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10.

Hoe slechter de camera, hoe beter de calibratie.
(dit proefschrift, hoofdstukken 2 en 3)

Correspondentieschatters op de basis van Markov Random Field technieken kunnen

weldra worden ingezet in real-time applicaties.
(dit proefschrift, hoofdstuk 4)

Het toevoegen van bewegingsparallax door multi-viewpoint systemen heeft een
positieve invloed op het kijkplezier.
(dit proefschrift, hoofdstukken 5 en 6)

Vroeger zijn 3-D systemen nooit wereldwijd tot bloei gekomen door hun slechte
beeldkwaliteit of de bij de kijker optredende kijkmoeheid. Ondanks de enorme recente
ontwikkelingen, gelden deze twee nadelen nog steeds.

Het grootste nadeel van digitale transmissie en opslag is de mogelijkheid om kwaliteit
in te ruilen voor kwantiteit.

Technologie is het beste middel dat de mens ooit heeft gehad ten behoeve van haar
globale doel: onbeperkte groei van de mensheid ongeacht alle andere gevolgen.

De derde dimensie biedt de oplossing voor het vervoersvraagstuk: iedereen z’n eigen
raket.

De droom van iedere elektrotechnicus is ooit een elektron te mogen aanschouwen.

Gezien het feit dat moderne marketing ons leert dat de verpakking belangrijker is dan
de inhoud, dienen we in de vercommercialiserende academische wereld het
proefschrift te reduceren tot 4 pagina’s: 2 voor de professioneel ontworpen full-colour
kaft en 2 naar keuze.

Met een antieke piano raak je altijd een gevoelige snaar.
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The worse the camera, the better its calibration.
(this thesis, chapters 2 and 3)

Correspondence estimators on the basis of Markov Random Field techniques can soon
be used in real-time applications.
(this thesis, chapter 4)

The introduction of motion parallax by multi-viewpoint systems has a positive effect
on viewer satisfaction.
(this thesis, chapters 5 and 6)

In the past, 3-D systems never flourished world-wide, either because the image quality
was bad or because watching was fatiguing for the viewer. Despite the enormous
progress that has recently been made, these two problems have not yet been solved.

The biggest disadvantage of digital transmission and storage techniques is their
capacity to exchange quality for quantity.

Technology is the best means people have ever had to accomplish their global goal:
unlimited growth of the human species regardless of the consequences.

The third dimension offers the solution to the traffic problem: a rocket for everyone.

The dream of every electrotechnical engineer is to behold an electron once.

Modern marketing tells us that the appearance is more important than the contents. In
the commercialising academic world we should therefore reduce the Ph.D. thesis to 4
pages: 2 for the professionally designed full-colour cover and 2 as desired.

With an antique piano you always touch the right chord.
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Chapter 1

Introduction

1.1 Human vision and technology

Human vision plays a major role in everyday life. We use it to gather information about the
environment around us. If a person is physically close to an object of interest, he can inspect
the object by vision. The object emits or reflects light, the light propagates in space, and
finally enters the viewer’s eyes. The brain then draws conclusions about the presence and
state of the object and decides what actions to take, such as “do nothing”, “take”, “eat” or
“run away as fast as you can”.

Human vision has its limitations. Whenever the distance between the scene and the viewer
is too large, or the scene is too small, the resolution of the eyes is too small to see any
details. This can be justified by the fact that small and distant objects are often less
important than large and nearby objects. However, the drive to explore the world and
improve living standards (and less peaceful reasons) made us develop tools to enhance or
assist human vision.

The telescope is the first device for the inspection of distant objects, or in short, television.
Although no precise date is known of its invention, lenses forming its main component have
been found in Greece dating from about 2000 BC [Ceo]. The telescope requires a long path
between viewer and object in which the light can travel freely, without being blocked by
some other object. For relatively small distances on the earth’s surface, the telescope is a
powerful tool. For long-distance television, however, high magnification factors make
accurate aiming of the telescope more and more difficult. Objects easily get in between the
light path, or the curvature of the earth intervenes. The inspection of our universe seems the
only application in which these limitations play a minor role.

The first television system in the usual sense of the word is the machine invented by Carey
in 1875 [Ebo], see Figure 1.1. It records an image with a number of light-sensitive devices
arranged in a 2-D array. The resulting electric signals are transmitted in parallel and fed into
a 2-D array of light bulbs, which visualize the image. This system was simplified
substantially by the introduction of the mechanical scanner by Nipkow [Ebo). A fast
rotating disk scans the image linewise and the “pixels” in the image are transmitted
sequentially, requiring only one electric channel.
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Figure 1.1 The Carey television system.

In both the Carey and Nipkow television systems, three different parts can be distinguished,
which are also present in the modern visual communication systems of today:

e Acquisition of the scene
e Transmission in some kind of representation
¢ Visualization of the scene

Through time, the list of available technology for 2-D image-based visual communications
has grown to a substantial size [Davi92]. For scene acquisition, we have many types of
Cathode-Ray-Tube based and Charge Coupled Device (CCD) cameras. For scene
visualization we have displays such as Cathode Ray Tubes (CRT), Liquid Crystal Displays
(LCD) and plasma displays. The representations used are analog (PAL, NTSC, SECAM,
HDMAC, MUSE), digital (CCIR601) or efficiently coded digital (MPEG2, MPEG4). To
deal with digital signals, we have accurate analog-digital converters, and computers or
Digital Signal Processors (DSP), which become more powerful every day. For transmission
we have high-bandwidth channels on the basis of cables (coax or glass fiber) and free-air
electromagnetic waves (ground and satellite links).

We also would like to store the scene to be able to visualize it at some later time instant.
Examples of early systems that have storage capabilities are photography and motion film,
which are based on celluloid. More recently video recorders have been developed, which
have as a basis tape and magnetic/optical discs.

All this technology allows us to acquire, transmit, store and reconstruct visual information
about a scene. At the start, the introduction of long-distance vision was possible only if
several concessions were made, such as low-resolution black-and-white still-image
photography. Currently the standard of television systems includes high-resolution color
video imagery. What is still missing?

1.2 Systems for 3-D visual communication

The ultimate goal in communication can be thought of as the holodeck from the popular
science fiction TV series “Star Trek”. Figure 1.2 depicts such an ideal system. Two scenes
A and B are somehow merged into a new virtual scene C. The new scene C allows for full
interaction between A and B, including sight, hearing, smell, touch and taste.
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Scene A i i 3 i
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Figure 1.2 The ideal communication system merges two scenes completely. The holodeck from the
popular TV series Star Trek is such a system.

The holodeck is still science fiction. At this point, we will drop the more difficult senses
touch, smell and taste. Especially for the touch sense, the current state of technology is
nowhere near to handling it. The remaining audiovisual communication system is still much
more than a television set, as it provides 3-D impressions of the scene. The applications for
such a system are obviously enormous. It may enhance the effectiveness of education and
interpersonal communication (videoconferencing), enable remote surgery or expert
consultancy in the medical areas, provide a means for remote maintenance in hazardous
industrial environments, or increase the impact of news or movie broadcasts, entertainment
and games, expositions (musea and galleries) and advertising.

We will concentrate on the visual part of the 3-D communication system (much work has
already been done to include 3-D sound impressions, e.g. surround processors). A rapidly
increasing number of researchers are working on different types of 3-D visual
communication systems, such as stereo television systems [Dist95] and holographic systems
[Luce97]. In the recently finished European PANORAMA project [Pano98a], a so-called
multi-viewpoint system was developed and built. Its properties are more or less in between
the stereo and holographic systems, combining the superior quality of holograms with the
technological implementability of the stereo system.

Next, we will examine what to expect from a 3-D visual communication system compared
to normal television. Then we review classic, current and future candidates for 3-D systems.

1.2.1 Visual cues to be introduced by 3-D systems

In visual communication, current television systems provide “flat” 2-D images of our world,
which clearly has three dimensions. To be able to evaluate the performance of any 3-D
visual communication system, let us explore what a viewer is able to observe in the ideal
holodeck system, or equivalently, in normal surroundings.

All objects in a scene emit or reflect light rays in different directions, with different
intensities and colors. The viewer only observes the light rays that pass through the pupils
of his eyes in the direction of the retinas. On the retinas 2-D images of the scene are formed,
containing photometric information. To extract geometric and more complex semantic
information, the brain uses several cues that can be categorized in psychological and
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physiological cues [Ebo]. The psychological cues involve knowledge about the scene, such
as known shapes of certain objects, the way shade works, occlusion (objects that move in
front of each other) relative size between objects, perspective and color. These cues are all
provided by the current television systems.

The physiological cues are the absent cues that we would like to introduce by 3-D
communication systems, see Figure 1.3. These cues are more related to direct measurable
physical properties, such as the accommodation of the eye lens and the convergence of the
eyeballs towards an object of interest. They all have something in common: they are related
to our “3-D” experience of the scene. We categorize them as follows by scale of viewer
position (large), inter-eye distance (medium) and pupil size (small).

@ (b) (©

Figure 1.3 Visual cues to be introduced by 3-D communication systems, a) motion parallax, b) stereo,
and ¢) accommodation.

Viewer position: motion parallax cue

If the viewer walks or moves his head, his viewpoint changes. For a continuously moving
viewer, nearby objects seem to move faster than objects that are far away. This is called the
motion parallax cue. Figure 1.3a shows a viewer moving in a train. The nearby trees move
faster than the distant trees. Besides providing the depth of objects, this cue might be used
to assist the balancing organ since it provides direct feedback of the viewer’s own motion.

Inter-eye distance: stereo cue

The viewer has two eyes, separated by some moderate distance. This provides him with two
slightly different viewpoints, which enable him to determine the distances to the objects.
This is called the stereo cue. Figure 1.3b shows the different positions of the two birds on
the viewer’s retinas, a cue for their difference in distance.

Pupil size: accommodation cue

The pupils of the eyes have finite size and thus, from each point of the object, several light
rays forming a cone enter each eye. The eye lens diffracts all these light rays, which then
form a cone within the eyeball. If the lens is accommodated to the correct distance to the
point of interest, the apex of the cone is at the retina, producing a sharp image of that point,
see Figure 1.3c. The required accommodation provides a cue for the distance to the object.
This is called the accommodation cue. The cue also provides a means to focus attention on
the object of interest, since all objects at other distances become blurred.
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All three cues mentioned invoke relatively simple geometric models rather than complex
semantics about objects. This fact is comfortable from a technological point of view, since
these cues are the ones we would like to integrate into 3-D visual communication systems.

1.2.2 Classic, current and future 3-D systems

Normal television

A normal television set presents the same image to both eyes, and thus lacks the stereo cue.
To a certain extent, the motion parallax and accommodation cues are provided. However,
they are not related to the movement and position of the viewer, but to those of the camera.
Presumably, when looking at a scene at a TV screen, a viewer imagines himself as being
physically near the displayed scene and then identifies himself with the camera. However,
the actual position and movement by the viewer does not relate in any way to the presented
motion parallax cue. The accommodation of the eyes is related only to the distance between
the viewer and the display, and thus, independent of the selected point of interest in the
scene. Compared to the ideal situation of actually being present in a scene, a television set
visualizes a scene that has the geometry of a flat rectangle (the screen) on which rich and
dynamic photometric effects are shown.

Stereo systems

The first system that provided the stereo cue was stereo photography [Turi]. It has been
quite a success in books, expositions and toys such as the View Master, which is still
available (see Figure 1.4). These systems require the viewer to look into two tubes that
provide different images in each eye.

Figure 1.4 The View Master, a system introducing the stereo cue. It provides a sense of depth.

Later on, stereo film and TV were not a large breakthrough, since a severe concession was
made to allow multiple viewers at the same time, called anaglyphy. The images for the left
and right eye were shown simultaneously on the same display with different colors: one was
red, the other cyan. Each of the viewers wore red/cyan glasses and observed the two images
in their left and right eyes separately. Unfortunately the completely different colors are a
good reason to complain about a headache. Other systems have been devised to overcome
this, such as polarization and LCD shutter glasses [Sext99]. The latter was used in the
European RACE DISTIMA project [Dist95], where a high-quality and full-color stereo
system was built for the first time.,

For all stereo television systems, the stereo cue is introduced without motion parallax and
lens accommodation. The absence of motion parallax results in geometric distortion of the
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visualized scene [Rede00]. Figure 1.5 shows that only one viewer can observe the scene
correctly. This viewer must remain still at a specific and fixed position relative to the
display.

correct scene P

P

viewer at  ~<f——
other Positioy
viewer at /

correct position

scene point at
distorted position

Sk
“reo display

Figure 1.5 Stereo without motion parallax. Only a single viewer at a specific, fixed viewpoint observes
the scene correctly. Any other viewpoint results in geometric distortion.

The absence of the accommodation cue results in a conflict between the accommodation
and convergence of the eyes [Herm71, Rede0O], see Figure 1.6. The eye lenses are
accommodated to the display, while the eyes are rotated both to converge on the scene point
of interest. This provides the brain with two conflicting depth cues.

lens accomodation
-

convergence of eyes

Figure 1.6 Stereo without accommodation produces the accommodation-convergence conflict.

Thus, although a stereo system provides an impression of depth, the brain is not provided
with three consistent cues. This might be experienced as being worse than normal television
systems, where none of these three cues are present. The design of a stereo setup that
minimizes these discomforts for all viewers is a complex task, involving careful setup of
cameras, display, and position of the viewers [Dist92, Herm71, Past91, Kutk94, Ariy98].

Fixed multi-viewpoint systems

For the motion parallax cue, several systems have been made. The first is xography,
introduced in 1964 for the well-known 3-D postcard [Gisc93], see Figure 1.7. A scene is
recorded by a normal camera from several viewpoints. The images are then combined in
some special way and printed on the card. A special sheet of lenses is put on top of the card,
which gives it a rough surface. When one looks at the card in different directions, two of the
original images each reach on of the eyes. Since no glasses are required, this kind of
stereoscopy is referred to as autostereoscopy. For a stereo system the number of images is
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just two, and only the stereo cue is provided. When the number of images exceeds two, the
system is a so-called multi-viewpoint system. Movement of the viewer’s head equals
selection of a pair of images, corresponding to the new viewpoint. Effectively, the motion
parallax cue has been added. However, the viewpoints are restricted to a fixed and discrete
range.

Figure 1.7 The introduction of motion parallax by xography or 3-D postcard. It provides a limited,
discrete range of viewpoints.

The same principle can be used in electronic displays by placing a special sheet of lenses in
front of the display, a so-called lenticular screen. Currently, these displays are commercially
available with about ten images [Phil]. Both the 3-D postcards and the lenticular screen
displays are still not perfect. They do not provide the accommodation cue. A special version
of a multi-viewpoint display is described in [Kaji97], with a number of viewpoints as high
as 45. If the allowed range of viewer motion is as low as 10 cm, the resolution of the motion
parallax cue is then about 2 mm, enabling even multiple viewpoints within each pupil of the
viewer. It was reported that this effect produces the accommodation cue. The 10 cm
viewing range minus the inter-eye distance provides only a few centimeters of motion
parallax. Effectively, the accommodation cue was introduced at the cost of the motion
parallax cue.

The drawback of all these approaches is that only a discrete number of viewpoints is
available, which have been selected during the acquisition of the scene.

Adaptive multi-viewpoint systems

A different type of multi-viewpoint system provides only two images at the same time, but
adapts these to the current position of the viewer. This restricts the number of viewers to
one, but the motion parallax can be continuous in any range. Recently, such a system has
been built for the first time in the European Community sponsored PANORAMA project
[Pano98a), see Figure 1.8. The real-time adaptation of the images requires a large amount
of digital processing. In the project, this was realized by dedicated hardware that could
perform stereo image interpolation. An autostereoscopic display was used, that adapts its
lenticular screen to the current positions of the viewer’s eyes. The viewer did not need to
wear glasses.

The adaptive multi-viewpoint system is able to produce the stereo and continuous motion
parallax cues. Depending on future developments in autostereoscopic displays, the
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accommodation cue may be incorporated. This requires at least two views per pupil, so four
in total. To handle more than one person, the number of views goes up linearly with the
number of persons.

eye positions

Original
images

P‘J Viewer adapted
images

Autostereoscopic
display

Stereo
camera

Figure 1.8 Continuous motion parallax produced by the PANORAMA system via image interpolation. It
requires state-of-the-art real-time signal processing, implemented in hardware.

Holographic systems

For the future, it seems that hologram technology is the most promising candidate for 3-D
visual communication systems: an infinite number of viewpoints in a continuous range are
provided simultaneously. This enables all three cues for multiple viewers without glasses. In
a hologram, a photograph with a very high-resolution is used to record so-called fringe
patterns, or interference patterns of light that is reflected by the scene. The patterns contain
all information necessary to reconstruct the scene visually for any viewpoint. The patterns
have the scale of the wavelength of visible light, which is about 500 nm. A hologram of any
reasonable size thus contains a tremendous amount of information. At this point, technology
only allows high-resolution full-color holography for still images. Prototype real-time
systems, so-called holovideo systems, have been built with concessions to size, resolution
and color of the scene [Luce97], still requiring a massive parallel supercomputer to process
all data.

Overview

Table 1.1 gives an overview of the systems mentioned and their characteristics. All these
systems are so-called “through-the-window” systems, see Figure 1.9. They use a planar
display to visualize a 3-D scene to the viewer, which allows the viewer to observe the scene
as if looking through a window (the display) [Sext99]. The display can only reconstruct
light rays that pass through it. Clearly, walking around to the back of the display does not
provide us with a look at the back of the scene, thus limiting the motion parallax capability.

The display and the current positions of the viewer’s eyes define a pyramid-shaped visibility
region in which the virtual scene must reside. When the viewer moves, the region moves.
This forms a restriction on the scenes that can be visualized, or equivalently, on the position
and gaze direction of the viewer.
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Table 1.1 Systems for 3-D visual communication.

outside pyramid:
surroundings viewer
(real scene)

inside pyramid:
‘ visualized

e iained
eyesof , .7
viewer A window
(display)

Figure 1.9 A through-the-window based 3-D display system.

For example, a very large scene can only be visualized if it is positioned far behind the
display, where the pyramid is wide enough to contain it. Then, the viewer cannot change his
viewpoint, since in that case the pyramid would move away from the scene. This leads to a
severely reduced motion parallax possibility. If the system reacts by repositioning the scene
into the visibility pyramid, the viewer will notice that the scene ‘follows’ his movements,
which is very unnatural. In stereo systems without viewpoint adaptation, this is what
effectively happens (in Figure 1.5, the scene point automatically follows the visibility
region).

Several solutions are available to overcome the limitations of the window-based display
systems. First, we can enhance these systems by providing the viewer with a means to
reposition and scale the visualized scene manually [Rede00]. Walking around the scene to
see the back can be simulated by manual rotation of the scene. By appropriate scaling and
translation, the scene can be visualized centered in the display. This gives the viewer almost
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180° of motion parallax, while the virtual scene remains in the visibility region. In addition,
this minimizes the accommodation-convergence conflict. This is at the cost of the scale
correctness of the scene visualization.

Another solution is provided by a different system, called the immersive 3-D system. It
completely surrounds the viewer, or his eyes, to allow for all positions and gaze directions.
The system comes in two different sizes. In the CAVE concept [Cruz93], the viewer can
walk freely within a cube of 3x3x3 meters. On four or five of its faces, stereo images are
displayed, continuously adapted to the viewer’s position. Thus, it is based on four or five
adaptive multi-viewpoint systems working simultaneously. A much smaller immersive
system only covers the eyes of the viewer by means of a Head Mounted Display [Hmd]. In
this case two adaptive multi-viewpoint systems are fixed to the viewer’s head, each of them
providing only a single monoscopic image.

1.3 Scope of the thesis

In this thesis, we will consider a “through-the-window” based adaptive multi-viewpoint
system. Figure 1.10 shows this system dotted, in the context of all previously mentioned
communication systems. We will concentrate on the specific implementation depicted in
Figure 1.11, which was built in the PANORAMA project. The main application will be 3-D
videoconferencing.

/! N

HMD  CAVE | Stereo TV f Holography

T 03wIseq

1 Adaptlve |

1
| viewpoints «.

Figure 1.10 Overview and context of 3-D visual communication systems.

The PANORAMA system is based on stereo equipment. Scene acquisition is performed by
a stereo camera and scene visualization by a stereo display. In between, a 3-D scene model
is transmitted. Signal processing is needed to transform the stereo data into a 3-D model
(analysis) or vice versa (synthesis). In the synthesis part, the position of the viewer’s eyes
has to be measured to allow for viewpoint-adaptive scene visualizations.
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Figure 1.11 The PANORAMA adaptive multi-viewpoint system. It employs scene acquisition with a
stereo camera and scene visualization with a stereo display.

We will deal with three tasks: stereo image analysis, stereo image synthesis and the overall
PANORAMA system design including the choice of the scene model. We do not consider
transmission, efficient coding or storage of the scene model. Further, we use commercial
available cameras, (auto-) stereoscopic displays and eye trackers [Orig, Phil, Ster]. Next we
will elaborate on the stereo image analysis, stereo image synthesis and system design tasks.

1.3.1 Acquisition of a 3-D scene with a stereo camera

The principle of acquiring 3-D information with a stereo camera is shown in Figure 1.12.
The internals of two cameras are shown, comprising lenses and image planes. A
correspondence field describes a pixel-dense set of pixel pairs in the stereo image pair. Each
such pair of pixels is lit by the same scene point by two light rays. If the two light rays are
constructed backwards, from the pixels through the lenses towards the scene, their
intersection yields the 3-D coordinates of the scene point. This process is called
triangulation. It requires that the position and orientation of the two cameras (lens and
image planes) are known. Together these parameters form a geometrical model for the
stereo camera.

Correspondence
field
Stereo LA
camera model .
b,a, ... COI‘I‘CSPOHdlIlg
points

~| Image plane

Figure 1.12 The acquisition of a 3-D scene by a stereo camera requires two tasks. By correspondence
estimation, pixel pairs are found that originate from the same scene point. By camera calibration, a
geometrical model for the cameras (position and orientation of image planes and lenses) is found.
Together, for each pixel pair two light rays can be reconstructed. Their intersection yields the 3-D
coordinates of a scene point.
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The acquisition of the camera parameters and the correspondence field is done by camera
calibration and correspondence estimation respectively. We elaborate on these aspects next.

Stereo camera calibration

Camera calibration emerged first in photogrammetry [Slam80] and has been studied for
many years [Wolt78, Tsai87, Faug93, Pede99]. It can be performed before recording the
actual scene by so-called fixed calibration. In this method, a special object with an
accurately known geometry and photometry is recorded by the cameras. By detecting
special points of the object (markers) in the images, and using the object’s known geometry,
one can calibrate the cameras accurately. The drawback of this method is that it requires
user interaction and the accurate (expensive) manufacturing of the calibration object.
Further, each time a change is made in the camera setup, such as zooming in or out, the
calibration has to be repeated

Current research is devoted more and more to self-calibration, in which no user interaction
and no object are needed [Arms96, Boug98, Eela99, Faug92, Rede98d]. Self-calibration is
performed on the basis of a correspondence field, obtained from an image pair of the scene
after correspondence estimation. The absence of accurate geometric knowledge about the
scene makes it harder to estimate the camera parameters. First, since we have no reference
to the standard SI meter, the absolute scale of both the camera geometry and the scene
cannot be obtained. Secondly, it can be proven that at most seven parameters can be
obtained if the cameras have ideal lenses [Faug93]. Any stereo camera model that has more
parameters results in ambiguities. So, for successful calibration we need extra constraints or
knowledge [Deve96], such as a known pixel aspect ratio [Poll98].

We will investigate fixed and self-calibration algorithms. Our main goal will be to unify
these two approaches. We will design them both in a similar and flexible fashion using the
Bayesian probability framework. We will examine lens distortion in detail and show that its
incorporation in self-calibration enables us to estimate more than the aforementioned 7
parameters. This increases the applicability of self-calibration.

Correspondence estimation

For correspondence estimation, a tremendous amount of algorithms can be found in
literature. They range from feature matching [Barn80, Liu93], block matching [Acca95,
Haan92, Kana%94, Hend96], pel-recursive [Biem87, B6r691] and optical flow techniques
[Horn86, Enke88, Tsai97]. In the past years, more and more algorithms are designed using
the Bayesian probability framework [Drie92, Chan94, Heit93, Konr92, Teka95b, Stil97,
Wo0096] on the basis of Markov Random Field models, introduced in image processing in
[Gema84].

Many of these algorithms perform so-called motion estimation, defined for objects in two
frames from an image sequence from a single camera. Correspondence estimation
algorithms for stereo images from calibrated cameras are called disparity estimation
algorithms [Cox96, Inti94, Fran96, Ohta85, Rede98a). It can be shown that for stereo
images, all correspondences must lie on lines in the images, the so-called epipolar lines
[Faug93, Truc98]. The position of these lines is only known if the cameras are calibrated. In
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this case, the search space for the correspondences has a one-dimensional nature along these
lines.

For stereo images from uncalibrated cameras, the position of the epipolar lines is not known
in advance. Therefore we have to resort to correspondence algorithms that search in a 2-D
way all over the images, similar to motion estimation algorithms. This severely increases the
computational complexity. In such cases, a three-step approach is often used [Poll98], in
which first a low number of accurate correspondences is estimated involving a two-
dimensional search with pre-defined features such as corners. The feature correspondences
are then used for self-calibration of the cameras. After calibration, the position of the
epipolar lines is known and the more efficient (one-dimensional) disparity estimation can be
performed to obtain a pixel-dense correspondence field.

We will derive new correspondence estimators for stereo images from both calibrated and
uncalibrated cameras. For this we first set up our requirements for the estimator. We will
review current correspondence estimation algorithms thoroughly and select the Bayesian
framework as the ideal tool for our estimators. A detailed examination of the steps in this
framework will lead us to several new findings that are included in our estimators. A major
goal is the development of an estimator that combines high quality results with low
computational requirements. Further we require the estimator for uncalibrated cameras to be
robust for rotational and scale differences between the images. This is required for self-
calibration of a camera pair with unequal orientation and zoom factors.

1.3.2 Visualization of a 3-D scene on a stereo display

For the viewpoint-adaptive visualization of a 3-D scene on a stereo display, many image
synthesis algorithms can be found in literature. However, mostly image formation is
considered for the images from virtual cameras [Faug96, Fuji96, Levo96], often restricted
to viewpoint interpolation of the original stereo images [Chup94, Fran96, Rede97d, Seit95,
Tsen935, Veig96]. 1t is not clear whether the images formed by these algorithms can truly
visualize a 3-D scene on a display without geometrical errors. Further, no analyses have
been reported on other sources of visualization errors, such as eye-tracking errors.

We will derive the correct algorithm for geometrically correct scene visualization. It will
turn out that the algorithm is very similar to, but not the same as, image formation from a
virtual camera. Further we analyze the error in the 3-D scene visualization caused by eye-
tracking errors and rendering latency.

1.3.3 Overall design of the PANORAMA system

As the PANORAMA system was the first multi-viewpoint system actually built, little can be
found about the design of similar systems. Most designs consider stereo systems [Ariy92,
Dist95, Grin94, Herm71, Kutk94, Past91].

In this thesis, we will describe all parts of the PANORAMA system. In specific, we will pay
much attention to the choice of scene model used for transmission. As this choice influences
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both the analysis and synthesis parts of the system, it has a large impact on the system
complexity. Then we will examine the overall system settings for optimum performance.
We will show that even with all the implementation constraints, a system can still be built
with geometrically correct scene visualization.

In the system description, we will make use of theoretical results derived earlier for the
different system parts. However, the PANORAMA system does not use all algorithms
derived in this thesis, for reasons of implementation feasibility and mainly the fact that the
system design was fixed in 1995 for project continuity.

1.4 Thesis outline

The stereo image analysis part of the thesis consists of Chapter 2 (stereo camera models),
Chapter 3 (stereo camera calibration) and Chapter 4 (correspondence estimation). Chapter 5
deals with the stereo image synthesis part. Chapter 6 deals with the PANORAMA overall
system design. Chapter 7 concludes the thesis with an outlook on the future of 3-D visual
communication systems.

In Chapter 2, models for stereo cameras are investigated. We start by introducing a new
notation, based on tensor notation from physics. This will help us to denote the many-
parameter models clearly. Further, it simplifies the review of many models from literature
and enables to pinpoint their similarities and differences. We describe a general stereo
camera model and examine various reductions to less complex models. One of those is the
parallel camera setup, which is used in the PANORAMA system. The triangulation process
is described, needed to acquire the 3-D scene points after camera calibration and
correspondence estimation have been performed. Finally, simple rules of thumb are derived
to decide on the camera setup for recording a scene with specific dimensions.

In Chapter 3, fixed and self-calibration of stereo cameras will be investigated. A new,
accurate and very robust algorithm is derived for detecting special markers in images. We
will design a fixed calibration algorithm using the Bayesian probability framework,
Simulated Annealing (SA) algorithms and the marker detection algorithm. The self-
calibration algorithm is designed in a similar way using a correspondence field instead of
markers. All algorithms are extensively tested on both synthetic and natural images.

In Chapter 4, we will examine correspondence estimation algorithms. After a brief review of
the classic methods, we will focus on the modern Bayesian methods that estimate pixel-
dense fields with possibly sub-pixel accuracy. The review is based on [Rede99a]. In this
framework, we will present two new estimators, one for calibrated cameras and one for
uncalibrated cameras. The latter provides the input for self-calibration algorithms. It must
be able to cope with any stereo camera setup, e.g. any position and orientation of the two
cameras. Both algorithms use Markov Random Field (MRF) models and Simulated
Annealing (SA) minimization algorithms. The combination of MRF/SA with the often used
hierarchical estimation approach has the potential of providing high quality correspondence
fields, while keeping the computational load reasonable opposed to most current MRF/SA
algorithms. Experiments are performed to validate the quality and computational load of the
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algorithms. The quality of the correspondence fields is examined both in terms of 3-D scene
model quality and robustness for camera setups (large differences between the two cameras
in e.g. orientation).

In Chapter 5, we will derive an image synthesis algorithm for geometrically correct scene
visualization on stereo displays. It will turn out that the algorithm is very similar to but not
the same as image formation in a normal camera. Further we analyze the error in the 3-D
scene visualization caused by eye-tracking errors and system latency. This analysis is based
on [Rede00]. All theoretical results will be validated by extensive subjective experiments,
using real-time computer simulations with synthetic images.

Chapter 6 deals with integration of all components into the PANORAMA 3-D
videoconferencing system. The results are based on [Ohm98, Pano98b, Pano98c, Rede97a,
Rede97b, Rede97c, Rede97d, Rede97f, Rede00]. First we examine several options for
scene models and make a choice that enables a feasible system implementation. We
describe the cameras, eye tracker, stereo display and image analysis/synthesis parts. For a
feasible implementation, several choices and concessions were made. These include
carefully placing the cameras into some prescribed setup (making calibration unnecessary)
and using image interpolation for view generation. We will show that in spite of all these
restrictions, a 3-D visual communication system can still be built that provides
geometrically correct scene visualization. We design one-way and two-way communication
systems and show that the two-way system is more complex than the sum of two one-way
systems. Extensive experiments will be performed, both with computer simulations and the
actual PANORAMA system. It will be shown that the introduction of motion parallax by
adaptive multi-viewpoint systems indeed enhances the feeling of telepresence compared to
normal or stereo television. Finally, we examine the directions for future research in the
area of multi-viewpoint systems.

Chapter 7 concludes the thesis with an outlook on the future of 3-D visual communication
systems.



16

Chapter 1 Introduction




Chapter 2

Stereo camera models

2.1 Introduction

In this chapter we will introduce a geometric model for stereo cameras. The geometric
model relates 2-D image coordinates with light rays in 3-D space. In our application, 3-D
scene acquisition with a stereo camera, corresponding light rays are triangulated to yield
3-D scene points. The triangulation process needs a geometric model for the specific stereo
camera with which the images of the scene are recorded. We will discuss a general,
parameterized stereo camera model, the accompanying triangulation process and the
resulting general properties of the acquired scene, which include position, size, accuracy
and resolution. Figure 2.1 illustrates the scene acquisition process: the parts enclosed by
dotted lines are treated in this chapter.

Specific
camera model

Triangulat‘ion

N ,

L

Figure 2.1 The scene acquisition process. This chapter deals with the general stereo camera model,
the triangulation procedure and the properties of the acquired scene (shown dotted).

Scene Stereo  Images
camera

Acquired
Scene

The general camera model contains all possible stereo camera setups. By camera calibration
(Chapter 3) we estimate the model parameters. The estimated parameters determine which
of all possible setups is the specific model for the actual cameras, which is used by the
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triangulation process. The estimated specific camera model and the estimated
correspondence field (Chapter 4) determine the properties of the acquired scene.

A huge amount of literature is already devoted to the modeling (and calibration) of cameras
[Faug93, Luon93, Pede99, Roth97, Truc98, Tsai87, Wei94]. This has led to several
different models and different notations. Especially the models differ among different
calibration methods. In fixed calibration methods, where a special calibration object is used,
most approaches use complex models, which describe many properties and artifacts of
cameras (mispositioning of the CCD chip, lens distortion). The model parameters are
usually related to directly measurable lengths and angles, giving rise to so-called explicit
models [Roth97,Wei94]. In self-calibration, where the scene itself is used as calibration
object, many approaches use the so-called fundamental matrix as a model [Faug93, Long81,
Truc98]. This matrix captures only a limited part of the stereo camera geometry in a single
3x3 matrix. The entries do not refer directly to measurable physical quantities, and thus the
matrix constitutes an implicit model. Scenes cannot be acquired with exact geometry using
this model (e.g. scale and angles may not be correct). The model is often used because it has
been proven at most 7 parameters can be measured by self-calibration [Arms96, Csur97,
Luon93]. Thus an explicit model with more parameters can be designed, but is useless since
not all of its parameters can be calibrated. However, the 7-parameter proof relies on the
condition of ideal pinhole cameras, that is, without lens distortion. For practical cameras
with lens distortion, there is no such proof. Yet, lens distortion is never modeled in self-
calibration in an attempt to avoid the 7-parameter limit.

The main goal of our camera model review is to unify most current camera models, on the
level of notation, model properties and the ability to be estimated by both fixed and self-
calibration methods. We accomplish this by using a tensor notation, which is used in
physics [Schu85]. We choose to keep the models as explicit or physically possible, since
this makes it easier to understand the camera models and to verify the estimated parameters
[Pede99]. Special attention will be given to lens distortion, which possibly enables self-
calibration with more than 7 parameters. The general model will be used in Chapter 3 on
camera calibration. We will describe several simpler models found in literature, such as
pinhole models (without lens distortion) and the parallel stereo camera that plays a major
role in chapters 4 and 6 of this thesis. Additionally, we will describe the triangulation
process in detail, used in chapters 4 and 6. Finally, we will derive rules of thumb to setup
the stereo camera before making a recording to match the intended scene dimensions,
resolution and accuracy.

The chapter is organized as follows. The tensor notation is motivated in section 2.2. Then in
section 2.3 we will outline our general stereo camera model using this notation, and
compare it with other current models. Section 2.4 deals with the simpler camera models. In
section 2.5 we will examine the triangulation procedure that corresponds with our camera
model. Then in section 2.6 the properties of the acquired scene are determined, as a function
of the selected camera setup and the estimated correspondences. The chapter is concluded
by section 2.7.
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2.2 Geometric notation

In the area of camera modeling, a wealth of different notations is used. The models usually
have a number of parameters in the order of ten to twenty. If a corresponding pixel pair and
its triangulated scene point are considered, about 30 parameters may come into play. Vector
and matrix notations are generally used both to use the alphabet effectively and to group the
parameters into meaningful sets. These notations require a very clear definition. Accidental
mistakes such as using a matrix instead of its inverse (Ax=y instead of Ay=x) are easily
made.

We will use a notation based on tensor notation in physics [Schu85]. Our motivation is:

e A clear definition of variables is included in the notation itself (accidental mistakes
such as reversal of vectors or inversion of matrices are avoided).

¢ All parameters, scene and image points/coordinates share a similar notation.

e Parameters from other models are easily translated into this notation.

In a large part of camera calibration literature, so-called projective geometry is used, see
e.g. [Arms96, Faug93, Poll98, Roth97, Truc98]. This is a powerful mathematical tool that
enables us to denote transformations such as y=Ax+b (linear) and y=1/x (non-linear) very

compactly in a single, linear 4x4 matrix transformation y = A% . The drawback is that

variables are introduced without physical meaning (each 3-D vector is denoted by a 4-D
vector, which contains only 3 meaningful numbers) and that it cannot include other non-
linearities such as lens distortion. We will not use projective geometry, but our notation can
be extended to this notation by just adding an extra coordinate.

The notation is also used in other chapters of this thesis, and can be found in Appendix A.

2.3 A general stereo camera model

In this section we describe our general stereo camera model. It incorporates all current
models such as the basic pinhole model, lens distortion and mispositioning, misorientation
and skew of the CCD chip. We assume that CCD cameras are used, but the results in this
chapter hold also for other types of cameras.

The parameters in the camera model are categorized in external (or extrinsic) and internal
(intrinsic) parameters [Faug93, Luon93, Pede99, Truc98, Tsai87]. The external parameters
describe the position and orientation of the cameras with respect to their environment, such
as aand b in Figure 2.1. The internal parameters describe the properties of the lenses and
CCD chips within the cameras, such as the size of the pixels, lens aberrations, and the focal
length. The focal length is the distance between lens and CCD, which determines the
camera viewing angle or zoom. Focal length is also defined as a property of the lens
[Brow71], but if the scene is projected sharply on the CCD, the two definitions are the
same.
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Figure 2.2 illustrates our model in our notation. It shows the relation between a scene point
Ps and its projections onto the left and right CCDs, the points Pp; and Ppg. The point Pg
emits (or reflects) light, of which two rays are modeled, the light rays Ig; and sz, which
enter the camera through the centers of the lenses. Due to lens distortion effects, the lenses
may refract the rays, which results in the diffracted rays /;; and [jz. The indices § and 7 stand
for the scene side and the image side of the lens (outside and inside the camera housing).

No less than eight reference frames are introduced: the scene frame SC, the stereo camera
frame SF, the lens frames LF (LFL and LFR), the projection plane frames PF (PFL and
PFR), and finally, the CCD or image reference frames / (IL and IR). All reference frames
have coordinates in meters, except for the image reference frames, which have coordinates
in pixels. Table 2.1 shows the reference frames, their coordinates, units and their position.

Frame Name Coordinates Origin position
SC Scene frame Xsc Ysc Zsc  [m] Related to scene
SF Stereo frame XsF Vs Zsp  [m] Midway of baseline
LFL Left lens frame Xprr YirL Zer [m] Left lens optical center
LFR Right lens frame X7 rR YLFR Zrrg [m] Right lens optical center
PFL Left projection frame Xprr Yerr Zprr [m) Center of left CCD
PFR Right projection frame Xprr Yerr Zprg M) Center of right CCD
IL Left image coordinates xp yp |pixel] Upper left corner left CCD
IR Right image coordinates xig yir [pixel] Upper left corner right CCD

Table 2.1 Reference frames in the general stereo camera model.

The position and orientation of the lenses, the external parameters, are completely described
by the relation between the stereo frame SF and lens frames LF. The position and
orientation of the CCD with respect to the lenses, the internal parameters, are modeled using
the relation between the lens frames LF and projection frames PF. This includes the focal
length (lens-CCD distance, or zoom) and errors in chip placement (chip is not centered on,
or not orientated orthogonal to the lens optical axis, as shown quite exaggeratedly in Figure
2.2). The physical size of the CCD chips and the pixels, and properties such as skew are
modeled using the projection frames PF and image frames /.

In section 2.3.1 we will first discuss the most important reference frame, SC, often called
world frame [Truc98, Zhan93], which is used to describe the 3-D scene points acquired by
triangulation. It is the only reference frame that plays a role after the calibration and
triangulation have been performed, and thus, has direct impact on the application. After
that, we will describe the paths of the light rays going in the physical direction from the
scene points towards the CCD chips (opposite to the direction of triangulation in section
2.4). Sections 2.3.2 to 2.3.6 discuss five different steps in the model, each invoking a
transformation from some point to another point or from some reference frame to another.
Where possible we will deal with only one of the cameras and drop the L or R subscript.
Finally section 2.3.7 provides an overview of all parameters in the general stereo camera
model.
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Figure 2.2 The general stereo camera model.

2.3.1 Selection of scene reference frame SC

In principle, the position and orientation of the scene reference frame SC can be selected
arbitrarily. Figure 2.3 shows three ways that are often used to define SC. In fixed calibration
schemes, we always have a calibration reference frame CF, in which the geometric model of
the calibration object is given. It can be used directly as the scene frame, thus SC = CF.

In self-calibration schemes, no CF frame is available. Instead we can use the scene itself to
define a frame. The center of mass may serve as origin for SC, and the principle axes of
rotational inertia may define its orientation [Rede99c]. Since these features must be
extracted from the acquired scene, we must first define some preliminary scene frame
SC?*, acquire the 3-D scene, then extract the features, construct SC and finally transform

the acquired scene from frame SC*™to SC. The selection of SC”™is completely arbitrary.
In this scheme, it is not possible to measure movements between scene and cameras.

The third option is to define the scene frame using the cameras. Figure 2.3 gives an example
using the optical centers of the two lenses. It yields the SF frame that is defined in the center
of the two lenses, where the xgr axis points from the left lens to the right lens. This reference
frame is used in [Rede98d, Rede99b, Rede99d] and also shown in Figure 2.2. Other options
are to use one of lens frames LF, e.g. in [Luon93, Zhan93] LFL is used.
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Figure 2.3 Definition of reference frame SC via a special calibration object, the actual scene or the
cameras.

If processing a sequence of stereo images, we must choose a scene frame SC' for each

stereo image pair i from the sequence. In fixed calibration approaches, all SC' are the same,
since the calibration is performed only once for the entire sequence. Similarly, in self-
calibration of stereo image sequences, we can perform the calibration on the first stereo
image pair and use the parameters for the entire sequence. However, if we want to change
the cameras (e.g. zoom) during the recording, we have to calibrate the cameras separately
for each frame. If we define each SC'using the actual scene scheme, we may have a
problem when the scene deforms over time. The orientation of the SC frame can then
change discontinuously as a function of the deformation, causing inconsistent rotations of
the acquired scene. We can overcome this by introducing temporal consistency constraints

in the SC' frame sequence, at the cost of increased complexity.
We use the SF frame as scene reference frame for the following reasons:

o Its definition does not require any scene model

» It does not require any computation (feature extraction from the acquired scene)

¢ The frame can be used in both fixed and self-calibration schemes.

e Inimage sequences, movement of the entire scene w.r.t. the cameras can be measured
e It is symmetrical (compared to one of the lens frames)




Section 2.3 A general stereo camera model 23

2.3.2 From the scene frame to the camera frames

The first step for each scene point Ps, given in frame SF, is to obtain its coordinates in the
cameras’ lens frames LFL and LFR. With (A.15) we get for an arbitrary camera with frame
LF:

Poe =V 7o (Pgs —0Fy ) @1

This equation has six parameters per camera: three for position O and three for

F

orientation ¢L (in V;: ') that determine the lens frame LF with respect to the stereo frame

SF. These are the external parameters in the model.

We assume that the lenses are perfectly rotationally symmetric around their optical (z.r)

axes. Thus, the two angles @t and @{f"* have no meaning. However, we will keep

them as valid angles in the model to describe the z orientation of the cameras. Later, when
the CCD chip is added to the model, we can leave out the z angles for the CCD chip with
respect to the lens. With this, the model loses some physical clarity but gains a clear
distinction in external and internal parameters.

As Figure 2.3 indicates, the position of the SF frame is chosen in the center of the two
lenses (optical centers). The line through the optical centers is called the baseline. The xg¢
axis is defined as lying on the baseline, pointing from the left to the right camera. This gives
the following:

-%b +4%b
o= 0 0% =| o 2.2)
0 0

The b is the distance between the optical centers, which confusingly is also called baseline.
The fixation of the xgr axis determines the SF frame up to a free rotation around the xg axis
or baseline. We can account for this by requiring that:

(pSL:L;x + q)sL[-{:R;X =0 (23)

The SF frame is now chosen such that it has the average orientation of the two lenses (only
with respect to rotation around the x; r axis).

In total, this gives us 6 parameters for the stereo camera. They constitute all external

parameters. The b determines the position of both cameras on the baseline. The angle
@& determines the rotation around the baseline of both cameras (vertical direction of
camera viewing zones). The two rotation angles @/, @i determine the direction and

convergence of the two viewing zones of the cameras. Finally, the two rotation angles
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P, L determine the rotation of the camera around its principal axis (viewing
direction).

The fact that the original twelve parameters have been reduced to six is due to the specific
selection of the stereo frame SF as the scene frame. In other camera models, the external
parameters are usually denoted by a translation vector T and a rotation matrix R for each
camera [Azar95, Eela99b, Luon93, Pede97a, Truc98], e.g.:

T=00x R=VS¥ 24)

In this notation, we must ensure that we are aware which index (or subscript) is up or down.
If they are reversed, the vector and matrix have a different meaning,

2.3.3 From 3-D to 2-D

We use the point Py, to model the projective aspect of a camera, that is, its reduction from a
3-D world to a 2-D image. The point Py is defined on the intersection of the incoming light
ray Iy and the plane z;r = -1, see Figure 2.4. This plane is parallel to the lens (orthogonal to
the optical axis) and situated one meter behind it at the scene side.

The coordinates of Py as a function of those of Pg are given by:

Oir
Ps

F
PS

(2.5)

O _ _
B =

The point P has three free coordinates, while the point Py has only two (the z;» coordinate
is fixed to -1).

This step involves no additional camera parameters.

Figure 2.4 The points Py and Pp in the lens frame are used to model the projective property of the
camera and lens distortion.




Section 2.3 A general stereo camera model 25

2.3.4 Lens distortion

All practical lenses suffer from distortions. The projection of a scene point on the image can
deviate in the order of 5 pixels from the ideal position [Tsai87], and in rare cases up to 10-
100 pixels [Stei97a]. In the triangulation process, this may lead to significant distortion of
the acquired scene. Lens distortion can be modeled to a great extent [Slam80], which makes
it possible to reduce its effect on the scene acquisition. The additional parameters for the
distortion model are internal camera parameters.

We model lens distortion using the points Py and Pj,. The point Py is situated on the
intersection of the incoming light ray /s and the plane z;» = -1 on the scene side of the lens,
and the point Py, is situated on the intersection of the transmitted light ray /; and the plane
715 = 1, at the image side of the lens, see Figure 2.4

Distortionless lens (pinhole camera)
For a distortionless lens, we would find:

J e 2.6)

Such a model is commonly used [Arms96, Basu95, Csur97, Deve96, Faug92, Faug93,
Faug96, Fitz98, Jeba99, Pol198, Truc98, Zhan93, Ziss95]. The simplicity of (2.6) enables
an analytic approach to camera calibration at the cost of model accuracy. For these models,
projective geometry [Faug93] provides a powerful mathematical analysis tool.
Unfortunately, if lens distortion is included, it cannot be denoted in the compact 4x4
projective matrix notation and therefore obscures the analytical advantages of projective
geometry.

Types of distortion

Lenses show several types of distortion, of which the effects can be described by so-called
radial and tangential lens distortion [Brow71, Eela99a, Heik97, Slam80, Tsai87, Weng92].
Figure 2.5 illustrates these effects in an image of a rectangular and a star-like object. The
effects are zero in the image center and largest at the borders.

@ (b)

Figure 2.5 Two types of lens distortion, a) radial and b) tangential.
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Radial lens distortion is rotationally symmetric around the optical axis of the lens. In
rotationally symmetric lenses, this is the only distortion we expect. Tangential distortion
arises in practical cameras with multiple lenses, whose optical axes do not coincide exactly
[Weng92]. The difference between front and rear surface curvatures of a single lens may
produce a similar effect [Heik97]. It has been found by several authors that tangential
distortions are negligible and very small compared to the radial distortions [Pede99,
Slam80, Tsai87, Wei94]. We will therefore consider only radial lens distortion.

Radial distortion
On the basis of [Slam80], we model radial distortion as follows:

P[))CLF P[}YLF . Q
PDYLr — PUyLF . Q (27)
P[iLF PUZI_F

The fact that Q is present in only two of the coordinates in (2.7) yields the non-linear
distortion. By definition, Q is given by:

_In
fy
2 2
2 12
r2 =|pye | +| Py

The lens distortion model can be parameterized by a series of K; according to:
rp =1, + Kty + Ksrg ... Q=1+K,r; + K5ty +.... 2.9

In current models, the number of terms is usually one or two. Many different notations are
used for the parameters: (K3,Ks) in this thesis and in [Pede97a, Pede99, Rede98d, Rede99b],
(K;,K) in [Stei97a], (k3,ky) in [Eela99a, Tsai87] and (k;.k;) in [Heik97, Truc98, Weid4,
Weng92]. We will adopt the two-parameter model as in (2.9). For the stereo camera. This
gives four parameters in total.

From Figure 2.4 we can see that the values of both radii r are directly related to the angle of
incident and transmitted fight rays. For r = 1, the ray-optical axis angle is 45°, which
corresponds to a ray in a camera with a fairly wide viewing angle (zoomed out). For small-
angle cameras (zoomed in), e.g. with a viewing range of -10° to +10°, the radii are in the
order of 0.1. To get an impression of the values for the Ks: if the distortion errors are about
5 pixels for practical lenses [Tsai87] and the CCD has about 1000x1000 pixels, then the K;
and K; are in the order of 1 for a small-angle camera (r = 0.1), and they are about 0.01 for
wide-angle cameras (r = 1).




Section 2.3 A general stereo camera model 27

Figure 2.6 shows two curves of a fairly large radial lens distortion. For some K; and K, the

ext o

curve has an extremum (at r,;* in Figure 2.6). This effect does not appear in any useful real

camera.
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Figure 2.6 Radial distortion curves.

Model coordinates

Most camera models with lens distortion apply (2.7) on image coordinates [ rather than lens
coordinates LF [Heik97, Weng92]. This yields other values for the Ks, which makes it
difficult to compare the models numerically [Eela99a].

Our choice of lens coordinates has the following motivation. First, since (2.7) does not
require any model of the CCD chip, the parameters are truly lens parameters. In principle,
the K parameters do not depend on the position of the CCD chip, such as focal length
(zoom) and misplacement. For multiple-lens cameras with zoom function, however, the Ks
may however change with zoom. This is not because the Ks are a function of the focal
length, but because both the effective focal length and the Ks are a function of the complex
interaction between the actual lenses. Any change in the Ks still reflects the fact that the
single effective lens really becomes better or worse.

Secondly, if lens distortion is modeled using image coordinates /, an equation such as (2.7)
results in a more complicated form, as in [Weng92]. All effects of the CCD chip such as
pixel size, skew, and CCD mispositioning should then also be taken into account.

Asymmetry in computational efficiency

To compute light rays in both the physical direction and the triangulation direction, we must
calculate (2.9) in two different directions (see Figure 2.2). In terms of computational
efficiency, equation (2.9) is highly asymmetric.

Since (2.9) is an odd function of ry, its inverse is also an odd function of rp:

By =r,+ K;""rj + K;""rg + K;””rg + K;"Vr09+.... (2.10)
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The terms in (2.10) can be computed analytically by replacing each occurrence of rp with
the right-hand side of (2.9) and requiring identity. Even if only two terms are used in (2.9),
the series in (2.10) must be infinite if it is to represent the same model. This yields:

K;nv =-K,

K" =—K+3K;

K™ =8K,K, —12K] @11
K" =K!-55K;K;+55K;

K= ...

The coefficients in (2.11) get larger for the higher K™ terms. For practical reasons, the
series must be truncated at some point. Then (2.11) is very accurate for small rp but
becomes less and less accurate for larger rp. A different approach would be to invert (2.9)
via interpolation between a number of calculated control points. In [Heik97] a similar
method is applied on 2-D image coordinates instead of the 1-D parameter r. These
approaches may lead to a higher and more uniformly distributed accuracy with a lower
number of terms.

A simpler alternative is to use a numerical method to obtain ry from rp,. We used the
Newton and bisection methods [Pres92]. The Newton method results in:

3 5

;=7 s Y Kstg + Ky =1

Usi+l — Ui T 2 4
1+ 3K,1;, + 5Ky

(2.12)

We start the procedure with ry0 = rp and proceed until sufficient accuracy has been
reached. The bisection method is an iterative procedure that only computes (2.7)-(2.9). It

requires an initial interval that must contain the ry to be computed. We used [0, 2rp] if the

distortion curve has no extremum and [0, ;" ] if it has one (the extremum can be computed

analytically). The final accuracy after N iterations is guaranteed to be within 2™ times the
length of the starting interval.

Figure 2.7 shows the computed ry from rp as a function of original values of ry, for two
different values of the K, K pair. The rp is calculated with (2.9), and ry, is calculated with
the Newton and bisection methods, and with (2.10)-(2.11) using 2, 3 and 19 terms. The
analytical method is reasonably accurate for small » but diverges for large r regardless of the
number of terms used. For low-distortion cameras (small K), the Newton method reaches an
absolute accuracy better than 10" in about 4 iterations. For wide-angle, high-distortion
cameras (large r and large K) 10 iterations are sufficient to reach the same accuracy, but the
method does not always converge if the distortion function has an extremum.

We will adopt the bisection method that is simple, applicable for all r and K, reasonably
efficient and guaranteed to reach any arbitrary accuracy.
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Figure 2.7 Inexact computation of ry from rp with analytical and numerical methods.

Asymmetry in modeling

In terms of modeling, (2.9) is also asymmetric. Since a lens is still a lens when turned
around (scene side becomes image side and vice versa), we conclude that changing the roles
of ry and rp in (2.9) yields a different model for lens distortion which has the same
modeling quality:

r,=ry+Kiry + Koy 2.13)

The K's are new modeling parameters and not equal to K or K™ in the previous
paragraphs.

This offers us two different distortion models, (2.9) and (2.13), with equal modeling
qualities, but very different computational properties. Whenever an algorithm reconstructs
light rays more often in the physical direction from scene towards the images, lens distortion
model (2.9) is more attractive. This model is adopted in [Heik97, Rede99b]. If rays are
more often reconstructed in the triangulation direction, (2.13) is more efficient. This model
is used in [Eela99, Pede99, Stei97, Truc98, Tsai87, Weid94, Weng92].

In our fixed calibration scheme, only rays in the physical direction are used. In our self-
calibration scheme, both directions are used in the same proportions. Thus, we adopt model
(2.9).

2.3.5 Image formation

The next step is to form an image on the plane in which the CCD chip resides. To this end,
we introduce the PF frame for each camera. It is defined using only the CCD chip. The
relations between the LF and PF frames will introduce 12 new parameters (6 for each
camera). Two will have no meaning, the other ten are directly related to parameters from
other models. They model the focal lengths of the cameras and mispositioning and
misorientation of the CCD chips.




30 Chapter 2 Stereo camera models

We assume a perfectly flat CCD, and define that the zpr = 0 plane of the projection frame
PF contains this chip. The optical axis of the lens z; intersects the zp = 0 plane at the so-
called principal point Ppyncipar [Arms96, Truc98]. If the CCD chip is positioned correctly,
this point lies in the center of the chip. We define Opr to be exactly in the center of the chip
and model chip mispositioning via the relation between LF and PF frames. This relieves us
from introducing the point Ppncipar in the model. The final requirement that the xpr axis is
parallel to the x; axis of the CCD chip completely determines the PF frame.

In this step we calculate the coordinates of point Pp in the projection reference frame PF,
see Figure 2.8. The PF coordinates are continuous and in meters (we deal with pixel
coordinates I in the next section).

Figure 2.8 Image formation on the projection plane (plane of the CCD chip).

The Pp point lies on light ray /;, which is most easily described in the lens frame LF:
PPUI.F - ng” l > O (2 14)

The point Pp also lies on the projection plane or CCD chip, and thus:

P,f” =0 (2.15)
This leads to:
V(;Pfto() OZPF
A= VZF = O LFPZPF (2.16)
r — Ip

O rtoF,
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The PF coordinates of P, (needed in the previous equation) and Pp (the outcome of this
paragraph) are:

By =V (Pge —0g) o =V (AP - O ) @2.17)

Equation (2.17) introduces six parameters per camera, which determine the projection
frames PFL and PFR with respect to the lens frames LFL and LFR, respectively. Since the
projection is defined such that the CCD chip resides in the zpr = 0 plane and is centered in

the xpr and ypr coordinates, the three parameters Op4 determine the position of the CCD

chip center, measured in LF coordinates. The O equals the focal length of the camera,

that is, the distance between the lens and the CCD chip. It is usually denoted by f [Faug96,
Heik97, Heba99, Pede97a, Pede99, Truc98, Tsai87, Weng92]:

[ =05 (2.18)

In the f notation we must clearly define what f means, in case of chip mispositioning. Then
we can define f as the distance from Opr t0 Ppyincipai, but also as the distance from Opr
towards the z;r = 0 plane along the zpr axis. Further, the focal length has also been denoted
by o [Arms96, Faug92, Zhan93]. Sometimes it is split into two different focal lengths along
the vertical and horizontal directions to include the pixel aspect ratio [Arms96, Basu95,
Luon93, Poll98].

The other two parameters, O,% and O\ , determine the position of the principal point

Pprincipa ON the CCD chip. They are both zero if the intersection is in the center of the CCD
chip. In [Tsai87] practical values for chip mispositioning are found in the order of 10 pixels.
Figure 2.8 shows an exaggerated example of CCD mispositioning.

In literature, chip mispositioning is always denoted by the / coordinates of the principal
point;

u ,
{V:I = Pprli;t)c:pul (2 ! 9)

Sometimes these coordinates are relative to the CCD chip center (and thus zero in case of
zero mispositioning). The coordinates of the principal point have the largest variety of
notations encountered in camera calibration: (u,v) in [Poll98], (u,vy) in [Arms96, Faug92,
Heik97], (ry,c0) in [Weng92], (3,,6,) in [Basu95}, (c,,c,) in [Pede97a, Tsai87], (xpyeio) in
[Papa95], (xo,y0) in [Pede99], (cencyr) in [Stei97a] and (o,,0,) in [Truc98]. These notations
all need the introduction of the point Ppnpa and need all other aspects of pixel
discretization (skew, pixel aspect ratio) in order to denote chip mispositioning. Expressing
chip mispositioning in the unit of meters in our notation seems counterintuitive, but in
section 2.4 we will see that this will be circumvented in a natural way.
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For the orientation of the projection frame (or CCD chip), we have three parameters per

camera ¢,

[+ in V' . The ¢]f** models the rotation of the entire camera housing around
LF

the z;r axis. We already modeled this in section 2.3.2 for the sake of a clear distinction
between internal and external parameters, and thus:

P =0 Plrx” =0 (2.20)
PFx F

The other two parameters, @/~ and @7

orientation of the CCD chip with respect to the principal axis of the lens. They are both zero
if the CCD chip is oriented exactly orthogonal. They are seldomly modeled in other
approaches.

7, (two for each camera) model non-orthogonal

This gives us a total of ten internal parameters for the stereo model. Two model intentional
aspects (two focal lengths along the zr axes) and eight model imperfections
(mispositioning/misorientation in the xz/yr directions for the left/right CCD chips).

2.3.6 Pixel arrangement on the CCD

The last step is to take into account the pixel arrangement on the CCD, for which purpose
we need the pixel size, the pixel aspect ratio and the skew of the CCD chip. Figure 2.9
shows the details of the relation between the PF and / frames. The image (pixel) coordinates
are real numbers, to allow for sub-pixel measurements. The O, origin is located at the top-
left corner of the top-left pixel (right side of Figure 2.9). Therefore, the x; and y; coordinates
are integers plus one half at the pixel centers.

X

s Vi
= lm/g
cco B vl [T

Figure 2.9 Pixel arrangement by the CCD chip. It incorporates skew, scale and translation between
projection plane coordinates PF (meters) and image coordinates / (pixels).

First we calculate the pixel coordinates of Pp, given by the I reference frame:
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P = Va‘:’r P,f”‘ + O;f; (2.21)
Since the CCD chip is centered in the PF frame, we have:

AN,
0% =| %N, (2.22)
0

where N, and N, are the horizontal and vertical size of the CCD chip in pixels. These
numbers are always known in advance, e.g. N, =720 and N, = 576 for cameras that yield
CCIR601 images.

The base matrix models the size of the pixels and their possibly skewed orientation:

-5, s, tanf O
Vo= 0 5 0 (2.23)

y

0 0 1

Here s, and s, are the horizontal and vertical pixel sizes and @ is the angle with which the y;
axis is skewed (and thus the x; coordinate, see section 2.2.7). Inversion of (2.23) yields:

-s;' s5,'tan@ 0

VO', — 0 S—l 0 (224)

Crr ¥

0 0 1

which can be used in (2.21). For the stereo camera, this gives a total of six internal
parameters: three in (2.23) for each camera.

If models include skew at all, they usually use the 6 angle parameter [Arms96, Faug92,
Jeba%9, Luon93, Zhan93]. Now and then a fractional pixel length unit is used, e.g.
s= sy'1 tan@ in [Poll98]. The pixel sizes are usually not denoted freely, but combined with
the focal length (section 2.3.5) into two compound parameters. This will be treated in
section 2.4.1.

2.3.7 Overview of parameters

If all parameters in the sections 2.3.2 to 2.3.6 are taken together, we have a total of
Neammoder = 26 parameters, listed in Table 2.2. We call these parameters the physical
parameters, where lengths are in meters and angles in radians. The top rows contain the six
external parameters; the bottom rows contain the 20 internal parameters.
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Function Parameters #

Position (x) and orientation (x) of both cameras b o 2
Orientation (yz) R 4

focal lengths Oun Ot 2

CCD misorientation O ofE 4

CCD mispositioning Opitt Oppst 4

Lens distortion K51 Ks1 Ksr Ksg 4

Pixel size (xy), CCD skew Ser Syr O Sur Syr Gk | 6

Table 2.2 All physical parameters in the stereo camera model. The top rows contain six external
parameters, while the bottom rows contain 20 internal parameters. The total number of camera
parameters is Noam -moder = 26.

2.4 Less complex models

We will reduce the general stereo camera model in several steps, each time discarding a few
parameters because they are useless (horizontal pixel size), can be neglected (CCD
misorientation and skew), model undesired effects (lens distortion and CCD
mispositioning), or cannot be measured (baseline in case of self-calibration). Finally we
discuss two special models, the orthographic and parallel camera models. The orthographic
model is included just for completeness, but will not be used further. The parallel model
will be used in Chapter 4 and in the PANORAMA system in Chapter 6.

2.4.1 Horizontal pixel size

The horizontal pixel size s, is present in Table 2.2 to make all parameters physical
parameters, that is, measurable by hand and easy to understand. However, as is shown in
Figure 2.10, if everything on the image side of the lens is scaled arbitrarily (separately for
each camera), the stereo image pair remains unchanged.

Thus, the images are invariant for this scaling and we may select one parameter at will. We
choose to set the horizontal pixel size to 1 for both cameras:

Sep =S.g=1 (2.25)

X5

This influences all other length parameters that have meaning on the image side of the lens;
the internal parameters. Effectively, horizontal pixel units (hpu) replace the meter as unit of
length. A focal length will then typically have values in the order of 500-5000 hpu. The
vertical pixel size will reduce to the pixel aspect ratio s,/s,. For the CCD mispositioning
parameters, the new unit seems a more intuitive choice than meters.
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useful focal length f =

true
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CCD

Figure 2.10 Scaling of everything at the image side of the lens has no effect.

Some models from literature use a different reduction and use f/s, and s, [Arms96, Basu95,
Luon93, Poll98], which results in different effective focal lengths in the vertical and
horizontal directions. This notation is equivalent to expressing the same focal length with
two new and different unit; a concept that is more difficult to grasp than the one we use.
Further it is not clear which unit should be used for other internal parameters.

Since triangulation does not require the relation between hpus and meters, we may think of
hpus as being equal to meters if this helps us to visualize some parameter values mentally.
This results in focal lengths and CCD chip sizes in the order of 1000 meter.

For our application of 3-D scene acquisition we do not need the hpu in meters and use
(2.25). This reduces the stereo camera model by two parameters. Table 2.3 shows the new
model with 24 useful parameters. The hpu does not need to be the same for the left and right
camera (different horizontal pixel length), but this has no consequences.

Function Parameters #

Position (x) and orientation (x), both cameras bm] @it 2
Orientation (yz) P LR 4

focal lengths O O~ [hpu] 2

CCD misorientation o[ gl 4

CCD mispositioning Oy Opyr [hpu] 4

Lens distortion K31 Ksi o Ksr Kse 4

Pixel aspect ratio, CCD skew Sw. Syr hpul , 6, 6k | 4

Table 2.3 Useful parameters in the stereo model (Ncam-moder = 24). All internal lengths are now in hpu,
while the baseline, the only external length parameter, is still in m.
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2.4.2 Vertical pixel size or aspect ratio

Often the vertical pixel size s, is either not modeled, or equivalently, modeled as 1 (hpu)
[Arms96, Azar95, Boug98, Pede97a, Poll98]. This means that the pixel aspect ratio is 1 and
the pixels are square. This reduces the stereo model by two parameters:

=1 S,.=1 (2.26)

§ ¥R

L
Many CCD cameras do not have square pixels, but rectangular pixels with aspect ratios of
about 0.9 to 1.1. The square pixel reduction is mostly applied in camera models for self-
calibration methods to get the number of parameters in the model below the critical value of
the 7 that can be estimated with lens-distortion free methods. We will keep the pixel aspect
ratio as parameter in our model.

2.4.3 Skew

For modern CCD chips, the skew angle @ is often very small, in the order of 10 rad
[Zhan93], and can thus safely be neglected. This reduces the stereo model by two
parameters:

6, =0 6, =0 . (2.27)

2.4.4 Misorientation of the CCD chip

Figure 2.11 shows that CCD misorientation has an effect similar to image warping. The ray
I; hits the misoriented CCD at the edge, but it should have hit a well-oriented CCD g pixels
closer to the center. These effects are similar to a combination of radial and tangential lens
distortion.

CCD
| |4
!
Opp \ PPt Or
}/ ","
)
Ap
no misorientation “‘misoriented

Figure 2.11 CCD misorientation Ap described by pixel distortion g. The CCD is viewed in the direction
of the misorientation axis.
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The pixel errors are largest at the edges of the CCD and zero in the center. We find for the
maximum errors:

2

g~ 77 Ap (2.28)

For a misorientation angle Ag of 1° and a camera with a wide viewing angle of = 90°, we
find g = 0.01, about one percent of a pixel. This number is even lower for points closer to
the CCD center, and drops quadratically with viewing angle. Therefore, we can safely
discard CCD misorientation from the camera model:

PFLo

(pLF L

PFR:c
D1rr

=0 =0 (2.29)

2.4.5 Mispositioning of the CCD

The mispositioning of the CCD chip is similar to a rotation of the entire camera, a CCD
misorientation and a small change in focal length, shown in Figure 2.12.

CCD
P principal f ’Ja O
mispositioning u ’/,—-"'—}:"/ -‘)rz)tation
on o
—

misorientation Ap

Figure 2.12 CCD mispositioning described by a camera rotation and CCD misorientation.

Table 2.4 shows the two equivalent situations. The amount of mispositioning u is the
distance between CCD center and principal point in pixels.

Mispositioning Misorientation
CCD mispositioning u 0
CCD misorientation 0 Ap
focal length f F’
additional rotation 0 Ag

Table 2.4 The same situation described by CCD mispositioning versus CCD misorientation.

For the A and f* we find:
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Ap=2 = fl1+ % Ap?) (2.30)

For u = 25 (very large mispositioning) and f = 500 [hpu] (small for chip with width
N =1000 pixels) we obtain Ap = 0.04 rad = 2°. Via (2.28) we then find (with a large
viewing angle y= 90°) that the remaining distortion in the image is in the order of g = 0.02.
Similar to misorientation, we can thus neglect mispositioning:

oz =0 02 =0 2.31)

In [Boug98] a similar result is derived. In [Tsai87] and {Zhan93] it is found experimentally
that CCD mispositioning has no measurable effect on the scene acquisition.

It thus seems that CCD mispositioning can be safely discarded from the camera model. In
all approaches where no lens distortion is modeled, this is the case. If lens distortion is
modeled, however, the center of the radial distortion should be at the principle point and not
in Opp where it is when mispositioning is discarded. Therefore we may need to model CCD
mispositioning to ensure that the model of the lens distortion is correct [Wei94].

2.4.6 Ideal pinhole lenses

If we set K; and K to zero for both cameras, we model the lenses to be ideal. The camera
model then becomes a so-called pinhole model, which is widely used in calibration
[Arms96, Basu95, Csur97, Deve96, Faug92, Faug93, Faug96, Fitz98, Jeba99, Poll9s§,
Truc98, Zhan93, Ziss95]. The name is derived from a sheet of paper with a small (pin)hole
in it, which can be used as an ideal lens. The amount of light that is transported by the
pinhole is much smaller than by any practical lens, which renders the pinhole often useless
in practice. But theoretically, as long as the hole is larger than the wavelength of light, the
pinhole has no lens distortion.

As the lens distortion may warp pixel coordinates by about 5 pixels for typical cameras
[Tsai87], or even more [Stei97a], these errors cannot be neglected. However, a reason for
not modeling them is that the non-linear lens distortion formula obscures analytical
treatments of camera calibration. This results in:

K, =0 Ky, =0 Kye=0 Kop =0 (2.32)

Next to losing the distortion parameters, the camera model undergoes an additional change
due to the ideal lenses. Since now each lens has the geometry of a point (the hole in the
paper), it has no orientation whatsoever. Thus, the lenses also have no specific optical axis
anymore. Any line through the optical center may be thought of as an optical axis. Two of
these axes have a special role for the CCD chip: one results in zero CCD mispositioning and
the other one in zero misorientation, see Figure 2.13. In case of ideal CCD chip placement,
both axes are the same.
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Figure 2.13 A pinhole lens has no specific optical axis. In combination with the CCD chip, two special
axes exist, which result in a) zero mispositioning and b) zero misorientation of the chip with respect to
the chosen axis.

As we have seen in section 2.4.4, CCD misorientation could be safely discarded from the
camera model. We thus select axis « as principal axis, which gives zero mispositioning:

Opit =0 Onir =0 (2.33)
and then safely neglect the misorientation:

07 =0 P’ =0 (2.34)

2.4.7 Baseline

In self-calibration approaches, the scene itself is used as calibration object. In general, this
scene can be anything and we have no clue about its geometry beforehand. Therefore we
have no information about specific lengths in meters of any object. As a consequence, it is
not possible to measure any parameter in meters. The only parameter left in the model that
needs this unit, is the baseline. In self-calibration approaches we use:

b=1 (2.35)

Effectively, the baseline is measured in baseline units (bu). As a result, the acquired scene
will also have coordinates in baseline units. With that, we lose the absolute scale of the
captured scene. The reduction has no additional effects on the camera model.

2.4.8 Orthographic model

A special kind of camera model is the orthographic model. Whenever the depth size AZ of
the scene is small compared to the distance Z to the camera, in the order of 5% or lower
[Truc98], perspective effects are very small. An example of such a situation is when an
object is viewed from a large distance with very small-angle cameras (large zoom or focal
length). In this situation, the camera model undergoes severe changes and becomes
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orthographic [Truc98]; also referred to as a weak-perspective camera [Arms96]. Several
parameters from our model then merge into compound parameters or can no longer be
defined as before. We will not use this model.

2.4.9 Parallel camera model

The parallel camera model is a very simple model with very few parameters. Figure 2.14
shows the model. Usually for this setup, the CCD chips are drawn at the front of the pinhole
instead of behind it. The model assumes an ideal pinhole lens and ideal CCD placement
within both cameras, and identical focal lengths, pixel size and orientations among the two
cameras. The name of the setup is due to the fact that the CCDs are aligned in parallel (and
similarly, the optical axes perpendicular to the CCDs).

The remaining parameters are the baseline b, focal length f and pixel size s,, s,. In
combination with the horizontal pixel size, pixel aspect ratio and baseline reductions in
sections 2.4.1, 2.4.2 and 2.4.6 respectively, only the focal length parameter remains.

5 pixel size

Sg 8,

" baseline

Figure 2.14 The parallel camera setup.

The parallel model is not very attractive for modeling of actual cameras, unless a stereo
camera is used with very high quality lenses and sufficient mechanical stability to be aligned
manually into the parallel setup. The popularity for the parallel camera model is due to the
following. Whenever a stereo camera is calibrated, its images can be warped in such a way
that they appear as if recorded by a virtual parallel stereo camera. This warping procedure is
called image rectification [Papa95, Roy97].

The paralle]l setup is attractive because many image-processing tasks are simpler with
images from such cameras. For the modeling of light rays in the direction from a scene point
P towards the left and right images, it follows after some calculation that:

Py %N, (P2 +4b)s,
Py |=|UN, |[-=L| (P - yb)rs, (2.36)
P sBegt | | 2N, =P /s,

IsF
P N
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which is much simpler than the entire scheme of section 2.3. The projections have the
properties:
P2 Py
P =Py

(2.37)

The fact that the y coordinates are the same in the left and right image lowers the
complexity of correspondence estimation algorithms significantly. All corresponding pixels
lie on the same scan line, requiring only a one-dimensional search algorithm. This will be
used in chapters 4 and 6.

The triangulation procedure is similarly simple, see section 2.5.5.

2.5 Triangulation

Our application, the acquisition of 3-D scenes, needs triangulation of two light rays that
originate from corresponding pixels in the left and right camera images (see Figure 1.12).
This requires the construction of two light rays from the CCD chips, through the lenses into
3-D space. In section 2.3, we constructed light rays from 3-D space towards the CCD chips.
Here we will execute the same steps in reverse order.

Assume that Pp; and Ppr form a corresponding pixel pair, of which the coordinates are
known in the /L and IR image frames respectively (via correspondence estimation). Our
goal is to obtain the SF coordinates of Ps, which now plays the role of acquired scene point.

This section uses the general model with all the parameters that were introduced in section

2.3. The upper and lower subscripts are interchanged whenever it promotes readability and
understandability. The treatment does not involve any new parameters.

2.5.1 From the pixel grid back to the projection plane

In section 2.3.6 we calculated the I coordinates of a point Pp given its PF coordinates by
(2.21). Its inversion gives (see Appendix A):

P;'pp = VO—OI',,,.- PPO', + OIO'PF (238)

2.5.2 From the projection plane towards the lens

In section 2.3.5 we determined the position of point Pp in the PF frame on the basis of point
Ppin the LF frame. The reverse is somewhat simpler. First we calculate:

PPULr = V:;l: P:PF + OI?IL-‘F (239)
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and then:
Oir
pov = P (2.40)
P ;LF

2.5.3 Lens distortion

To invert lens distortion, we first calculate r;, with (2.8), use the bisection method to obtain
ry and find Q with (2.8). For Py, it then follows from (2.7) that:

PJI_I’ PI;‘U /Q
PUYLF — PD)’LF / Q (241)
PI;LF PDZLF

2.5.4 Triangulation from stereo 2-D to 3-D

First we calculate the SF coordinates of the point Py :
PUU'SF = V;SFF PU‘TLF + Oz}; (242)

After performing all previous steps for both the left and the right camera, we have two
points Py, and Py and their coordinates in the SF frame. Figure 2.15 shows that we are
now ready to perform the triangulation using the positions of the left and right optical
centers (lens frames).

" baseline

Figure 2.15 Acquisition of a scene point Ps by triangulation of Py, and Pya.

If we denote:
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Vb = VOLH_ 10 Oy pp
V, = Vom to By, (243)
V’ = VOLFR t0 Fye
then we observe that
PSL = OLFL + ’1LV[ )“L >0 (2.44)
P =Oppp + }VRVr ’q'R >0
with A; and A such that
J d
%]V},& e &—&?‘v& on|=0 (2.45)

and IVl denotes Euclidean distance or length in the SF frame (see section 2.2.5). This yields:
Vv

2
{&]z _ ! AV v, [v,,-vl } (2.46)
Ay ‘V1| 4 _‘V1 v[lv,v ’V1| -V,-V

where the dot products and lengths are defined by the SF frame (see Appendix A). Then,
with (2.44) we obtain the SF coordinates of Ps; and Pg. Ideally, these points are the same.
If the camera parameters or the original corresponding pixel pair contain errors, the points
are not exactly the same. Therefore, we construct Pg by taking the average of the points Pg;
and Pgp:

P = (P + P 247

We call the vector VP‘;L’jo P between the two points the intersection error:

Vo'sr — Psl;;vr _ Psisr (248)

Py 0 Py

This is a measure of the correctness of the correspondences and the camera model
parameters.

2.5.5 Triangulation with the parallel camera setup

In case the parallel camera setup is applicable, the triangulation procedure is much simpler.
The intersection error is always zero in this case. From (2.36) we can directly determine the
inverse operation;
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P , WP+ Py =N s,

PSySF o PX”_ me __yz(PP}Zl + PPZR _Ny )Sy (249)
pasr ( PL ~ 1PR )sx —f

s

According to (2.37), the two y; coordinates are the same, which gives some freedom in the
selection of the middle equation in (2.49).

2.6 Properties of the acquired scene

In this section we will determine the position, size, accuracy and resolution of the acquired
scene. They are determined by the camera model described in section 2.3 (and 2.5), and the
accuracies of the estimated camera parameters (see Chapter 3) and the estimated stereo
image correspondences (see Chapter 4). Because a large number of parameters are involved
in combination with non-linearities due to perspective projections and lens distortions, such
an analysis is very complex and hard to find in literature. In [Tsai87] a bound is derived for
the accuracy of the acquired scene, but it is quite complex and does not provide a quick
insight.

Our analysis provides a reasonably simple indication of the scene properties using our
physical camera models. The position and size of the scene depend directly on the camera
parameters. The resolution of the scene depends on the number of (more or less
independent) corresponding pixel pairs in the stereo image. We assume that the number of
correspondences is equal to the number of pixels in one image, i.e. we have a pixel-dense
correspondence field (see Chapter 4). The accuracy is determined by the noise present in
the estimated parameters and correspondences. The noise in the correspondences is found
experimentally in Chapter 3 when detecting special markers in images (only for fixed
calibration) and determined by the correspondence algorithms in Chapter 4. The amount of
noise in the parameters is found experimentally in Chapter 3 on camera calibration.

In section 2.6.1 we first describe a simple camera model that we use to keep the analysis
comprehensible. Then in section 2.6.2 we determine the position P, size d and resolution Ad
of the scene. That will help us in sections 2.6.3 and 2.6.4 to deal with the 3-D acquisition
accuracy Aa due to errors in the correspondences and the parameters respectively. In section
2.6.4 we will consider the additional aspects when using the more complex general camera
model.

2.6.1 Simple stereo camera model

In order to avoid a very complex analysis, we will use a simple stereo camera model, shown
in Figure 2.16. For the internal parameters, we assume that the lenses have no distortion,
that the CCD chips have no skew and have a size of N x N pixels and are positioned without
any error, that the focal lengths are both equal to f, and that the pixel aspect ratios are 1.
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From the external parameters we consider only the baseline b and convergence angle . The
baseline b and camera-scene distance z are given in meters, while fis given in hpu.

€] (b)

Figure 2.16 A simple camera model for the analysis of the scene properties (top view or xsr, Zsr
plane), a) convergent setup, b) parallel setup.

Figure 2.16a shows the case of large convergence (&= 90°) and Figure 2.16b shows the
case of zero convergence (= 0°). The latter equals the parallel camera setup from section
2.4.9. Clearly, only a limited part of the viewing angles of the parallel cameras overlap to
provide stereo viewing of the scene. This is the price we have to pay for the advantages of
this setup. In Chapter 6 we will see that there are methods to circumvent this drawback.

For the parallel setup, the angle between triangulated light rays is equal to 3, which differs
for each scene point. For the convergent setup, the angle is approximated by « for all scene
points. The viewing angle of the cameras is ¥:

N
tanty = — 2.50
any X, )

For small ¥, we find:

_N 2.51)

f

2.6.2 Position, size and resolution of the scene

We will examine the position P .., size d,, d,, d, and resolution Ad,, Ad,, Ad, of the scene
for the convergent and parallel camera setups separately.
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Convergent cameras
Figure 2.16a shows that the scene is approximately located around the intersection of the
optical axes. For this we find:

) b
Po'sr = 0 z= P (252)
center 2sin la
—Z

The shape of the scene is similar to a kite. To simplify the description of its size, we define
a bounding box around the scene as illustrated in Figure 2.17. For the size of this box we
find after some calculations:

Loy —
boxx =b(l_w] =%b}’ 1

tan o sinycosy &

1 1 (2.53)
box, = b 14— 7~ tany ~ +b
%%y tan’ 1o nzy= }/sin%a

1 1 cos’ T
boxz='é'b 1 - 1 z%by - 21 221 1.2
tang(a—y) tang(a+7) SN Sacos" ;X —3Y

As can be seen in Figure 2.17, the volume of the bounding box is twice the volume of the
scene, due to the fact that the scene is not a square aligned with the xsr , zsr axes. Therefore,
we approximate the scene shape by a box with size:

d, =+\2box,
dy = boxy (2.54)
d,= %«/Ebox .

|
scene b loxz
L ]
Pcﬂnter -
\ /
bo,\ty

Figure 2.17 Scene size and bounding box for convergent camera setup.
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For small y, (2.53) and (2.54) become:

1
d 1
x 2CcoS=
d |- IC?SZQ (2.55)
d” 2sin5 & 1

) V2sint o

Since the CCD chip has a viewing angle ¥ each pixel has a viewing angle of more or less
¥/ N. If a corresponding pixel pair is triangulated, the intersection yields a cube that has a
similar orientation as the entire scene but whose edge length is N times smaller. This is the
resolution of the scene:

1
Ad=—d (2.56)
N

This gives a total number of N° elementary 3-D scene volumes, generally called voxels.
This seems much more than the 2N? (left and right) pixel luminances we started with to
acquire the 3-D scene. We have to keep in mind, however, that only scene surfaces can be
captured by sterco cameras. If 2N pixels yield N corresponding pairs, only N out of the N’
voxels get assigned some scene point (or slightly more due to interpolation), while the other
voxels contain empty space (foreground) or remain undefined (behind scene surface).

For a¢ = 90°, we find that the scene has about the same size in all directions. It is a cube,
oriented at 45° with the x and z axes. Its shape is approximated by a similar cube aligned
with the x and z axes. Its size is:

d=%+\2by (2.57)
And by using (2.51) and (2.56) we obtain:

Ad:%ﬁ%’z% 2? (2.58)

Concerning the last term of (2.58), we point out that if more pixels are added on the same
CCD chip area, then N increases, so the hpu unit will become smaller and f will increase,
producing the expected decrease in Ad.

Parallel cameras
In the parallel case, we see in Figure 2.16b that the position and size of the scene are not
fully restricted. We assume that the scene is a box, centered at:
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0
P, =| 0 z> %‘ = % (2.59)
-2

The depth position z and the depth size d, are free parameters. The scene size d, and d, are
restricted by a function of z:

dx(z)<ﬁ—bz zy~b
f (2.60)

dy(Z)<%zZ?’

For z= bfiN, the d, becomes zero. At this depth, the viewing angles of the two cameras do
not overlap at ali. The relative overlap 0 < #< 1 is a function of depth:

The choice of z, b, yand their effect on overlap and thus the scene size plays an important
role in the design of the PANORAMA multi-viewpoint system, see Chapter 6.

Similar to the converging camera setup, the resolution is determined by the fact that pixels
have a ‘viewing angle’ y/N, which is 1/N of the total viewing angle. Then, when we apply
(2.56) to (2.60), this results in:

Ad. =

X,y

(2.62)

~ |2

The overlap 77 has no influence on the size of the voxels. The Ad, is obtained as follows, by
using f3, the convergence angle between light rays intersecting at depth z on the zgr axis (see
Figure 2.16b). The light rays originate from two points on the left and right CCD at a pixel
distance g from the CCD center, see Figure 2.16b. For 3 we find:

tant f = Zi =% (2.63)
Z

From the two right-hand sides we find:

bf

(2.64)

s (gz
Agq

2g

b
2q2
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For Aq = 1/2, we have a shift of half a pixel in both images, which is seen as one unit of
resolution (similar to a shift of one pixel in only one image). This yields:

2
Z

=—— 2.65
Ad; = (2.65)

And together with (2.62) we find:

Ad, 1
Ad, =_j"'? 1 (2.66)
Ad z/b

Thus, in the parallel setup the resolution drops down linearly with z in the x and y
directions, and quadratic in the z direction. For z = b the resolution is isotropic. Due to the
overlap constraint 77 > 0, the scene can only be present at this position if a wide-angle
(> 60°) camera is used with a focal length f < N.

2.6.3 Scene accuracy due to noise in correspondences

Here we will derive an indication of the accuracy Aa of the acquired scene given noise or
errors in the estimated correspondences. The results will be related to the resolution Ad
found in the previous section. First we will discuss the accuracy of the correspondences
followed by the accuracy of the acquired scene.

Accuracy of correspondences

We assume that for each pixel in one of the images, a corresponding pixel in the other
image can be found with an error in the order of 0.1 to 10 pixels. We assume that the
correspondences are either uncorrelated with neighboring correspondences (neighboring
pixels in the images) or correlated only in a small neighborhood. In such cases, the scene
has its correct global shape but there is some local geometric noise in it.

Figure 2.18 illustrates the errors in the correspondences. In principle, the error can be
modeled to reside fully in one of the pixels in the pair while the position of the other is by
definition correct. To keep our analysis simple we will distribute the error symmetrically
over both pixels, with zero mean and magnitude ,,,. For both pixels we use the continuous
I coordinates from section 2.3 to allow for sub-pixel accuracy correspondences.

The error can be isotropic in the x; and y; image coordinates, as is expected for general
correspondence algorithms that have no preference for a specific direction. The error can
also be constrained to one specific direction, in the case that correspondence estimation is
performed after camera calibration. In that case, from the camera parameters we can derive
the so-called epipolar geometry that determines these directions, see Appendix B.
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left image right image correspondence error

O without epipolar

geometry
correspondences

» +— with epipolar
2 —~ — geometry

Figure 2.18 A corresponding pixel pair with estimation errors or noise.

Scene accuracy without epipolar geometry

If no epipolar geometry is used, the correspondence errors are isotropic. We may think of
these errors as effectively scaling the viewing angles ¥N of the light rays originating from
the corresponding pixel pair by o, in both x; and y, directions. For the accuracy of the
acquired scene we may then write:

Aa=o0,,Ad (2.67)

With epipolar geometry

As shown in Appendix B, in the parallel setup the scan lines are equal to the epipolar lines.
That means that corresponding points share their y;, image coordinate, as was derived
mathematically in section 2.4.9. Incorporating this constraint in the correspondence

estimation algorithm yields ¢ = 0. To provide a simple rule of thumb, we will only

investigate the accuracy around the scene center, located on the zsr axis. For this point, the
epipolar plane coincides with the xz plane and we find:

Aa, Ad,
Aa,|=0,| 0 (268)
Aa, Ad,

In the convergent case, the center scan line is also an epipolar line in both images (see
Appendix B) and (2.68) also applies.

2.6.4 Scene accuracy due to noise in the parameters

We will examine the accuracy of the acquired scene as a function of small errors in the
parameters, using the convergent camera model. First we examine the parameters from the
simple model; baseline b, focal lengths f, their combined effects b and f, and the
convergence angle . For the parameters of the general model (lens distortion, non square
pixels, more rotational angles and different focal lengths for the two cameras), we will
describe the errors by equivalent errors in the correspondence field Gyor.cqu and then use
(2.67), the scene accuracy model for correspondence errors. The errors are dealt with
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separately without taking dependencies into account. Since their mutual effects may cancel
out one another, the calculated errors correspond to worst-case errors. We assume skew,
CCD misorientation and mispositioning to be zero.

Baseline
If the baseline b is estimated with an error Ab, then all acquired scene points are scaled in

the SF frame by a factor 1+Ab/b around Ogr. Thus, this error has a global character with the
following effects:

¢ Global translation of the acquired scene on a line towards or away from Oy
¢ Global scaling
¢ Orientation and shape (all angles) are preserved

In self-calibration methods, b = 1 [bu]. If the acquired scene is interpreted in meters, a
similar scale error appears.

Focal length
If the focal length f of the cameras is estimated with equal error Af, the following can be
seen from Figure 2.16 for the convergent setup:

¢ Position and orientation of the acquired scene remain fixed

e Global scale change by 1-Aflf

¢ Small deformations: when f is overestimated, the kite-like shape of the scene becomes
more square

The Af has an impact on yvia (2.51). Then (2.55) describes the scale change which is linear
with y. The deformations are described by the d, and d, terms of (2.55). For larger 7 (2.53)
yields an additional anisotropic scaling in the zg, direction, which is 1/(1- %2 %) for = 90°.

Baseline and focal lengths
If the errors Ab and Af are combined, they may cancel out one another’s scaling effects:

¢ Scale and orientation remain fixed
e Position may change
e Small deformations: the shape of the scene may change between kite-like and square

Convergence angle
The error Ao in the estimation of the convergence angle has the following effects:

¢ Position of the acquired scene changes in the zgy direction
¢ Orientation remains fixed

¢ Small deformations: the shape of the scene may change between kite-like and square

The translation is described by (2.52) and the deformations by (2.55).
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Lens distortion

If lens distortion is not modeled, the Ks are zero and the errors in the Ks are equal to the
actual Ks themselves. The resulting scene errors can be modeled similarly as in (2.67) due
to errors in correspondence field. The o, has to be replaced by an appropriate Ojs.qis that
represents the lens distortion in pixels, e.g. 5-10 [Tsai87]. Unlike errors in the
correspondence field, the lens distortion errors are distributed non-uniformly over the image
(zero in the center) and highly correlated over the image. The scene will thus be correct in
the center and deformed globally.

If lens distortion is modeled but the Ks are estimated with error AK, then the appropriate
Oiens-ais: Must be scaled with the average of the relative accuracies of the Ks:

1 AK
o =0 =y |— (2.69)
cor—equi lens—dist NK a%J K

In our model, Ny = 4 (K; and K for each camera).

Pixel ratios
For errors As,, and As,r in the pixel aspect ratios s,; and s,z the equivalent
correspondence error is:

As., As,
=%N[ ity ‘“] (2.70)

sy;L sy:R

o

cor—equi

This error holds at the top and bottom scan line of the CCD, where it is maximal. In the
center scan line, the error is zero. For N = 1000, s, = 1 and As, = 0.01, the equivalent
maximum error is 10 pixels.

Two focal lengths

For errors Af;, and Afy in the focal lengths f; and fz, the equivalent correspondence error is:
A A

Ororequi =N [L e ) @.71)
fo o Je

This error holds at the border of the CCD, where it is maximal. In the center, the error is
zero. For N = 1000, f= 1000 and Af = 10, the equivalent maximum error is 10 pixels.

General rotation angles

If the rotations around the optical axes of the cameras, (psLIfL;z

and (pSLFFR;" , have errors of

Ag,, the equivalent correspondence error is:

O,

cor—equi

= NAg, 2.72)
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This error is holds at the border of the CCD, where it is maximal. In the center of the CCD,

the error is zero. For N = 1000, an error of Ag, = 1° already produces maximum errors of
about 17 pixels.

The viewing angles of both cameras around the baseline, ¢, are coupled via (2.3). If

one camera rotates upwards, the other rotates downwards. In a first approximation, this
yields only intersection errors via (2.48) in the triangulation process, but no acquisition
errors via (2.47). The equivalent correspondence error is then approximated by zero:

o,

cor—equi

F

The two angles (pSLF ¥ determine the position of the acquired scene in the xsr and zgr

directions. In the simple model, this was done by ¢, which could only move the scene along
the zgr axis. In the general model, if both angles contain errors, the global position of the
scene will change both in xgr and zg directions, but the orientation and shape will remain
practically the same. This produces an equivalent systematic error in the correspondences,
but the random error can be approximated by zero:

O,

cor—equi

=0Agp, (2.74)

2.7 Conclusions

In this chapter we described a general model for stereo cameras. As a huge amount of
literature on this topic already exists, the main goal was to unify these models in their
notation, their model properties and the ability to estimate their parameters by camera
calibration.

A new notation was introduced, borrowed from tensor notation in physics, which helps to
keep the models comprehensible despite the large number of variables used. We showed the
relations between our model and many other models from literature, aided by the new
notation.

A single, general camera model was designed containing only parameters that correspond to
physical measurable quantities such as lengths and angles. This makes it easier to model the
cameras and to verify the estimated parameters. The same model can be used both for fixed
and self-calibration methods.

Lens distortion has been dealt with in detail; we focused on both modeling and
computational properties. On the one hand, lens distortion plays an important role in
enhancing the quality of the model of any practical camera. On the other hand, we
conjectured that the ‘artifact’ lens distortion might be used to our advantage in self-
calibration approaches. A theoretical proof exists which says that cameras without lens
distortion cannot be calibrated accurately unless the model has 7 or less parameters. With
such a simple camera model, scenes cannot be acquired in a geometrically correct and
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accurate way. However, it is not known whether this proof also holds if lens distortion is
present in the cameras as well as in the camera model. We will be able to test this in the
next chapter with our model that includes lens distortion.

Less complex models were derived from the general model, and compared with similar
models from literature. These include e.g. pinhole models, in which the lenses are assumed
to be ideal, i.e. without distortion. We discussed the parallel camera setup in detail, to be
used in the PANORAMA system in Chapter 6.

Finally, to acquire the scene, we must triangulate corresponding pixels from the left and
right image from the stereo pair (to be estimated in Chapter 4). The triangulation process
accompanying our model was described in detail, as well as the properties of the resulting
scene. These include the position, the size, the accuracy and the resolution of the scene, for
which simple rules of thumb were derived. The results can be used before scene recording
to make proper choices for the camera setup.

The work done in this chapter is meant as a first step towards scene acquisition. The next
chapter deals with stereo camera calibration, which makes use of the camera model defined
in the current chapter. After correspondence estimation in Chapter 4, we will be able to
apply the triangulation process we defined in the current chapter. For the PANORAMA
system design in Chapter 6, we have discussed the parallel camera setup in detail and found
simple guidelines to determine the scene properties.




Chapter 3

Stereo camera calibration

3.1 Introduction

This chapter deals with the calibration of the stereo camera. Figure 3.1 shows its role in the
scene acquisition process.

Specitic
. camera model

Triangulation

Scene Stereo  Images
camera

Acquired
Scene

oL

Figure 3.1 The scene acquisition process. This chapter deals with the camera calibration algorithm
(shown dotted).

In Chapter 2, we designed a general, parameterized camera model. The task of camera
calibration in this chapter is to estimate the values for these parameters. The parameters
describe a single camera model that is specific for the actual cameras.

There are two major kinds of camera calibration. The first is fixed calibration, which
originates from photogrammetry [Brow71, Slam80]. Shortly after, it was introduced in the
computer vision literature, where it is often referred to by the more general term calibration
[Wolt78, Tsai87, Weng92, Wei94] and also by strong calibration [Pede99]. In fixed
calibration we make use of a highly controlled scene before recording and processing the
actual scene. Figure 3.2 outlines the calibration procedure. The controlled scene consists of
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a rigid object with some special markers on it. The geometric and photometric properties of
the markers are known precisely, so they can be located in both images. In this way a
corresponding point pair is found for each of the markers. The general principle of fixed
calibration is to search for those camera parameters for which triangulation of all
corresponding marker-point pairs gives an accurate reconstruction of the calibration object.
In that case, the camera model represents the actual cameras accurately.

Images Stereo camera Calibration object

Model
parameters
specific
camera

Jocalisation

Photometry and Accurate

rough geometry geometry
Figure 3.2 Fixed calibration.

Fixed calibration has two drawbacks. First, it needs user interaction, since a special object
has to be manufactured and recorded. Secondly, the cameras may not undergo any change in
between the recordings of calibration object and actual scene. Each time a change is made
in the camera setup, such as zooming in or out, the calibration has to be repeated.

Many cases exist in which we cannot use fixed calibration: scene acquisition from ancient
stereo photos, from very small or very large scenes for which no calibration object can be
made, in hazardous environments where user interaction is unwanted or impossible, or for
dynamical scenes that require the cameras to undergo changes during recording (zoom,
orientation). In such cases, we must resort to a calibration method that uses only the images
of the actual scene.

Currently, research is focusing on self-calibration [Arms96, Rede98d, Faug92], sometimes
referred to as autocalibration [Ziss98], active calibration [Basu95] or blind calibration
[Pede99]. In self-calibration, the calibration is performed using images of the actual scene.
First corresponding pixels between the left and right image are estimated, see Figure 3.1
(described in Chapter 4). The fact that the light rays of corresponding pixels must intersect,
even if we do not know exactly at which position in space, provides a constraint on the
camera parameters enabling their estimation. This does not require a special object, relieves
the user of any interaction [Poll98, Rede98d] and allows for continuous camera changes
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during recording. In [Pede97a, Pede99] a calibration technique is described that employs a
calibration object with a geometry that is only roughly known, but is refined (re-calibrated)
during the calibration of the cameras. It lies more or less in between the fixed and self-
calibration methods.

The correspondences needed for self-calibration are estimated using some
photometric/geometric model of the scene. These are e.g. the Constant Image Brightness
constraint (scene point emits light uniformly in all directions, see Chapter 4) or the presence
of corners [Pol198], or smooth scene surfaces [Rede98d]. These are very general models for
a very large set of possible (natural) scenes, but still, it contradicts the statement that self-
calibration does not require a priori information about the scene [Arms96, Luon93, Poll98].
In structure-from-motion applications, where scenes are acquired by processing of multiple
images from a single camera, similar prior knowledge of the scene is required [Jeba99].

The scene models in self-calibration encompass all natural scenes. Such general models are
much less informative or accurate compared to the object models used in fixed calibration,
that contain highly detailed scene information. Therefore, it is much harder to obtain the
parameters in self-calibration. First, since we have no reference to the standard meter, the
absolute scale of the scene cannot be obtained. Secondly, it can be proven that if self-
calibration is applied on cameras with ideal lenses, we can measure at most 7 parameters
[Arms96, Csur97, Luon93]. Any stereo camera model that has more parameters results in
incomplete parameter estimation. For successful calibration, we thus need extra constraints
or knowledge [Deve96], such as a known pixel aspect ratio [Pol198].

In this chapter, our contributions to the field of camera calibration are the following. We
will

e derive a marker detection scheme for fixed calibration that is fully automatic and
accurate up to 0.1-0.01 pixel by incorporating curvature effects due to perspective and
lens distortion.

¢ unify fixed and self-calibration methods.
 use the Bayesian probability framework throughout the calibration procedure.

e apply simulated annealing as a general search algorithm in the calibration, which spares
the designer analytic work and provides high flexibility in choosing a camera model.

» show that we can measure more than 7 camera parameters by self-calibration, provided
that lens distortion is present in the cameras and their model.

The majority of the chapter deals with fixed calibration in detail. From that point on, the
step towards self-calibration can be made with minimal effort. Section 3.2 describes the
calibration object for fixed calibration. We will outline the marker extraction procedure
globally in section 3.3, while the details can be found in Appendix D. We validate the
marker detection algorithm by experiments in section 3.4. The parameter estimation
algorithm for fixed calibration is then explained in section 3.5, followed by experiments in
section 3.6. We will derive the self-calibration algorithm in section 3.7, followed by
experiments in section 3.8. Finally, section 3.9 concludes the chapter.
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3.2 Calibration object

The calibration object should contain a number N, of marker points P; that have a very
well-known geometric model and photometric model. A theoretical example of a perfect
calibration object is a transparent box made out of glass, with a large number of small
spheres, uniformly distributed in the box volume with known positions and different colors.
The centers of the spheres are the marker points P;. Then, if the spheres do not occlude one
another, they can easily be detected in the images by color segmentation. The apparent 2-D
center is then an approximation of the real projection of the 3-D sphere center.

The geometric model of the calibration object must be given in some reference frame; we
call it the calibration reference frame CF. The position and orientation of this frame can be
chosen arbitrarily with respect to the object. The geometry of the points is then given by:

P 3.1
In our scheme, the CF frame is not related to the camera system and thus has to be
estimated along with the camera parameters, introducing 6 additional parameters. In many
other schemes, the scene frame SC is chosen to be CF rather than SF. This avoids the
introduction of the 6 extra variables, but the camera model itself then contains 12 external
parameters instead of 6, as in our case (see section 2.3.2).

In order to obtain parameters that yield an accurate acquisition of the actual scene, we must
ensure that the calibration object occupies all 3-D space that will be occupied by the scene
later on [Pede99]. Accurate manufacturing of such possibly large objects is very expensive.
Often a much simpler calibration object is used, such as a planar object. The 3-D scene
space is then filled by recording the plane in a number N, of different positions and
orientations. This yields a compound calibration object With Nyarkers=NviewNpiare-markers Marker
points P; in 3-D space. In [Tsai87] it is found that no specific orientations of the plane are
required for the compound object (a number of coplanar orientations differing only in
position suffices). Each of the views also yields a different CF; frame, and the coordinates
of the points are now only known through:

Pf’crl — 56crl- RUCF — I)io‘c, (32)

y Ocr

The & represents the fact that changing the orientation of the plate in 3-D space does not
change its model in the CF frame. In the last equality in (3.2) it is defined that the oy and
Osr; indices run over {x,y,z} simultaneously.

In the end, we need to know the 3-D positions of all points in the scene frame (SF in our
case). Therefore, we must estimate the position O and orientation V of all CF; frames along
with the camera parameters. This introduces 6N,,,,, parameters in addition to the Neam.mode!
parameters from the stereo camera model. We then have:

P = V;;; P + 0 (3.3)
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Our calibration object is a planar, black object With Npjue.markers = 48 = 8x6 white circular
markers placed on a simple grid, see Figure 3.3. The feature points P; are the centers of the
markers.
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Figure 3.3 The calibration object.

Two versions of the object are available, see Table 3.1. Their CF frames are defined such
that the origin is in the center of all markers. The orientation is chosen such that the z.r axis
is orthogonal to the plane and the x¢r and ycr are aligned with the markers. The marker
index starts at the bottom left and runs from left to right, from bottom to top, ending in the
top right corner. The object is symmetric under 180° rotation.

Global size | center-to-center | marker diameter type Accuracy
Al 10 cm 4 cm professional | xy 10 wm, z 20 um
A4 3cm 1.5cm laser printer | xy 0.2 mm, z better

Table 3.1 Two versions of the calibration object.

The Al plate is a professional plate which has been calibrated by the manufacturer. We
made the A4 plate ourselves by printing the marker pattern with a Hewlett Packard 5SiMX
laser printer. The sheet of paper was put in cheap planar glass frame. We calibrated the
plate manually with an accurate Mitutoyo ruler.

3.3 Marker detection

Our marker detection scheme is fully automatic, extremely robust and very accurate,
outperforming all current schemes in literature. The procedure is done separately for the
multiple views of the calibration object as well as for the left and right images. It involves
seven steps:

o Finding regions that possibly contain a marker.

* Design of a parameterized ellipse model of a single marker inside a region.
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¢ Estimation of the photometric parameters for each region (e.g. SNR).
e Detecting valid regions by a check on the photometric parameters.
e Estimation of the ellipse position within each region.

¢ Relating each ellipse with a marker on the plate by sorting all ellipses globally in the
8x6 grid, additionally discarding the remaining falsely detected regions.

o Estimation of the marker centers P; by incorporating curvature effects due to lens and
perspective distortion.

Figure 3.4 illustrates the steps. The justification for so many steps is that we are faced with a
task that seems quite simple, but in fact incorporates all aspects of camera calibration all at
once. Since the camera parameters are unknown at this moment, the markers may appear in
the images as circles, ellipses (due to slanted views) or even other shapes (due to lens
distortion). From their photometric appearance we only know that there is a substantial
contrast between the markers and the plate. The images may contain noise and may be
slightly defocused (edges of markers less sharp). The scheme must be robust against or
invariant to all these effects. Therefore, in each step we either make mild assumptions about
the effects or try to estimate them along with the markers, without estimating actual camera
parameters as this should be done by the calibration scheme.
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Figure 3.4 The marker detection scheme.

The algorithm contains two new localization refinement methods. After the markers are
roughly found by the center Oy of each region R, a well-known method for finding the
marker center is the ‘center of gravity’ method, which determines the average of the image
coordinates in the region weighted with luminance, here denoted by W,. Our first
improvement uses the fact that the marker shape is (almost) an ellipse: we replace the
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luminance weight by a refined weight W, that is less sensitive to noise. After sorting the
markers, we perform our second new refinement by determining the marker centers while
incorporating curvature effects due to lens and perspective distortions. In [Heik97] it was
first shown that taking into account curvature improves the results. In the next section we
will see that our algorithm outperforms all algorithms currently available.

A detailed description of the algorithm can be found in Appendix D.

3.4 Marker detection experiments

We evaluate the accuracy of the marker detection scheme by producing synthetic images of
a synthetic calibration object. This gives us the ground truth values of the marker positions
in 2-D image coordinates.

The synthetic plate has the properties of the A4 plate from Table 3.1. The adopted camera
model is the general model from Chapter 2 in Table 2.3, of which only one camera will be
used. For several sets of camera parameters and plate positions and orientations, we have
constructed synthetic images by ray tracing. This procedure is described in section 2.5
(about triangulation), except that here the light rays are not triangulated with a ray from a
second camera, but intersected with the synthetic plate. In the ray-tracing procedure, five
additional elements are taken into account:

® For each image pixel, N,..,XN,,., rays are traced distributed over the pixel area, and
their intensities are averaged. This models the different light rays that reach a single
pixel on the CCD chip of a real camera.

¢ The image is linearly filtered by a uniform smoothing filter with size NyuoomXNsmooths
and a 3x3 edge enhance filter [-O.pe 1420400 ~Outge 1 [-Oeage 1428040e ~Ordge 1", This
models slight defocus of the lens and deliberate image enhancement filters in actual
cameras.

e The brightness of the background and plate are not uniform as we added Al = bx; + cy,.
This models specular reflectivity of light on the plate.

o Gaussian noise is added with ;.. This models thermal noise in the CCD and further
signal processing in the camera.

e The luminance is discretized to 0-255, modeling the discretization in cameras that
provide digital images.

The images have CCIR601 size with N, = 720 and N, = 576. Figure 3.5 shows some images
generated. Table 3.2 shows the results of the detection algorithm. The experiments were
performed with the same settings for the marker detection algorithm. The systematic and
random errors are shown, given by
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£y =l Hp |
_ [ 2
gmd - O-x +O.y

where . , i, is the marker error averaged over the 48 markers, and o, , o, the standard
deviation. The results are given for four stages in the algorithm; the region center Og, the
ellipse center measured via W, and via Wy, and the final result of the marker center
with curvature compensation (see Appendix D).

(3.4)

In experiment A we used a perfect pinhole camera model, the calibration plate was exactly
parallel to the CCD, Nuer = 16, Nowoorn = 1, Geage = 0, a = 20 (plate luminance), k = 200
(marker contrast), b = ¢ = 0 and 0, = 0. For each of the other experiments, the differences
with a previous experiment are described. Figure 3.5 shows the images used for experiments
A, B and N.

@ (b)

Figure 3.5 Synthetic images to evaluate the marker detection aigorithm, a) experiment A, b)
experiment B, ¢) experiment N.

From all experiments, we observe in general that:

o The region detection works robust and with a constant accuracy of about 1-2 pixels.

e The conventional Wy, approach provides about 0.1 pixel accuracy.

o The W,y refinement method works about 2 times more accurately than with Wy,

e The curvature algorithm improves the results 10 to 100 times, mostly due to a reduction
of the systematic error.

Further, from experiments C-D we see that discarding the oversampling of the synthetic
images during rendering limits the accuracy of the measured marker positions. The effect is
only noticeable when curvature is taken into account. From experiments B-E and M-N we
observe that making the markers smaller may enhance accuracy. This can be explained by
the fact that curvature effects become quadratically less in size at smaller scales. However,
if the markers’ size is reduced more and more, the number of pixels in the regions will get
smaller and image noise will prohibit any further gain in accuracy. From experiments C-H
we observe that image smoothing has a positive effect on the determination of the ellipse
center, but a negative effect on curvature refinement. This can be explained by the fact that
the Wy, and W,y refinement procedures estimate the luminance center of the marker, of
which the exact position is not affected by smoothing. The curvature refinement suffers
from smoothing, since it assigns a different weight (G) to each pixel. The smoothing then
exchanges luminance among pixels with different weights.
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.. O W, Wi Curvature
Description k fuam ellipse
gsv: grnd gsys grml Exvs gmd Ssys grnd
A Frontal view 1.75 045 0.000 0.057 0.000 0.000 0.000 0.001
Large plate slant
B A with @, = 45° 1.38 045 0.13 0.084 0.12 0.038 0.001 0.007
Normal plate slant
C A with @, = @, = 10° 1.41 0.46 0.080 0.056 0.076 0.005 0.000 0.001
No sampling within pixel
D OB IIPRER 1 141 043 | 0079 0,056 | 0.079 0.006 | 0010 0.055
E B with 50% smaller markers 146 049 0.021 0.096 0.030 0.009 0.000 0.002
Low contrast high noise, 14 dB
F C&a=70.k= 100, Gy = 10 1.41 045 0.088 0.059 0.072 0.029 0.011 0.028
Nonuniform background
G Cwithb=c=1 1.41 0.46 0.080 0.055 0.075 0.005 0.000 0,002
Ima, thi
H Cuh A 137 047 | 0007 0056 | 0076 0.028 | 0024 0.022
Image edge enhancement 045 | 0076 0052 | 0.075 0.020 03 0.019
I} Cwitha=70,k=100, due= | = & 076 0. 075°0. 0.003 0.
1
Effect of pixel ratio and skew 6 046 3 0072 0.12 0.039 0.002 0.007
V| Bwiths,=08ando=5 | 36 0 0.13 0. 120 002 0.0
Effect of lens distortion
K BwithK;=1and Ks =1 1.31 0.51 0.15 0.16 0.15 0.16 0.001 0.030
L K with 50% smaller markers 145 047 0.049 0.086 0.037 0.039 0.001 0.008
All effects, B with
Ks=Ks=1,5,=09, §=1°
M | CCD mispositioning [20.30L | 46 44 | 0076 0.084 | 0077 0.050 | 0.063 0.022
misorientation [5°,4°],
a=70, k=100, Opise =5
N M with 50% smaller markers 145 041 0.025 0.084 0.025 0.029 0.008 0.026

Table 3.2 Results of the marker detection algorithm. Systematic and random errors are shown in
pixels, at four different stages in the algorithm: the region center Og, the ellipse center measured with
conventional Wium and new Waeyipse methods, and the final result of the marker center with curvature
compensation.

For the final accuracy we find:

o The systematic errors are almost zero, compared to the random error.
o The errors are isotropic, i.e. the same in all directions.
e If all experiments are combined, an average error is found of about 0.01 pixel.
e In worst-case situations such as experiment M, the accuracy is still well below 0.1

pixel.
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Figure 3.6 shows a scatter plot of the errors from all experiments. The mean is well below
1073 pixels from the center, and the resultant o, =~ 0.013.
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Figure 3.6 Scatter plot of the final marker errors from all experiments. It shows that the errors are
isotropic and zero mean. The o« estimated from this plot is 0.013.

From subjective inspection of the marker position errors and more unsystematic
experimental evidence, we believe that our results can be improved further. The automatic
adaptation of the A, size with respect to the observed image noise and smoothing may be a
future research area. Further, we observed that most of the errors in the low-noise
experiments were concentrated in the outer ring of markers, in which no 3x3 neighborhood
can be found during the curvature refinement (see Appendix D). Discarding these markers
from a 10x8 grid may improve the results.

Other results from literature provide &, of 0.1 pixel in [Pede97a], 0.1-0.2 pixel in
[Eela99b], 0.02 pixel in [Heik97], where also perspective distortion was included, 0.2 pixel
in [Pede99] and 0.3-0.5 pixels in [Tsai87]. Clearly, our results outperform all of them, even
in the extreme situation as depicted in Figure 3.5c, where small markers are visible in low
contrast images with high noise, considerable lens distortion and specular reflections of the
calibration plate.

3.5 Fixed calibration

In fixed calibration, the parameter estimation algorithm must find an estimate for all
Nam-moder parameters from the cameras as well as the 6N, calibration plate positions and
orientations, yielding N, in total. Figure 3.7 shows the principle of solving this task. The
input of the algorithm consists of the geometrical model of the calibration plate and the
measured 2-D marker positions in the left and right images. The method searches for
parameters that minimize the difference between the reconstructed and the actual calibration
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object in 3-D space. Using a first guess of all parameters, the algorithm positions the
calibration object in SF space via (3.3), and reconstructs a calibration object from the
measured markers by triangulation (Chapter 2). The difference between these two objects is
calculated, e.g. the sum of all lengths of vectors going from a point on the actual object to
the corresponding point on the reconstructed object. Then some search algorithm adjusts the
parameters until the difference is minimized. Such algorithms can be analytical, giving the
final answer in one step, or iterative, giving the answer or an estimate in a number of steps.

Camera
parameters

Plate positions
& orientations

Figure 3.7 Parameter estimation by minimizing 3-D scene differences.

Figure 3.8 shows a method that is similar to the one above apart from the difference
measure. The actual object is not only positioned in SF space, but it is also projected to the
left and right images (see section 2.3). The difference is then calculated between measured
2-D marker positions and reconstructed 2-D marker positions.

Plate positions
& orientations

parameters

Figure 3.8 Parameter estimation by minimizing 2-D marker position errors.

In the next subsections, we will discuss the choice between the 2-D and 3-D methods, the
formulation of the difference measure using the Bayesian probability framework, search
algorithms for the minimization and finally how to evaluate or extract the accuracy of the
estimated parameters.

3.5.1 Difference measure in 2-D or 3-D

We select the 2-D method for the following two reasons. First, we have a well-defined
quantitative model for the differences in 2-D. Assuming that the camera model is
appropriate, the 2-D differences are due to marker detection errors. For these differences,
we have a good probabilistic model; they are modeled independently by a Gaussian, with
#=0 and o, = 0.01, found in section 3.4. In 3-D space, we can determine the difference
between the actual calibration plate model and the plate reconstructed from the measured
markers, but we do not have a quantitative probabilistic model for these differences. In
[Roth97], a similar argument is made in favor of the 2-D method.
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Secondly, the 2-D method can easily be extended to self-calibration schemes. The &, from
the marker error model is then replaced by o, from a correspondence estimation error
model. A 3-D method cannot be applied in self-calibration, since then we have no object
model and cannot determine the difference between the true and reconstructed object.

3.5.2 Formulation in the Bayesian probability framework

The Bayesian probability framework provides an elegant and general formulation tool. It
allows us to formulate the 2-D difference measure and to integrate prior knowledge about
the camera parameters. Only recently, the Bayesian approach has received attention in
camera calibration [Pede99, Rede98d, Rede99b]. In our approach, we model the following
parameters as random variables:

e @: all N,y parameters for the stereo camera and the positions and orientations of the
calibration plates. The values of @ are denoted by ¢, the single parameters by ¢.

e M : the N, measured marker positions in the images. The marker detection
algorithm supplies the values m of M. A single marker position is denoted by

{m" ;m ).

All models that contribute to the relation between @ and M can be incorporated in a single
joint probability density function (pdf) p,, ,, (all parameters are continuous). We then define

the ideal solution ¢y,4p by the Maximum A Posteriori (MAP) criterion:
Prap = AT m;ix Doy ((I)’ m) (3.5)

The conditional pdf can be obtained from the joint pdf, but that is not necessary since m is a
constant in the maximization (3.5):

p¢,M(¢’ m)
py(m)

Oyap = arg mglx =arg m;tx Pou (q), m) (3.6)

The joint model is designed by decomposing it in two parts:

Paoum (¢’ m) =Pue (m, ¢)Pa> (¢) 3.7

The pg, contains all our prior knowledge about the camera parameters, ¢.g. the prior camera
model. The p,, . contains the model that predicts where the marker detection algorithm will

find the markers.
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3.5.3 Prior model for camera parameters and plate positions

If we set p,, to a constant, we get a uniform prior probability for all possible camera and
calibration object setups. With this, we avoid any bias towards a particular setup, which
makes the procedure very generally applicable. However, some prior knowledge that is
generally applicable is the fact that the baseline and focal lengths must be positive. We also
know that the plates are positioned such that they are visible. Further, we always have some
upper bound for parameters that model unwanted effects, such as lens distortion and CCD
mispositioning. Incorporating this knowledge avoids spurtous solutions.

We will introduce the following model for pg,:

P®(¢) = HTG(Mini,maxi,,lli,O'i,¢i) Y

all parameters
i

The parameters are modeled independently by a truncated Gaussian (TG) probability
density function (see Figure 3.9):

(-’
TG(min, max, I, o',x) —Jke 29 min< x < max (3.9)
0 else

min

Figure 3.9 The truncated Gaussian TG.

The TG contains a minimum min, maximum max, mean 4 and standard deviation o. The £ is
a normalization constant. The TG enables the features shown in Table 3.3.

Table 3.4 shows the prior model for the general stereo camera model of Table 2.3 and all
plate positions and orientations. Less complex models from section 2.4 can easily be
implemented by setting the appropriate oto zero.
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o min max Parameter

oo -00 0o no prior model and completely unbiased

0 - - fixed to 4, is effectively eliminated from the model
o -e0 oo Gaussian with g and o

o0 min max Uniform between min and max

Table 3.3 The truncated Gaussian TG.

Parameters min | max U o explanation
b 0 oo 1 oo baseline is always positive
QLI 90° | 90° 0 .~ viewing zones of camera
must intersect
LFLyy  LFR.y 90° 90° 0 oo viewing zones of camera
Poe P must intersect
LFLiz  LFRz camera rotation around
’ ’ -180° | 180° 0 oo
Psr " Psr the lens optical axis is free
O Of 0 oo 1000 eo | focal lengths are always positive
O oriR -c0 oo 0 1 CCD mispositioning is small
O Opger -c0 oo 0 1 CCD misorientation is small
K;.1 K51 Ks.2 Ks.» -00 oo 0 0.1 Lens distortion is small
Syl Syr 0 oo 1 0.1 Pixel aspect ratio is about 1
6 6 -00 oo 0 0.1 CCD skew is small
. _°° *® 0 1 Plate position in view j,
Ocr, —eo oo 0 1 must be on the scene side
—o| | O] | [-1 1 2sr <0
Feo - X 0 * Plate orientation in view j,
P -9 QO 0 oo mean is frontal view,
—18F 180° 0 co must be visible gives min/max/o

Table 3.4 Prior model for the general stereo camera model and plate positions. Discarding of a
parameter is easily done by setting its o= 0.

3.5.4 Predicting where the markers will be found

The p,,contains the model that predicts where the marker detection algorithm will find

the markers. It consists of two parts. First, since @ appears as prior knowledge in the p
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subscript, we accept ¢ as the true camera and plate position parameters. Then we project the
markers on the images according to section 2.3. The projections are the predicted marker
positions m,,. These are deterministically determined given ¢. In the second step, we
model that the marker algorithm finds the markers on the predicted positions detoriated by
Gaussian noise with ¢ =0 and 6. We then obtain:

(mfx Mpred i (¢))2 +(”‘iy “Mpredii (¢))2

1 p
PM@( ’¢)= H e 29m (3.10)

2
i 27[o-mrk
all markers
in all views,
left & right

camera

3.5.5 Search algorithms for parameter estimation

The task of the search algorithm is to calculate (3.6), that is, the maximization of (3.7),
consisting of (3.8) and (3.10). First, a practical challenge is the order of the probabilities.
Since the dimensionality of the parameter space is in the order of 30, the values of the pdfs
in such a large space are extremely small. If we have ¢y, p available except for one camera
angle that is off-set by just 1°, the predicted markers m,,., in the image may shift by e.g. 5
pixels, which is about 5000;,,. For two views of the calibration plate, 96 markers are off-set

by 5000, The p,,, will then be in the order of 107" . Such small numbers can be
avoided by using energy U = -In p , which gives with (3.5)-(3.7):

¢MAP — arg n,gn Ud)‘M (¢’ m) = arg n‘%n UM|¢(¢’ m) + Uq) (¢) (31 1)
For U e We find
(e —m (@) +(m =, (o))
U ,0)= 2 M = Mpreas (¢)) + (m" M predi (3.12)
Mid (m ¢) | Zl, In2zo,,, + 20 ,i,k
v,
And for U :
(¢i - :”i)z .
Uslo)= —ln“——z“z_ min; < ¢, < max, (3.13)
all par:;mclcrs o else

In our implementation, we will use some arbitrary large number N, to represent . If we
combine (3.11), (3.12) and (3.13) and discard constants, we obtain:
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) 1 2 2
Puap =218 m¢1n 2 Z (mzx ' m;lred i (¢ )) + (miyl - m;:ed J (¢))
mk allmzlxrkers

in all views (3 1 4)
(¢i —H; )2

+ Y P

i

min, < @, < max,

all parameters
! inf

else

Many approaches are available for minimizations. Analytic formulations have been derived
for camera calibration, e.g. [Boug98, Brow71, Faug92, Roth97, Truc98]. Their advantage is
that the exact solution is found very fast, but they have many drawbacks. The analysis is
generally quite complex and only in rare cases, non-linearities due to lens distortion are
included [Tsai87]. Further, the method is not flexible in the sense that changing the camera
model (e.g. discarding a parameter) may take quite some work. Also, they assume that there
is only one single solution. If there are many (e.g. in case of a degenerate situation such as
an orthographic camera), the approach may break down due to singularities.

Iterative approaches are also widely available. Their task is to wander around in the ¢
parameter space, interpreting (3.14) as just some function to minimize. In general, the exact
solution is never reached, but a very good approximation can be obtained. Since little or no
knowledge of the application domain (camera calibration) has to be put in the search
algorithm, these methods save the designer much analytical work, enabling the introduction
of e.g. lens distortion. If multiple best solutions exist, no singularities are encountered but
an arbitrary choice is made among the best solutions.

The most well-known algorithm is gradient descent [Pres92], which walks along the
gradient of U, hopefully towards the global minimum. In camera calibration, the Levenberg-
Marquard (LM) method is popular [Arms96, Heik97, Stei97a], as it incorporates additional
features to accelerate convergence [Pres92]. A disadvantage of these methods is that they
require derivatives of U, which means considerable analytical work for the designer. If the
camera model is changed, the work has to be done again. Further, these methods require a
good inital guess of @yap to avoid local minima and provide convergence to @yup - The
initial guess is mostly found by first applying an analytical method using a simplified
camera model, e.g. without lens distortion {Heik97, Weng92, Zhan93]. In the area of
Structure from Motion (SfM), where N cameras are calibrated one after another, (Extended)
Kalman filters have been applied [Jeba99].

3.5.6 Our simulated annealing (SA) approach

We will use the stochastic search algorithm simulated annealing (SA) [Gema84, Pres92,
Rede98d] to find the camera parameters ¢yp. Its drawback is that it is computationally
expensive, but it has several advantages. First, the method does not use any derivatives;
only function evaluations of (3.14). Hence, no analytical work has to be done. This makes
the approach very flexible, since the camera model can be changed very easily. In addition,
SA algorithms start by looking in the parameter space globally, therefore we expect that it
needs no initial guess.
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The basic idea of SA is the following (see Figure 3.10). Based on a current estimate of the
solution ¢, a different candidate solution ¢,,, is obtained by adding a random (vector)
perturbation to ¢. Then, if U ,, 4 is lower for the new solution (AU < 0), the new solution is

accepted and will replace the current one. If U is higher (AU > 0), the new solution is
accepted with some low probability. The fact that now and then worse solutions are
accepted enables the SA algorithm to escape from local minima. The acceptance probability
is regulated by a so-called temperature 7. The idea is to start the algorithm with a high
initial temperature 7. Then almost all perturbations are accepted, which allows the
algorithm to wander in the solution space globally, without being dependend on a good
initial solution ¢. Then via some cooling schedule, the temperature is slowly lowered and
the algorithm converges only to better solutions.

perturbation Temperature T e - - - = = 29%°

Ag

Parameters ¢ Calculate U

to accept Ag

Figure 3.10 Our simulated annealing search algorithm.
Three parts have to be designed for the SA algorithm:

e Acceptance probability of worse solutions
e Random perturbation generator
e Temperature cooling schedule

For the acceptance probability we use

AU

Ko T

=e (3.15)

p aceept

where k. plays a similar role as (but differs in value from) the Boltzmann constant from
physics. This acceptance rule is generally used in almost all SA algorithms [Gema84]. For
the random perturbation generator we a use a basic Gaussian random generator with three
specific additional features. First, we use a Gaussian with zero mean and parameter specific
variance given by:

o, =k

o = ko TA, (3.16)

noise
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The perturbations are regulated by temperature 7, a scaling constant k., and parameter
specific constants A;, which represent the characteristic scale of each parameter, see Table
3.5. Whenever the prior o of a parameter is zero, the corresponding perturbation scale
parameter is set to zero.

Parameters A Parameters A
b 1 Ot Opix 100

Ps " 10° Of Ops 0.1
P P 10° Oir” Pir” 0.1°
¢sLﬁI‘?L;Z ¢51fo 10° SyL Syr 1
ngs; 1 Ks1 K51 Ks.p Ks:r 0.1
@5’ 10° 6 6 0.1°

Table 3.5 Parameter specific random perturbations.

Secondly, each parameter is only perturbed with a probability of 0.2. This enables the
algorithm to continue when any of the scale sizes in Table 3.5 are (temporally) not
appropriate. The third and final specific feature of the random generator is the generation of
the average of all perturbations that provide better solutions:

AP = 099A¢™ +0.01A¢""" G.17)

After a while, the A¢™® will point more or less in the direction of the gradient towards
better solutions. In each iteration, we randomly select either the Gaussian perturbation
(3.16) or a perturbation that is a multiple of A¢™:

Ap = rAp™ (3.18)

The r is a random number uniformly distributed between 0 and 2.2. Whenever A¢™ points
in the right direction, the perturbation given by (3.18) produces better solutions, and thus
the perturbation is fed back in (3.17). Since the average of r is slightly above 1, the scheme
may show exponential convergence, severely increasing the speed of the SA algorithm.
Whenever A¢™* points in the wrong direction or has the wrong scale, the scheme reduces to
the normal Gaussian perturbations (3.16) until A¢"™ again points in some right direction.

All the specific values mentioned above. were determined experimentally on a heuristic
basis.

In [Gema84], a temperature cooling schedule is derived for which the SA algorithm always
yields the global minimum, or MAP solution. This schedule takes an infinite amount of
time. For practical applications, we always have to cool faster. For this, no general rules are
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available. We will use an exponential scheme such as used in [Stil97], in which the
temperature is lowered each step by:

AT =-k,,,T (3.19)

loss

When the algorithm is working, now and then specific values for T are reached that result in
random perturbations (3.16) of such a scale that many of them lead to a decrease in U. At
these events, we do not want to lower the temperature, since we might miss the opportunity
to lower U further. For this reason, we incorporated a feature that tries to keep the
temperature constant at such events. It does this by giving a counter effect to the cooling
(3.19), shown by the dotted line in Figure 3.10:

AT =—k7' AU (3.20)

mass

Whenever the solution is losing energy rapidly with a constant pace (AU << 0), the
temperature will remain fairly constant around an equilibrium given by (3.19) and (3.20).

The algorithm must be started with some initial temperature 7, and solution ¢ and ends
when a minimum temperature T, is reached. For ¢ we take the mean value from the prior
model in Table 3.4. Since T is always used together with scale factors ki, knoiser Kioss and
Kiass» we can choose Ty = 1 without loss of generality. The five remaining parameters are
selected heuristically in the experimental section.

3.5.7 Evaluation of the search algorithm

Once the algorithm has stopped, we can verify if it has converged correctly. Using our prior
knowledge about the marker detection algorithm we find the following expectation:

4N,

-N
E [(m[x ' m;Ired;i (¢ ))2 ]= E [(miyj - m;;;cd;i (¢ ))2 ]Z mzl}i; — O-jlrk (3.21)

markers

The scale factor accounts for the fact that the estimated parameters will partly model the
marker detection errors. The factor 4 originates from the fact that each point or marker is
projected to both left and right images (factor 2) and produces an x and an y coordinate
(factor 2). We now construct:

A2 i 4N _NParams ?H’%‘Sr:nil _mpred;i (¢))2 +(mi‘ _m))Jred;i (¢))2 (322)

in both images

markers

The A represents the total amount of marker position errors that are attributed to the marker
detection algorithm, i.e. that could not be explained by the estimated specific camera model.
We expect that A will be about g;,,;. If this is more or less the case, we assume that
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e the search algorithm has converged
e the marker detection algorithm works as expected
e the general camera model is appropriate

When A is too large, one of the above is not true. Additionally, this may be caused by a
difference between the actual calibration object and its model. In [Pede99], this effect is
actually used to refine the object model. When A is smaller, we assume that the marker
detection algorithm works better than expected.

3.6 Fixed calibration experiments

We performed experiments with both synthetic and real images containing calibration
objects. The results are evaluated with the following methods:

e Comparison of the remaining marker errors A with 6, (2-D domain).
e Comparison of the model and reconstruction of the calibration object (3-D domain).
e Comparison of the estimated parameters with a ground truth (synthetic images only).

For the 3-D comparison we used both the single plate and the compound object from the
Nyiew views of the plate. First, all markers in all views are reconstructed in 3-D space to yield
the compound object. This is done by triangulating the marker positions in the left and the
right image like a pair of corresponding points. The reconstructed object is then compared
with the true compound object by calculating the differences in position, orientation and
scale, and finally the remaining deformations. To reconstruct the plate model and compare
it with the true model, the reconstructed compound object is split into the N, parts. From
each point (marker) the coordinates in its own CF frame are calculated. Then these
coordinates are averaged over all views, which yields the reconstructed plate model. These
errors are expressed in deformations in x, y and z directions.

3.6.1 Synthetic calibration object and images

We used a convergent camera setup with convergence angle a = 90°, see Figure 3.11. First
the simple camera model from Chapter 2, section 2.6 is used and then the general model
from section 2.4, Table 2.3. The images have CCIR601 size N, = 720 and N, = 576. The
calibration object consists of N,,, = 3-4 views of the synthetic version of the A4 calibration
plate. This plate is about 25 cm wide. To be sure that the compound object fits in the scene
space, we set d to 35 cm in (2.57) and find by= 0.5. We set the focal length f arbitrarily to
1000, and then find with (2.51) that y= 0.6. Thus, we select the baseline to be 80 cm.

The scene is then positioned 40 cm behind the cameras, according to (2.52). Via (2.56) we
find that the scene resolution is about 0.7 mm. If the markers are estimated with 0.01 pixel
accuracy, the triangulated scene points (marker centers) have a 3-D accuracy of 7 um
according to (2.67). This number is in general well below the 3-D accuracy of any
geometrical model of practical calibration plates.
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3 views of plate

4 views of plate

K

Figure 3.11 Setup for the stereo camera setup and the calibration object.

Table 3.6 shows the results of the fixed calibrations for the 3-view plate setup. As input for
the fixed calibration scheme we used the known exact markers, the measured markers and
markers of which the position contained deliberately noise of 1 pixel. For the exact markers
we used G, = 0.001 to avoid infinity in (3.14). For the measured markers we used the
G = 0.01 found in section 3.4 (for this particular set of images we found @, = 0.003).
The prior camera model is a pinhole model without CCD mispositioning/misorientation,
skew or lens distortion. It contains the parameters shown in Table 3.6. The settings for the
SA algorithm are shown in Table 3.7. The low value of &, effectively inhibits any
acceptance of worse solutions, i.e. only perturbations to better solutions are allowed. The
SA algorithm showed the fastest convergence if the value of k,,, had been selected
inversely proportional to 0',2,";( . The computational load of the algorithm was between 1 to

20 minutes on an SGI octane computer.

From Table 3.6 we observe the following. In the experiment with the measured markers, the
parameters are estimated very accurately. The errors in the plate reconstruction are in the
order of the expected accuracy of 7 pm. The errors in the compound object are an order of
magnitude larger. This is due to the errors in the estimated plate positions and orientations,
which influence the reconstruction of the compound object. For the noised markers, the
results are similar. The reconstruction accuracies for the plate and compound object are now
only determined by the 1-pixel accuracy of the markers.

The experiment with the exact markers shows an example of how calibration with a
compound object can go wrong catastrophically. The parameters are far off the true values,
and the compound object is reconstructed with errors in the order of 2 ¢cm. The plate
reconstruction, however, is accurate up to 1 pm, and the marker positions are explained up
to 0.001 pixel by the (false) parameters obtained. In a fixed calibration experiment with real
objects and images, only the latter two quantities can be measured, and the very large error
in the compound object remains unobservable,
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Estimated Estimated .
. . Estimated
with exact with . .
with noised
Parameters True markers measured
markers
O =0 markers o =1
(=0.001) Gy = 0.01 mrk =
baseline b 0.8 0.800 0.801 0.809
x-rotation g 0° 0.00° 0.00° -0.06°
convergence @’ Qe | 450 45° | 5620 33.8° | 45.0° 45.0° | -44.8° 452°
zrotation @ QiR 0° 0° | -000° 000° | 000° 000° [ 0.15° 0.03°
focal lengths Ojzt Ofix 1000 1000 | 1492 670 1002 1000 1004 1017
pixel ratio Syl SyR 1 1 1.270  0.999 1.000 0999 | 0994 1.002
Plate 0 position Og;F 0 0-03 | .114 .000 -278 | .000 .000 -.301 [ -.002 .000 -.305
0
Plate 0 orientation gogﬁo“’ 0° 0°0° | .00° .00° .00°| .00° .00° .00°| .02° -06° .01°
Plate 1 position og 0 0 -04| .152 .000 -370| .000 .000 -.401 | -.002 .000 -.405
1
Plate 1 orientation ~ @3r' | 0° 0° 0° | .00° .00° .00° | .00° .00° .00° | .01° -01° .02°
1
Plate 2 position Og;z 0 0 -05] .190 .000 -463| .001 .000 -.501 | -.003 .000 -.505
Plate 2 orientation @7, | 0° 0° 0°| .00° .00° .00°| .00° .00° .00°| -24° -.18° 07T°
SA alg. marker errors A 0 0.0010 0.0152 1.015
Compound Position 0 0 0] .152 .000 .030( .000 .000 .001 | .00 .00 .00
reconstruction Orientation 0° 0° 0°| .00°-13.1° .00°| .00° -.04° .00° | -.00° .16°.04°
Scale 1 1.015 1.000 1.001
Deform 0 2 cm 62 pm 1 mm
Plate reconstruction 0, 0,0, | 0 0 0| 1 00 (um) | 6 6 8 (um) | .5 4 .6 (mm)

Table 3.6 Fixed calibration results with synthetic images and distortion-free cameras.

SA parameter value
T in 10°
Kot 10°
knoise 1 0-3
Kioss 10”*
Kpass 10% t0 107

Table 3.7 Parameters for the SA algorithm with fixed calibration.
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We repeated the three experiments several times and found that in all three cases, now and
then the algorithm converges to a false solution. We also performed the experiments with
the 4-view setup shown in Figure 3.11. This always yielded the right solution with similar
accuracy as in Table 3.6. To be sure that this was no coincidence, we also performed
several experiments where we forced one of the focal lengths to some wrong value. If the 3-
plate setup was used, a solution could always be found with very low A. Thus, with false
parameters (by definition in this experiment) the measured marker positions can be
explained fully. The reliability of the parameters found can thus not be guaranteed nor
evaluated by A, which is the only option when using real images. With the 4-plate setup, the
value for A remained several orders higher than o,,,, indicating that it was no longer
possible to estimate the parameters reliably. This is to be expected from a reliable
algorithm, since one parameter was fixed to a wrong value. Thus, our fixed calibration
scheme with the 4-plate setup yields reliable results whenever possible. Via A, this can be
reliably verified.

We found that the prior model influences the results only due to the minima and maxima on
the parameters. The ¢ and o of the Gaussian part in the TG function has little effect. In the
experiments in this section, the prior & and the actual value of both focal length, pixel ratios
and some angles are identical, which may seem to bias the results towards the right solution.
However, during the run of the SA algorithm, many other focal lengths are encountered
before converging to the right values. We repeated the experiments with different values for
the prior mode! and it did not change the final results.

Table 3.8 shows experiments with a similar camera setup, but with the general camera
model including lens distortion, CCD mispositioning, misorientation and skew. The four-
plate setup was used. The columns give the true parameters, the parameters estimated with
the measured markers using the general prior camera model from Table 3.4, and finally, the
parameters estimated with the measured markers and a pinhole prior model.

We repeated these experiments extensively, but in none of them the algorithm converged
completely to A = 0,4 after run times in the order of 30 minutes and more. Thus, the SA
algorithm still limits the accuracy of the parameters in these experiments. However, the
results show that all parameters for the undesired camera properties (lens distortion, CCD
misposition and misorientation) can be measured. The accuracy varies widely from a few
percent to only correctness of the sign. The experiment with the pinhole model gives an A of
about 2.7, showing that the pinhole model cannot explain the observed markers well for
cameras with distortions. The final reconstruction errors are an order of magnitude larger
than those obtained using the general camera model.
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Estimated with

Same, but with

Parameters True measured pinhole prior
markers o, = camera model
0.01
baseline b 0.8 802 803
x-rotation Pt 1° 0.608° 0.67°
convergence Qs QLY 450 45° -44.3° 44.6° -45.93° 49.97°
zrotation Qg P 5° 5° 477°  5.25° 4.60° 4.90°
focal lengths O Ojfex 800 900 802 900 813 884
pixel ratio Sy SyR 1.1 09 1.088 0.895 1.160 0.958
Lens distortion K3, Ks.x 1 -1 1.04 -1.04 0 0
K51 Ksxg 0.5 -05 041 -0.39 0 0
CCDskew 6, 6 0.1° -02° 0.06° -0.15° 00
mispositioning Opgft Opyt* 10 10 5 -5 | 2.8 03 41 -40 0000
misorientation @} @I | 4°.5° 5° 4° | -1.7°.7.5°5.0°4.9° 0° 0° 0° 0°
Plate O position o5 0 0-03 002 .001 -305 | -.018 -.002 -269
Plate 0 orientation % 0° 0° 0° | .023°-.05°-03° -1.41° .15° -.06°
Plate 1 position o 0 0 -04 | .002 .002-406 | -022 -001 -359
Plate 1 orientation @77 0° 20° 0° | .22°20.06°.10° | .015°20.30°-.04°
Plate 2 position o 0 04 | .002 .002 -406 | -021 -.001 -.359
Plate 2 orientation @7 0° -20° 0° | .23°-20.36°-.06° | .40°-15.81°-.09°
Plate 3 position o5 0 0.5 | .002 .002 -507 | -025 -.002 -.449
Plate 3 orientation (pg;;" 0° 0° 0° .17°-.12° .06° 2.09° -.28° -.07°
SA alg. marker errors A 0.099 2.747
Compound Position 0 0 | .002 .002-006 [ -0215 -.001 .042
reconstruction  Orientation 0° 0° 0° 2230 -.158° .014° 120 1.53° -.01°
Scale 1.004 0.9635
Deform 0.63 mm 6.7 mm
Plate reconstruction &, 6, 0, 0 0 65 46 39 (um) 2.1 1.4 0.7 (mm)

Table 3.8 Fixed calibration results with synthetic images and the general camera model.
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3.6.2 Real calibration object and images

For this experiment we used two semi-professional 3-CCD Panasonic WV-E550E cameras,
equipped with Fujinon TV Zoom lenses. Their analog outputs were digitized to CCIR601
format with 720x576 pixels. Two setups were used; a slightly converging, almost parallel
setup with wide-angle view (zoomed out) using the Al calibration plate, and a more
convergent setup with the A4 plate, similar to the setup used in the experiment with the
synthetic data. In both cases, the 4-view compound object was used. The general camera
model was used without skew and CCD misorientation as discussed in section 2.4, but
including CCD mispositioning and lens distortion.

Slightly converging setup More convergent setup
Parameters Al plate A4 plate
baseline b 440 349
x-rotation QLM -0.07° -0.104°
convergence Qo QarR -7.37° 47° -16.08°  15.83°
z-rotation it IR 0.11°  0.22° -0.773°  0.636°
focal lengths Ot O 935 936 973 972
pixel ratio s, Sy 0918 0917 09124 09118
Lens distortion K;; Kz -0.208 -0.191 -0.171 -0.183
Ks; Ksg 0.348 0.270 0.584 0.362
mispositioning O 0.748 0.393 -5.682 -0.678
O " 0.295 0.753 -1.615 -1.011
Plate 0-1 z position OcZ“SFFo.] -1.349 -1.581 -0.667 -0.770
Plate 2-3 z position OC‘F’N -1.603 -1.948 -0.812 -0.951
SA alg. marker errors A 0.0765 0.0865
Plate reconstruction o, o, G, 34 mm .21 mm .68 mm 88 um 61 pum 115 pum

Table 3.9 Fixed calibration results with real cameras.

Table 3.9 shows representative results from several runs of the SA algorithm. From the
plates only the z positions are shown. To assess the results, we included the following
ground truth data. The baseline and plate positions were roughly measured manually. The
accuracy of these measurements is limited, since our cameras have multiple lenses which
causes the effective lens center to lie somewhere inside the camera housing. Further, the two
cameras are of the same type. We expect that the pixel aspect ratios and the lens distortion
parameters are the same for both cameras and both experiments. Finally, the zoom lenses
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were completely zoomed out in both experiments. We expect all four measured focal
lengths to be approximately the same.

The parameters in the Al experiment were in agreement with the measurements we carried
out manually (up to a few cm). In the A4 experiment, the baseline was in agreement, but the
z positions of the plate were about 10 cm further from the cameras than expected. We
observe in both experiments that A is slightly below 0.1 pixel, from which we conclude that
our marker detection scheme is at least accurate to 0.1 pixel for real images. Our
expectations concerning the pixel aspect ratios, focal lengths and lens distortion parameter
K are more or less satisfied.

Since we used real images, no ground truth data was available for the compound scene
reconstruction. The plate reconstruction could be compared with the plate model. To
evaluate these results in Table 3.9, we first calculate the expected size and accuracy of the
reconstructed scene. We approximate the two setups by the simple setup from section 2.6.1.
For the convergence angle o we use the difference between the two ¢, angles and find o, =
12° and oy =~ 32°. Then via (2.55) we find for the dimensions of the Al scene about
1x1.5x10 m and for the A4 scene about 0.3x0.45x1 m. Filling in 0.1 (the observed marker
detection error A) for g,,, in (2.67), and N = 650 (the average number of pixels in horizontal
and vertical direction) in (2.56), we find for the expected reconstruction accuracies for the
Al experiment 0.15x0.23x1.5 mm and for the A4 experiment 46x70x150 pm. These
numbers have the same order of magnitude as the values obtained by reconstruction of the
Al and A4 plate. In both cases, the relative reconstruction accuracy is about 10 to 10",

3.6.3 Discussion

Due to the wide variety in notation and types of assessment, it is usually quite hard to
compare results in fixed calibration. We will compare our results with the classic result in
[Tsai87] and the more recent results in [Wei94]. In [Tsai87] a planar calibration object of
2x1.5 inch is reconstructed up to about 1 mil = 0.001 inch. This yields a relative accuracy of
about 107, Our results are slightly better, which can be explained completely by the marker
detection algorithm (0.3 to 0.5 pixel in [Tsai87] and < 0.1 pixel for our algorithm). In
[Tsai87] it is found that a number of coplanar views of the calibration plate provides good
results, while in our experiments we needed non-coplanar views. We have no theoretical
explanation for this difference, but Table 3.6 provides an experimental proof that coplanar
views are not always sufficient. In [Wei94] pixel accuracies of A = 0.25 pixel are reported,
similar to our results. The absolute reconstruction errors for the calibration plate were in the
order of 0.3 mm, however, without any reference to the size of the plate.

Summarizing all our experiments, we find:

¢ The accuracy of our marker detection scheme is better than 0.1 pixel for real images
from real cameras.

¢ Fixed calibration can result in accurate camera parameters and subsequently, accurate
acquisition of scenes. In our experiments with real-image data, our calibration plates




Section 3.6 Fixed calibration experiments 81

were reconstructed with relative accuracies of about 10, comparable to other results in
literature.

* The results have been obtained using the marker detection algorithm with an accuracy
better than 0.1 pixel. For natural scene reconstructions, it can be assumed that the
correspondences found in image pairs have an accuracy > 0.1 pixel. Then the scene
reconstruction accuracy is limited by the accuracies of the correspondences, and not by
camera calibration.

* Fixed calibration may lead to unreliable results, if a volumetric calibration object is
composed by multiple views of a single, flat calibration plate. This effect can only be
observed if accurate ground truth data of the plate positions and orientations is
available, which is the case in our experiments with synthetic data. We found that the 3-
plate and 4-plate setup depicted in Figure 3.11 provide unreliable and reliable results,
respectively.

As fixed calibration is a mature area of research, it is not surprising that our calibration and
plate reconstruction results compare but not outperform other results from literature.
However, our algorithms are based on the Bayesian formulation with simulated annealing,
which provides high flexibility in modeling the cameras (the prior model can be changed in
an easy way), and most importantly, it makes the step towards the far less mature area of
self-calibration very small.

3.7 Self-calibration

In self-calibration, the actual scene itself is used as calibration object instead of a special
object. Figure 3.12 illustrates the principle of self-calibration, using a simple cube as scene.
The calibration algorithm does not rely on the specific shape of the scene. First,
corresponding pixels between the left and right image of the scene are estimated, which is
discussed in Chapter 4 of this thesis for images of general scenes. The fact that the light rays
of corresponding pixels must intersect, even if we do not know exactly at which position in
space, provides a constraint on the camera parameters enabling their estimation. This

corresponds to minimizing the intersection error ’VP -
SL SR

‘ for all triangulated

correspondences (see section 2.5).

All self-calibration approaches cannot recover the absolute scale of the scene, since no
reference object is present (as in fixed calibration ) that has units in meters. Only in special
cases absolute scale can be recovered, e.g. by using special stereo cameras [Zane96] and a
combination of fixed and self-calibration [Rede99d].

When lens distortion is not modeled (or not present), it can be proven that at most 7 camera
parameters can be measured using self-calibration [Arms96, Csur97, Luon93]. Any camera
model with more parameters results in uncomplete parameter estimation and thus can never
provide geometrically correct scene reconstructions. In the worst case a projective
reconstruction is the best we can obtain [Csur97], which yields distortions of both lengths
and angles.
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Figure 3.12 Self calibration principle. Each corresponding pixel pair Pe, Ppp is triangulated to yield
scene point Ps. For each such pair, the two light rays must intersect, which provides a constraint on the
camera parameters enabling their estimation. Instead of actually minimizing the intersection error Vin
3-D space, our algorithm projects Ps back to the images and calculates a similar error in the images.

For successful calibration in our application, we thus either need additional constraints or
more information. Examples of extra constraints are fixing the CCD skew to zero and the
pixel aspect ratio to 1 [Arms96, Boug98, Poll98]. More information is often obtained by
taking more than two images into account, e.g. three images from a trinocular camera
[Faug97, Fitz98], more than 3 images from a single camera [Jeba99] or two or more image
pairs from a stereo camera [Deve96, Faug92, Luon93, Zhan93, Ziss95]. Unfortunately for
this approach both the scene and the camera parameters must be static during the
recordings.

The 7-parameter proof is derived under the assumption of ideal lenses without distortion.
Any approach that first compensates for lens distortion and then performs self-calibration is
able to measure all the distortion parameters plus the 7 aforementioned parameters. We will
include lens distortion as an integral part of the self-calibration algorithm and show that this
enables the measurement of additional camera parameters. In [Rede98d, Rede99b] our first
results with this approach failed, due to an error in the implementation of the rotation
matrices (A.12).

We will now discuss the choice of what to minimize (2-D or 3-D errors as in the fixed
calibration case), the implementation in the Bayesian framework, the models used for the
cameras and the correspondences, and the search algorithm. In all steps we will make full
use of all results found for the fixed calibration scheme.
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3.7.1 Minimize 2-D or 3-D measure

In section 3.5.1 we argued that both in fixed and self-calibration schemes it is wise to
minimize errors in 2-D rather than 3-D errors. Figure 3.12 shows how we interpret the
triangulation error in 2-D. First we triangulate the corresponding points Pp; and Ppg to
construct the point Ps. During the self-calibration we project the point Pg back to the left
and right and left images to obtain Ppy from s and Ppg from s» Tespectively. The difference
between Pp, and Ppy trom s (and the difference between Ppg and Ppg fron ) is interpreted as an
error from the correspondence estimator. For this error we have used a Gaussian
probabilistic model with ¢ = 0 and o,,, due to the correspondence estimator.

Intuitively, an option for a difference measure in 3-D space is to minimize the triangulation

intersection error 'V

b P ‘ However, in this case the algorithm will have a bias towards
SL SR

small scene and will not pay attention to shape. If this is taken into account by making the
measure invariant to scale, the method will start to resemble the 2-D method.

3.7.2 Bayesian formulation

In the self-calibration scheme we model the following parameters as random variables:

e @: all Noupmmoder parameters for the stereo camera model. The values of @ are denoted
by ¢. The single parameters are ¢,.

e C: all N, estimated correspondences in the images. Correspondence estimators as
discussed in the next chapter supply the values ¢ of C. A single correspondence is
denoted by ¢; = { P, , Py }.

PRii

Similar to the results found for the fixed calibration scheme in section 3.5.2, we obtain for
the MAP solution:

Puap = Arg mfx pcm:(ca ¢)P<p(¢) (3.23)

Here py is the prior camera model and pc o is the model for the errors in the estimated
correspondences.

3.7.3 Prior camera model

We use the general prior camera model pq,(gz)) from Table 3.4, which was used for fixed

calibration. However, we cannot measure any length in meters, but only in baselines as
discussed in section 2.4.7, and thus use g = 1 and o= 0 for the baseline b.
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3.7.4 Correspondence model

In the correspondence model pCld,(c, ¢), the differences between Pp; and Ppy grom sg as well

as Ppg and Ppg qom 51, are related to the errors from the correspondence estimator. This is
similar to the fixed scheme in which p M@(m, ¢) is built from the differences between

detected markers m and predicted markers m,,,4.

The correspondence errors from the estimator are modeled as discussed in section 2.6.3,
that is, both left and right points of an exact corresponding pair are detoriated by zero mean
Gaussian noise with standard deviation ©,,. Since we perform self-calibration after
correspondence estimation, we cannot use epipolar geometry (see Figure 3.1). Then, the
correspondence errors are isotropic in the x; and y; directions (see section 2.6.3). We then
obtain:

1 Py
pCICI)(C’¢)= H e M7 (3.24)

all correspondences
in the stereo pair

with

Si = (P;Iil-l - P;Lllfroms;i (C, ¢))2 + (PPyL{Lt - PPyIforomS;i (C’ ¢))2 (325)
(Pt = Pittms (. 0) + (PR = Polims, (. 0))

which is very similar to (3.10) for fixed calibration.

3.7.5 Search algorithm and its evaluation

We use the same Simulated Annealing algorithm as in the fixed calibration scheme, see
section 3.5.6. We evaluate its convergence by A which is now defined by:

1 1
A=e—— Vs = Y5 (3.26)
4Ncar - Nparams i Ncor i
all all
correspondences correspondences

The A represents the total amount of errors that are attributed to the correspondence
estimator, i.e. that could not be explained by the estimated specific camera model. The
definition (3.26) follows the definition of A for fixed calibration (3.22). In self-calibration,
Nparams €quals:

N =N +3N (3.27)

params cam—-model cor
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The 3N,,, equals the number of free parameters that the self-calibration procedure has when
producing N, triangulated scene points (each has an x, y and a z coordinate). The
simplification in (3.26) is only valid if N,,, >> N, zm-mode!-

We expect that A = g,,. If the calculated A is about g,,,, we assume that

e the search algorithm has converged
¢ the correspondence estimator works as expected
¢ the camera model is appropriate

If A is too large, one of these is not true. In fixed calibration, A was also too large when the
calibration object differed from the object model. In self-calibration, this is not possible
since no object model is used. If cameras are calibrated with both methods and A is too
large in the fixed method but as expected with self-calibration, we know that the calibration
object differs from the object model. If A is smaller than expected, it must be due to a
difference between the correspondence estimation errors and its model. The algorithm may
work better than expected (lower o,,,) or has errors different from the model (3.24) with
independent zero mean Gaussians.

3.8 Self-calibration experiments

We will perform the same experiments as defined in section 3.6 for the fixed calibration
scheme. We will use synthetic data and natural images. In both cases, our scene consists of
several views of the (synthetic or real) calibration plate. This allows us to use the marker
detection algorithm as correspondence estimator at this point, and thus 6,,, = ;.. Although
we use the calibration object as scene, the self-calibration method does not use the
calibration object model.

We use exactly the same synthetic and real data as used for the fixed calibration scheme.
Also the prior camera model is the same, with the exception of the baseline, which is set to
1 in self-calibration. Other specific exceptions are mentioned below. The simulated
annealing algorithm was used without modification, working on a U function based on
(3.24) instead of (3.10). The settings were identical to the settings for fixed calibration
(Table 3.7) except for k,,e, the strength of the random perturbation generator. This was set
to 0.1, instead of 10 for fixed calibration, which significantly increased the convergence
speed in our experiments.

The results are evaluated with the following methods:

¢ Comparison of the remaining correspondence errors A with o, (2-D domain).

e Comparison of the scene reconstruction with a ground truth (in the 3-D domain). This
is possible only through the use of the calibration plate as scene.

e Comparison of the estimated parameters with a ground truth. For this we either use the
true synthetic data or the parameters found by the fixed calibration scheme.
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All results will be compared with the results obtained with fixed calibration.

3.8.1 Synthetic calibration plate and images

Table 3.10 shows the results from the self-calibration experiment with a pinhole stereo
camera, similar to the fixed calibration experiment in Table 3.6. In all but one of the
experiments, the pixel aspect ratio was fixed to 1 to set Negmmog: t0 the theoretical
maximum of 7. In one experiment, the pixel ratios of both cameras were added to the
model, yielding N,upmmoaqer > 7. According to the theory, in such a case reliable parameter
estimation is not possible in self-calibration.

We found that the SA algorithm always converged quickly to a low value of A. Compared
to the fixed calibration method, the run-times are smaller. Clearly, the fact that no plate
positions and orientations have to be estimated outweighs the fact that four light rays have
to be constructed instead of two in fixed calibration.

The value of A for the experiment with measured markers is much smaller than its value in
the case of fixed calibration. In the other experiments, the As are the same for fixed and
self-calibration. According to section 3.7.5, this can only be due to a difference between the
actual correspondence estimation (marker localization) errors and the model (3.24) that
assumes independent zero mean Gaussians. As found in section 3.4, the marker errors are
concentrated on the outer ring, highly non-uniformly distributed over all 48 markers on the
plate. If the errors in the outer ring are correlated between left and right views, this results in
a reconstructed marker in 3-D space (see Figure 3.12) that has slightly moved from its
correct position . In the fixed scheme, this would be noticed directly, since the inner
markers are reconstructed well and both inner and outer markers must fit into the regular
grid on the plate. The self-calibration scheme has no knowledge of the grid of the plate,
which makes it insensitive for such left-right correlated errors on a few markers. Effectively,
the model (3.24) is valid for fixed calibration, and for self-calibration if only the inner
markers are used. We will use (3.24) also for self-calibration with all markers, since it is the
best quantitative model we have at this moment.

Similar to the fixed calibration results, the self-calibration algorithm finds now and then a
different solution that also explains the correspondences (markers in this case) with very
low A. We observed this effect using the exact, measured and noised markers (the Table
shows this effect for the true markers). In contrast to the fixed calibration scheme, we could
not prevent this by using 4 views of the calibration plate. The self-calibration scheme has no
knowledge of any calibration plate and, whatever the specific setup and number of views,
deals with all measured markers as if they originate truly from one compound object. Thus,
even with N, ..medser = 7, In our experiments, we were not able to provide reliable results
with self-calibration. If one of the focal lengths was fixed to the true value, the algorithm
always converged to the right solution.
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E§timated Estimated measured Estimated
with exact with markers . .
with noised
Parameters True markers measured Gnr = 0.01, markers
G =0 markers incl. pixel o= 1
(=0.001) Gk = 0.01 | aspect ratios e
baseline b 0.8 1 1 1 1
x-rotation Qe 0° 0.00° 0.00° 0.00° -0.04°
convergence LY @LRY | 450 450 | 40.7°40.7° | -44.8°44.8° | -45.6°39.3° | -35.7°35.6°

zrotation L @i 0° 0 | 0.00° 0.00°| 0.00° 0.00°| 0.00° 0.00°| 0.13° 0.01°
focal lengths Ot Ot 1000 1000 | 859 859 | 994 994 | 1020 817 | 714 712
pixel ratio sy,  SyR 1 1 1 1 11 1.52 1.35 11
SA alg. marker errors A 0 0.0010 0.0011 0.0012 1.061
Scene Position 0 0 0] .0000-187 | .00.00-.103 | .056.00-.147 | .00.00-318

reconstruction  Orientation 0° 0° 0° | .00°.00°.00°| .00°.00°.00°) .0°-36°.0° 0°.09°.04°
Scale i 1.617 1.262 1.604 2.345

Deform 0 8.8 mm 0.34 mm 1.9cm 2.0cm

Table 3.10 Self-calibration resuits with distortion-free cameras.

From the scene reconstruction results we observe that the scene shifts forwards and
backwards together with the scale difference, as discussed in section 2.6.4 (baseline
section). It can be seen that the scale difference is not only caused by the inability of self-
calibration to measure the baseline in meters (which yields a systematic scale difference of
1.25 in these experiments). Whenever a false solution is found that explains the observed
marker positions just as well as the true solution, it also produces an extra scale difference,
together with a larger reconstruction error. The deformation error is defined for the
reconstructed scene if this scene is scaled to the size of the true scene (this only plays a role
if the scale factor is different from 1).

The reconstruction results from the self-calibration method are about 5 times less accurate
than those from the fixed method. This cannot be due to the accuracy of the
correspondences (markers), since the same markers are used for triangulation in both
experiments. Thus, the parameters obtained in self-calibration are less accurate than in fixed
calibration. As expected, if we include the pixel aspect ratios in self-calibration
(Neammodet > 7), the errors on the parameters and the scene reconstruction increase
drastically.

Table 3.11 shows the self-calibration results with the general camera model (compare with
fixed calibration Table 3.8), with Ny meser = 23. The calibration has been performed with
the true and measured markers. From all our experiments, about one out of three showed
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convergence to A in the order of ¢,,,. The table shows two representative experiments from
this set. The other experiments converged to an A one or more orders higher than o,

Estimated with Estimated with
Parameters True exact markers, measured markers
Oor = 0 (=0.001) O, = 0.01
baseline b 0.8 1 1
x-rotation @ 1° 2.529° 1.409°
convergence @ @ity -45°  45° -41.40° 36.28° | -4437° 41.56°
zrotation @i @LFRE 50 5° 430° 5.02° 4.90° 5.06°
focal lengths O/t O 800 900 677 711 788 820
pixelratio  s,;, Syz 1.1 09 1.088 0.897 1.123  0.893
Lens distortion K3, K;g 1 -1 0.72 -0.65 097 -0.84
Ks; Ksg 05 -05 024 -0.14 048 -0.34
CCD skew 6 6 0.1° -0.2° 0.01° 0.37° 0.01° 0.01°
mispositioning O 4" 10 10 14.67 9.15 8.50 10.29
Op%x 5 -5 -7.15  -3.04 1.28 -4.39
misorientation @ 4°  5° -3.67° -2.00° -3.67° -2.00°
(pflf,f;‘y 5°  4° 6.55° 8.58° 6.20° 5.76°
SA alg. marker errors A 0 0.0053 0.0053
Scene Translation 0 0 0 051 .002 -.242 | .028 .002 -.139
reconstruction Orientation 0° 0° 0° .24° -3.77° .05° 19° -1.62° .01°
Scale 1 1.815 1.378
Deform 0 1.3cm 4.0 mm

Table 3.11 Self-calibration results with the general camera model.

Comparing these results with the self-calibration result in Table 3.10 (distortion-less
cameras and 9-parameter model), we see a significant improvement. This clearly shows that
the theoretical 7-parameter restriction for pinhole cameras does not apply in the same way
to cameras with lens distortion. Comparing the results with Table 3.8 for fixed calibration,
we notice that both fixed and self-calibration estimate all parameters with highly varying
accuracy, and that fixed calibration provides slightly better results.

Unfortunately, we see that the false solutions as encountered in the 3-plate fixed calibrations
and self-calibrations above are still present. The experiment with the exact markers shows
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reconstruction errors of 1.3 cm. As the dimensions of the scene are about 35x35x35 cm (see
section 3.6.1), this still leads to a relative accuracy in the order of 10" to 10,

3.8.2 Real calibration plate and images

Table 3.12 shows the self-calibration results with real cameras, obtained from the same data
used for the fixed calibration experiment in Table 3.9. From the fact that A in self-
calibration is as expected, while A in the fixed method is too large, we conclude according
to section 3.7.5 that the inaccuracies in both our Al and A4 plate models limit the accuracy
of the fixed calibration scheme.

Parameters Cuparpate | aa e
baseline b 1 1
x-rotation @it -0.004° -0.219°
convergence " iRy -8.24°  4.23° -24.09°  22.34°
z-rotation @it plFRF -0.08°  0.28° -1.02°  0.75°
focal lengths Ozt Ofin 977 972 1435 1440
pixel ratio SyL Syr 1.033  1.030 1.350 1.368
Lens distortion K;; K;z -0.24 -0.22 -0.36 -0.35

Ksi Ksg 0.40 0.27 1.04 1.06
mispositioning Q4" -1492 042 2.10 423
O 4.67 1.27 0.00 11.61
SA alg. marker errors A 0.0330 0.0167
Scene Position 073 -.082 -1.86 .016 .013 -.523
reconstruction Orientation 1.08° -.58° .06° -14° 1.47° 36°
Scale 2.088 1.146
Deform 24 cm 5.0cm

Table 3.12 Self-calibration results with real cameras.

Further, we observe that the parameters in Table 3.12 do not resemble those of Table 3.9
very well. In this sense, the cameras have not been calibrated well. Scene reconstruction
errors were calculated using the compound scene reconstruction results from fixed
calibration as ground truth data. Then, the relative errors of the self-calibration scheme with
respect to the fixed scheme are about 10 (Al experiment, 2.4 cm error in a scene of
1x1.5x10 meter) and 10" (A4 experiment, 5.0 cm in a scene of (0.3x0.45x1 meter).
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3.8.3 Discussion

We will compare our results with other results from literature. Most self-calibration
approaches use more information than our scheme (more than two images, more than two
cameras, more prior information), and reconstruction errors are seldomly given (due to the
absence of a well-defined length unit). Therefore we selected to review a few more or less
comparable results.

In [Pede97a] and [Pede99] an approach is adopted that stands midway between a fixed and
a self-calibration method. A rough calibration object model is used (actual self-calibration
does not use any object model at all). Pixel accuracies are reported of A =~ 0.2 and
reconstruction accuracies of about 0.2 to 0.4 mm (absolute scale can be recovered by this
method). The latter is obtained for real images, and refers to the reconstruction of the
calibration object. As shown by our experiments with synthetic images, this accuracy may
not hold for the compound object or scene. In [Zhan93), two image pairs are used (four
images) and a camera model without lens distortion. Reconstruction results are reported of
10'2, but their approach suffered from convergence (stability) problems. In [Arms96,
Azar95, Poll98] some comparable results are reported for the structure-from-motion
applications, where a single camera takes N images from a static scene at different angles.
In these approaches, no lens distortion is considered. In [Arms96], an image sequence of 24
frames is used in which 128 scene points are tracked. Pixel errors (A) of about 0.1 pixel are
reported, and relative accuracies for focal lengths and pixel aspect ratios of about 0.1%, and
for skew and CCD mispositioning of about 10-25%. In [Azar95], 20 to 40 images are used
and 5% errors in the focal length are reported. In [Poll98] a number of images in the order
of 10 are used to reconstruct real scenes. Prior knowledge of e.g. the pixel aspect ratio is
required. Angles between parallel and orthogonal lines in the scene are estimated with
accuracies of about 1°, which cannot be compared easily with our results. Relative
accuracies for lengths are given in the order of 10" to 107, This is comparable to our results
obtained with only a single stereo image pair and less prior camera knowledge, but it must
be noted that their scene is more complex than ours.

From all the self-calibration experiments we conclude that:

e The theoretical restriction Nogmmoder < 7 does not hold for self-calibration approaches
that take into account lens distortion.

e Self-calibration of stereo cameras in a typical setup may result in a solution that fully
explains the observed correspondences, but does not reconstruct the scene well. This
holds even with correspondences up to 0.001 pixels. This was found both for cameras
without lens distortion and a camera model with N.gmoqet = 7, as well as for cameras
with lens distortion and N.ammede: > 7, both using synthetic and real images.

¢ In our experiments, we observed relative accuracies for the scene reconstruction that
range from 10” (synthetic scenes/images, pinhole camera model) to 10 and as low as
107 (real scenes/images, general camera model).

o Qur self-calibration approach obtains results similar to other approaches in literature.
However, we use the minimum of two images and little prior camera knowledge. Other
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approaches use a higher number of images and cameras, and need more prior
knowledge of the cameras and/or the scene.

3.9 Conclusions

We examined the calibration of a stereo camera. Two methods were investigated; fixed
calibration and self-calibration. Fixed calibration has been used successfully for many years.
It involves placing a special calibration object in front of the cameras and recording it,
which requires the object and user interaction. Current research is focusing more and more
on self-calibration that uses the actual scene as object, enabling fully automatic calibration.

Our contributions are as follows. First, we used the Bayesian probability framework to
allow for a unified approach for both fixed and self-calibration methods. Further, we
applied simulated annealing as general search algorithm in both calibration methods. With
this algorithm we circumvent much analytic work, such as the computation of derivatives in
gradient-based algorithms, or an initial approximation of the solution. The Bayesian
approach together with simulated annealing provides high flexibility in modeling the
cameras. Changes can be made directly via a prior camera model (fixing parameters to
prescribed or hand-measured values), while the SA algorithm does not need any adaptation.
Simulated annealing is computationally intensive; a single calibration took up to 30 minutes
on a modern computer system. Future research may focus on speeding up this algorithm, the
use of other algorithms or analytic approaches that provide (part of) direct solutions.

For the fixed calibration method, we followed an approach used in many current schemes,
in which a virtual calibration object is composed by several views of a single planar
calibration plate. We designed a new scheme for detecting markers on such plates within the
images. The scheme is fully automatic and very robust. In synthetic images including noise
and other practical image detoriations, we obtained positional accuracies of 0.01 pixel. In
real images the results were experimentally shown to be better than 0.1 pixel. These results
outperform most of the current algorithms for marker detection. Detailed research directions
for further improvement have been given. The most prominent is to circumvent the errors in
the markers at the perimeter of the plate, which are much larger than the errors in the other
markers.

Our results with fixed calibration showed that real calibration plates could be reconstructed
with relative accuracies up to 10™. Using synthetic data where the ground truth was
available, we observed that the compound object, consisting of several views of the plate,
could not always be reconstructed reliably even if marker positions were accurate up to
0.001 pixel. This also holds for the reconstruction of the actual scene of interest. The effect
cannot be noticed in experiments with real calibration plates and images, and thus may lead
to pseudo-accurate reconstructions. When we chose a set of 4 views of the calibration plate
in a specific non-parallel orientations, we found that the reconstructions are always reliable.
A direction for future research is the thorough investigation of the requirements on the setup
for reliable calibrations.
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In self-calibration, we considered the most difficult case that estimates all camera
parameters using only a single image pair. For camera models without lens distortion, a
theoretical proof exists saying that at most 7 parameters can be measured. We provided
experimental evidence that this proof does not apply to cameras with lens distortion. Using
synthetic data, we could measure more than seven parameters, with varying accuracy. A
direction for research would be to prove this conjecture theoretically. Unfortunately, the
non-linear aspects of lens distortion obscure such an analysis. Even projective geometry, a
powerful and often used mathematical tool in self-calibration of lens-distortion-free
cameras, cannot integrate lens distortion easily.

In our experiments, the unreliability encountered in fixed calibration appeared similarly in
self-calibration, both in the cases with and without lens distortion (even with the theoretical
maximum of 7 parameters). The solution in fixed calibration, the specific setup of a number
of calibration plates, cannot be used by the self-calibration method since it does not use the
calibration plate model. We did not find any solution for this problem. Still, even in these
situations, we could calibrate the cameras such that scenes could be reconstructed with
relative accuracies of about 10™" to 10, These results are comparable to other results found
in literature, while those approaches use more than two images and more prior knowledge
about the cameras and the scene. A heading for future research is how to ensure the
reliability of self-calibration. Combining our self-calibration approach with multi-camera
systems may provide a solution.




Chapter 4

Correspondence estimation

4.1 Introduction

The goal of this chapter is to derive a correspondence estimator that is especially suited for
our 3-D scene acquisition application. Figure 4.1 shows the place of correspondence
estimation (CE) in the scene acquisition process. The CE step is the most complex part of
the process of 3-D scene acquisition from stereo images.

Specific
camera model
A

o

Triangulation

Scene Stereo  Images
camera

Acquired
Scene

g0
w_v

Figure 4.1 The scene acquisition process. This chapter deals with the correspondence estimation
algorithm (shown dotted).

In literature, the topic of correspondence estimation has received already much attention
because it plays a vital role in many other applications too. These include video coding,
frame rate conversion, multi-viewpoint image generation, camera calibration and structure
from motion. The requirements on the correspondences differs strongly per application, see
Figure 4.2.
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Image Pair

Correspondence

Photometric.
'.;.MPEG'Z video coding

- Frame rate . = - MPEG-4 video cox
- conversion - Multi-viewpoint e»
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interpolation - Structure from moti
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Figure 4.2 Applications of correspondence estimation. Some require photometric correspondences,
while the majority of modern applications require geometric correspondences.

In video coding such as MPEG-2, correspondences are motion vectors from one image to
the next in a sequence. The luminance of each pixel in an image is copied from or predicted
by the previous image along a motion vector. Together the vectors are called the motion
vector field, or the correspondence field. In the coding application, the correspondences
have a photometric meaning. In many other applications, correspondences are used to
extract 3-D information of scene points, giving them a geometric meaning. Such
applications are camera calibration (see Chapters 2 and 3), structure from motion [Azar935,
Matt89, Poll98], multi-viewpoint extrapolation [Rede97b] and 3-D from stereo [Rede99c].
Frame-rate conversion [Haan92] and multi-viewpoint image interpolation [Ohm98, Tsen95]
lie more or less in between the photometric and geometric extremes.

For our 3-D scene acquisition application, we require high-resolution (pixel-dense) and
high-accuracy geometric correspondence fields. Further, these fields must be calculated in
real-time for dynamic scenes. This is in contrast with e.g. camera calibration, which can be
performed once if the camera setup is static. Thus, for any real-time implementation in an
actual 3-D communication system, we require that the computational load of the
correspondence estimation is sufficiently low. At this moment, estimators do not exist that
fulfil both requirements. This is due to the following reasons.

The high-resolution and high-accuracy estimation of geometric correspondences requires
complex prior models for the dense field. These reflect the prior model of the scene to be
acquired. Basically a smoothness constraint is imposed on the field, or equivalently, the
scene. Such a model can only be designed on a heuristic basis, which is a reason for the
large diversity in CE algorithms.
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As a model does not have causal properties (along the image axes) in general, the estimation
of all correspondences should in principle be done at the same time. If the correspondences
for the entire image are estimated one by one, a causality constraint is implicitly imposed on
the dependencies between the correspondences in the model. This may enable a fast
implementation, but it restricts the accuracy.

The simultaneous and accurate estimation of all geometric correspondences in a pixel-dense
field is a challenge for two reasons [Konr92]: First, the dimensionality of the solution space
is extremely large: in the order of 10° the number of pixels in the image. This is
computationally very demanding and may result in hours of computing per stereo image
pair. Even with the continuing increase in computational power, new algorithms must be
found in order to allow for real-time implementations in the near future.

Secondly, the estimation of a geometric correspondence field on the basis of photometric
luminance fields of an image pair is not straightforward. It is completely based on heuristics
as mentioned. The most commonly used heuristic is the so-called Constant Image
Brightness (CIB) assumption [Horn86]. It states that a corresponding pixel pair has equal
luminance. In Figure 4.3, two contours of equal luminance are depicted in an image pair. If
we take a point P, on the contour in image A, the question is to which point in image B it
corresponds.

S N
Ly ™Y
H ? 2

Figure 4.3 Photometric similarity is insufficient in geometric correspondence estimation.

For a photometric correspondence, all points on the contour in B would do. But there is
only one point that corresponds geometrically, and we cannot be sure whether it lies on the
contour in B, or not. If it does not, this can be due to, for example, camera noise, specular
reflectivity of scene surfaces or to the use of a stereo camera with unbalanced photometric
properties. Thus, we cannot use the CIB constraint alone to estimate a dense field of
geometric correspondences. For this reason correspondence estimation is often called an ill-
posed problem [Bert88]. Additional geometric constraints are needed, together with an
appropriate photometric model that accounts for deviations from the CIB model.

In order to meet our goal in this challenging field, this chapter contains two parts. In the
first part from sections 4.2 to 4.8, we give a thorough overview of classic and modern
techniques for correspondence estimation. We will evaluate these using the requirements of
our application. The overview is based on [Rede99a]. In the second part in section 4.9, we
will use the review for the design of two new estimators for our application. One is suited
for calibrated cameras, that uses the epipolar constraint (see Appendix B). The second
algorithm is suited for uncalibrated cameras, that works autonomously and can be used for
self-calibration purposes. Figure 4.1 indicates these two options.
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First we will formally define geometric correspondence and investigate the different types
of image pairs in section 4.2. Then in section 4.3 we look briefly at the classic approaches
to correspondence estimation and at their feasibility and flaws for simultaneous dense
estimation. In section 4.4 we will focus on the Bayesian approach, which is very suitable for
this task and for which several promising algorithms have recently been developed. This
approach utilizes four distinct steps, which are treated in sections 4.5 to 4.8. In section 4.9
the two new estimators are proposed. Finally, section 4.10 concludes the chapter.

4.2 Geometric correspondence in image pairs

We will first formally define geometric correspondence in section 4.2.1. Up to this point,
the image pairs in all applications can be categorized in three types: spatial, parallel and
temporal image pairs. In section 4.2.2 we will discuss spatial image pairs, which are
provided by stereo cameras, as in our application. Section 4.2.3 describes parallel image
pairs, which are a special type of spatial image pairs. Section 4.2.4 deals with temporal
image pairs that originate from a single camera taking multiple images in a sequence.
Although this is not directly related to our application, it is the application for which the
majority of CE algorithms have been derived.

4.2.1 Definition of geometric correspondence

If the luminance of a point P, in image A and a point Py in image B are defined by the same
scene point, we say that P, and Py correspond (see Figure 4.4). From this point on, we will
mean geometric correspondence whenever we mention correspondence, unless stated
otherwise.

Figure 4.4 Correspondence between P4 and Ps.

Due to object transparency and camera defocus, the luminance of one point in an image may
be defined by several scene points at the same time. This holds for both images, giving rise
to multiple (many-to-many) correspondences (see Figure 4.5).

Figure 4.5 Multiple correspondences.
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We have not discovered in literature any attempt to take multiple correspondences into
account in the simultaneous estimation of dense correspondence fields. Therefore, from this
point on, we will assume that all scene objects are opaque (not transparent).

Opaque objects that move in front of each other cause occlusion in images. It is possible
that a scene point P is visible in image A as P,, while in image B it is occluded by another
scene point, Q, visible in B as Q5. We define that there is a pseudo-correspondence from P,
to Qp (see Figure 4.6). The point P, is called an occlusion point.

I, Iy

Figure 4.6 Pseudo-correspondence from occlusion point P4 to some point Qg.

Pseudo-correspondences enhance the quality of images generated in multi-viewpoint and
frame-rate conversion applications. They provide information about the position of point P
in all intermediate images in which P is visible. In the applications 3-D from sterco and
structure from motion, the models obtained are more complete as the pseudo-
correspondences can be used to extract additional 3-D scene points. It is expected, however,
that pseudo-correspondences can be obtained less accurately than real correspondences,
since no photometric constraints are available for their estimation. Geometric constraints are
the only clue. We expect e.g. that the pseudo-correspondence originating at P, is similar to
real correspondences obtained in the vicinity of P,.

4.2.2 Spatial image pairs

Spatial image pairs are obtained when a scene is recorded by two cameras, A and B, which
are located at different positions (see Figure 4.7). This setup is used in our application
(where a sequence of such pairs is recorded).

scene

@

camera A

bage ling camera B

Figure 4.7 A stereo camera provides a spatial image pair.

For spatial image pairs, epipolar geometry provides a very powerful restriction on
correspondences that has general validity, see Appendix B. If two points from an image pair
correspond, they should lie on conjugate epipolar lines. This is called the epipolar
constraint. It reduces the set of possible correspondence candidates for a point in image A
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from all points in image B to only those on the conjugated epipolar line in B (see Figure
4.8).

A

e —

e

IE——

Figure 4.8 Correspondence is restricted to conjugate epipolar lines.

This restriction on the correspondences reduces the complexity of estimation by an order of
magnitude, since every pixel in image A now only has a 1-dimensional set of pixels in image
B as potential correspondences, in stead of a 2-dimensional set. If the epipolar constraint is
used, correspondence estimation is called disparity estimation. Epipolar geometry can only
be used if the cameras are already calibrated (see Figure 4.1).

The distance between the cameras is called the baseline. The larger the baseline, the more
accurate the triangulation given the finite accuracy of the estimated correspondences, sce
Chapter 2. However, large baselines also yield large differences in the image pair (see
Figure 4.9), which is a challenge for the estimation algorithms.

Figure 4.9 Small (top) and large (bottom) baseline.

4.2.3 Parallel image pairs

A special type of spatial image pairs arises if the cameras are in the parallel setup discussed
in section 2.4.9. This setup requires that two identical pinhole cameras (no lens distortion or
CCD misplacement) are placed with equal orientations, while their positions differ only in
the direction of the scan lines. In this way a parallel image pair is obtained, in which
corresponding pixel pairs lie on equal scan lines (see Figure 4.10).

In a parallel image pair the scan lines coincide with the epipolar lines, see Appendix B. The
epipolar constraint is then applied by simply removing the y components from a
correspondence field, which is then called a disparity field. Since the search for
correspondences is now restrained to a horizontal range only, disparity estimation is much
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less complex than correspondence estimation. Disparity estimation algorithms for parallel
image pairs are widely available [Cox96, Fran96, Inti94, Rede98a, Tsen95, Wo0096].

camera A .
camera B pure translation

Figure 4.10 A parallel camera setup provides a parallel image pair in which corresponding pixel pairs
always share the same scan line. Correspondence estimation is reduced to the much less complex
disparity estimation, requiring only a horizontal search.

When cameras providing a spatial image pair are calibrated, the A and B images can be
rectified as discussed in section 2.4.9. The result is a parallel image pair A’, B’ in which
disparity can be estimated by means of algorithms for parallel pairs.

4.2.4 Temporal image pairs

Temporal image pairs are obtained by recording a scene by a single camera that takes a shot
at two different time instants, ¢4 and #p (see Figure 4.11).

camera A & B
time instants t, , tg

Figure 4.11 A single camera provides a temporal image pair.

The correspondences are related to the motion of scene objects. Correspondence estimation
in temporal image pairs is therefore called motion estimation [Chan94, Konr92, Stil97].

For scenes with several rigid objects moving independently, temporal and spatial image
pairs can be converted into one another, on an object-by-object basis. This enables the use
of the strong epipolar constraint also in temporal image pairs [Xu96].

Figure 4.12 shows a scene with a number of rigid objects moving differently, recorded by a
single camera. Figure 4.13 shows the circular object from the scene, recorded by two virtual
spatial cameras. The resultant temporal and spatial image pairs are the same as far as the
part of the circular object is concerned. The difference in the positions and orientations of
the virtual A” and B’ cameras relate to the translation and rotation of the circular object.
Obviously, the epipolar constraint can be applied on the spatial image pair in Figure 4.13.
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As the temporal pair is the same within the circular object, the exact same constraint holds.
Figure 4.12 shows the epipolar geometry for all objects.

N

Figure 4.12 A camera records a temporal image pair from a scene with several rigid objects moving
independently. Each of the objects has its own epipolar geometry.

‘A,‘\g =

Figure 4.13 Spatial construction of one rigid object, selected from a temporal image pair.

Ty, Ty

In structure from motion applications, the 3-D triangulation of an object can be done in the
same way as in our 3-D from stereo application, with one exception. The two virtual spatial
cameras cannot be calibrated off line by fixed calibration methods. Self-calibration
techniques have to be used on the basis of the estimated correspondence field. If the scene
consists of only one object, the spatial and temporal image pairs are the same, which is used
in [Rede98d, Poll98].

4.3 Classic correspondence estimation methods

We will briefly discuss the classic approaches to correspondence estimation: feature
detection and matching, block matching, pel-recursive and optical-flow techniques. For
more details we refer the reader to the excellent overview in [Teka95a].

4.3.1 Feature-based algorithms

Feature-based algorithms [Barn80, Liu93] first extract predefined features, and then match
these (see Figure 4.14). The separation of detection and matching is a restriction on the
quality that can be obtained.

The definition of features is not easy. The most well-known and general feature is an edge,
of which definition and estimation has been investigated over long periods [Boye94,
Canny86]. This approach yields a sparse correspondence field.
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matching
Figure 4.14 Feature detection and matching.

4.3.2 Block-matching algorithms

In block matching, rectangular blocks of pixels are matched [Acca95, Hend96] (see Figure
4.15). For each block in image B, a block is sought in image A which most resembles the
block in B according to some criterion. A dense field can be obtained by means of
interpolation or the use of overlapping blocks.

Figure 4.15 Block matching.

During estimation, a single correspondence vector is used for all pixels within one block.
Since the vector only models translation, this approach does not work well for rotated and
skewed objects in an image pair.

For large textured areas undergoing relatively uniform motion, large blocks enable high-
accuracy estimation of correspondences. The uniform motion restriction, however, limits
the resolution obtained. To some extent, this can be overcome by adapting the block size to
the image content [Kana%4].

4.3.3 Pel-recursive algorithms

These algorithms [Biem87, B6r691] have been developed for image-sequence coding. They
obtain a dense field by scanning, i.e. they start the estimation at the upper-left pixel and end
at the bottom-right pixel (see Figure 4.16).

First, the luminance of pixel x in image B is predicted from image A by means of the
correspondence vector found at the previous pixel in B (pixel 6 in Figure 4.16). Then a
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group of N pixels (here N = 7) is matched to image A. The group has a ‘causal’ shape in the
sense that it contains only pixels with known luminance in B. In the pel-recursive approach
an analytical expression is used to obtain the new vector on the basis of the previous one. It
is assumed that the previous vector is a good estimate of the new vector and thus, only small
changes are allowed between two vectors.

Figure 4.16 Pel-recursive technique.

The regular structure and causality of block matching and pel-recursive techniques make it
possible to implement them efficiently in hardware [Hend96, Pano98a]. However, the
causality restricts the quality of the correspondences obtained.

4.3.4 Optical-flow algorithms

This method is the first approach to the simultaneous estimation of a dense correspondence
field [Horn86]. The method uses the following relation between photometric
correspondence vectors with components (C,,C,), and the spatial and temporal derivatives
of luminance in an image sequence:

[cx -%+cy -gy—+%)l(x,y,t)=0 @D

An additional regularization term biases the solution towards a globally smooth
correspondence field [Horn86, Tsai97]. Discontinuity fields have been incorporated to
avoid oversmoothing at object boundaries [Heit93].

The drawback of this approach is that the luminance derivatives are approximated
numerically. This requires local linearity of luminance in both spatial and temporal
directions. In image sequences with large motion (fast moving objects) the local linearity is
violated. In stereo applications, the temporal axis is replaced by a camera position axis. For
a camera baseline of any reasonable size, the position linearity is violated.

4.4 Bayesian correspondence estimation

More recent approaches to correspondence estimation are the Bayesian methods, which are
applied both to temporal image pairs [Chan94, Konr92, Stil97, Teka95b, Zhan93] and to
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spatial pairs [Cox96, Rede98d, Wo0096]. In this approach the simultaneous estimation of
dense correspondence fields is possible. The luminance derivatives in the optical flow
method are avoided. Further, the estimation of other information besides correspondences
(e.g. object segmentation) can be incorporated.

In the Bayesian approach or framework we distinguish four steps, depicted in Figure 4.17.

Figure 4.17 The Bayesian framework.

The separation of problem statement in the first three steps and the derivation of a search
algorithm in step 4 [Drie92] increases the portability and adaptability of algorithms among
different applications and different designers.

In the first step, we define the input images I, and Iz and all output fields {F,, F>, ...} to be
estimated. The output fields represent correspondence, occlusion and possibly discontinuity
and segmentation fields. In step 2 the relations between all these fields are modeled with a
joint probability function in F = {F;, F,, ...}, conditioned by the observed image pair iy, i:

Pru, .1, (f’imis) (4.2)

This is a density in the continuous fields in F and a mass function in the discrete fields. In
the remainder of the chapter we will not refer to this explicitly. The design of the joint
model is usually decomposed by means of the Bayes rule, which accounts for the name of
these approaches:

Pr.r.ru,a, = PrRIRF, L, PRIEL 1, PR, (4.3)
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In the third step the best solution fso;, is defined by a criterion on the probability function,
such as the Maximum A Posteriori (MAP) criterion. In the fourth and final step a search
algorithm is formulated that computes the defined solution or a relevant approximation.

We will now focus on each of the four steps in the Bayesian framework.

4.5 Dense-field representations

For the correspondences and occlusions defined in section 4.2, several dense-field
representations C and O have been developed. For segmentation purposes, additional edge-
based segmentation fields S and region-based fields R have been proposed. Table 4.1 shows
a list of fields used by several authors in their and our notation. We will now have a close
look at each of these fields in sections 4.5.1 and 4.5.2. In section 4.5.3 we will discuss some
additional fields that are rare or have not been used at all up to now.

IA IB CA OA SCA RA
[Konr92] Konrad & Dubois '92 8 8 D, L,
[Chan94] Chang et al. *94 g g’ uv X
[Teka95b] Tekalp *95 g 8i1 d 0] I
[Wo0096] Woo & Ortega "96 F F D @
[Stil97]  Stiller 97 & givl d, see text L

Table 4.1 Fields for luminance, correspondence, occlusion, discontinuity and segmentation.

4.5.1 Correspondence and occlusion fields

The occlusion points, the real and the pseudo-correspondences can be represented by
several pixel-dense fields. They are all defined on the pixel lattice Ap (see Figure 4.18). The
lattices of the images I, and I are denoted by Ap, and Apg, respectively.

D pixel

X entry of A P

XX IX|[X
XXX |X
XXX X
XXX |X

Figure 4.18 The pixel lattice Ap.

The correspondence fields C that are mostly used are defined on one of the images lattices
Aps, Apg [Chan94, Rede98d, Stil97, Teka95b, Wo0096, Zhan93]. The C, field is depicted in
Figure 4.19. Each entry C,(P,) contains a vector with its starting point at the entry P, on the
lattice Ap,. For pixel-accurate correspondences, the endpoint of the vector lies on the lattice
App. For subpixel accuracy, the vectors end on the continuous domain A*pB.
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Figure 4.19 The C, correspondence field.

Most applications benefit from subpixel accuracy, which is reflected in the number of
subpixel estimation algorithms that have been developed [Chan94, Stil97, Teka95b,
Wo0096, Zhan93]. For subpixel accuracy, the luminance of the images has to be interpolated
to the continuous domain A*p. In [Konr92] it is found experimentally that the specific
choice of the interpolation filter does not have much influence on the estimated
correspondences.

If (xa,y4) and (xz,yg) are the coordinates of a corresponding pixel pair, the value of the
correspondence field Cy 1s:

thhﬁ{?:?} 4.4
B A

The value represents the 2-D (vector) displacement of the projection of a scene point
between image A and image B. Depending on whether the estimation is performed with
pixel or subpixel accuracy, the components of C are integer or real valued. For parallel
image pairs, the y component will always be zero and thus does not have to be included.
The correspondence vector fields C4 and Cp then reduce to the scalar disparity fields D4 and
DB'

The C, field can both represent real correspondences between P, and Py and pseudo
correspondences from P4 to Q. In the latter case P, is an occlusion point. The presence of
occlusion points can be represented by the occlusion field Oy:

P, is visible in image B

C,(P, )is a real correspondence
4.5
0, (P A ) = (45)

P, is an occlusion point

C,(P,)is a pseudo - correspondence

Figure 4.20 shows the binary occlusion fields O, and Og.

When no occlusions are taken into account [Konr92], the C, field suffices in the modeling
process since it is able to represent all real correspondences. If occlusions are taken into
account but no pseudo-correspondences are estimated, the C, field contains all real
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correspondences and a number of undefined vectors [Teka95b]. Only in [Stil97], all real
and pseudo-correspondences from A to B, are estimated, making full use of C,.

@®o-

Figure 4.20 The occlusion fields O4 and Os.

The introduction of both C, and Cp fields simultaneously enables the estimation of all
pseudo-correspondences. This is useful in several applications as discussed in the definition
of pseudo-correspondence. Previously, both fields have been estimated separately to
remove outliers in real correspondences [Ohm98, Pano98a]. At this point, no attempt has
been made yet to estimate both simultaneously.

For parallel image pairs, all real correspondences and both occlusion fields O4 and Op can
be represented by one field, the so-called chain map [Rede97d]. The chain map is
applicable if pixel accuracy is used and an additional ordering constraint, discussed in
section 4.6.6, holds [Cox96, Fran96, Rede98a, Tsen95]. The chain map itself will be
discussed more thoroughly in Chapter 6.

The Cy field used in [Rede97b, Rede98a, Rede99c] is similar to the C, field, but it is
defined on a different domain: Apy,. It is the pixel grid of a virtual image centered between
image A and image B (see Figure 4.21). In [Konr92] a more general case is considered
where M is placed at an arbitrary position in between A and B.
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Figure 4.21 The Cuy correspondence field.

The value of the Cy, field is defined similar to (4.4):







