice, we found that the trifocal tensor isrensensitive to near degenerated scene
configuration than the fundamental matrix. Thighe reason that after collapsing 3D to
2D, half of the information is lost and the degewgrissue is easier to arise. In the future,

we will try to solve the degeneracy issue in 2D SLAroblem.
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(@) (b) (€)

Figure 6.12. Point correspondences of the imageese captured by a moving robot.

Figure 6.13. The first experiment result of 2D Sfkkllow circles represents the robots.

Green circles represents the feature point’s 20tipas
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() (b)
Figure 6.14. The 2D SfM results of the second ddtas

(a) (b)
Figure 6.15. The 3D SfM results of the second ddtas
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7. CONCLUSION

7.1. Summary

In this dissertation, we proposed novel image fieation schemes based on sequential
virtual rotations for 3D vision. The novel scheninedp us to design robust algorithms to
tackle practical 3D vision problems. Several pdtBD vision problems are studied in
this dissertation: image rectification for steremmc visualization, camera auto-
calibration, stereoscopic view synthesis from maiarcendoscopic videos, cones and
cylinders modeling from a single image, and monacwlision guided mobile robot
navigation. For each problem, novel approaches baea designed based on sequential
virtual rotation and special properties of the #j@dasks. Using the rectification
schemes not only helps us to obtain results witpnogective/affine distortions, but also
help us to gain new insights into the problems, uhe intuitive geometric meanings of
the sequential virtual rotations.
7.2. Discussion and Future Work

3D vision is not one simple task and there is noegal algorithm which can solve all
3D vision problems. Just as human beings use méfgrant cues for 3D inference,
different algorithms using different features aeguired for different tasks. Designing
algorithms for practical 3D vision problems is neasy due to various practical
challenges. While 3D vision has a great potentinbfwide range of applications, such as
robotics, augmented reality, stereoscopic (3D) aligation and scene modeling,
successful 3D vision systems are still scarce. @gsertation studied several practical

problems and proposed specific algorithms for epidblem. While achieving some
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promising results, the proposed approaches sti lsame limitations and there are many
areas that need to be improved or further explored.

For image rectification for stereoscopic visuaiizat the approach in Chapter 2
assumes feature points in close proximity havelamgepth. While this is true for most
situations, some extreme situations may invalidiaie assumption and thus degrade the
results. For instance, when there is only one bot&l plane in the scene, the assumption
is no longer valid. Another assumption is that of¢he camera internal matrices has
some special properties. When the camera has amwdeyview angle, the results might
be distorted due to improper assumption of thelflecagth. In Chapter 3, we proposed a
new algorithm which performs camera calibrationnfrowo views. The algorithm can
also be used for image rectification for stereogcofisualization. Compared to the
algorithm in Chapter 2, this new algorithm does hate any assumptions and is more
reliable in producing distortion-free results. Hae@g one significant disadvantage of the
algorithm is that the self-calibration process mighmply fail due to near degenerate
camera configuration. Overcoming this degeneragyashould be a continuing work.

For stereoscopic view synthesis from monocular scdpic videos, we exploited the
special camera motion characteristics of endoscagens. While this can help to handle
serious practical challenges in endoscopic vidéasay fail for other kinds of videos. To
develop a more general system, we may need tordasiglgorithm to detect the type of
camera motions and use the detection results teeguinich algorithm we should use.

For single view modeling, we extended existing eys with cones and cylinders

modeling. There are several directions we shouldymiand explore in the future. First,
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there is a needed to design a pattern languagdesign algorithms to reconstruct object
patterns in the 3D scene. This can help us to kapiddel a large scale scene. Second,
there is a need to extend single view modeling titiple view modeling. A single image
is usually not able to cover all aspects of a scéiwrd, there is a need to design
algorithms for free-form 3D scene.

For vision guided mobile robot navigation, we da have a real-time system yet.
Using advanced hardware such as GPU might solvespleed issue. In addition, we
proposed three different kinds of approaches fermavigation task, each using different
cues and different strategies. In the future, weukh merge these three different
approaches together so that we can overcome liomtabf each individual approach for
mobile robot navigation.

Finally, we believe that 3D vision systems shoulmbine different approaches
together to handle practical 3D vision tasks, jus human beings combine different
visual cues for 3D inference. How to integrate Iiplét cues and resolve any potential

conflicts will be among our future efforts too.
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