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Abstract

Synthetic modeling of human bodies and the simulation of motion is a longstand-
ing problem in modeling and animation and much work has to be investigated be-
fore a near-realistic performance can be achieved. At present it takes an experienced
graphic designer a long work-flow to build a complete and realistic model that closely
resembles a specific person. Our goal is to automate the process. This work pertains
to the automation of synchronized multi-camera calibration and investigates in the
reconstruction, modeling and tracking of human body modelsfrom video sequences.
Such processes have many applications, as entertainment, sports medicine/athletic
training, and biometry.
One topic of this work is the implementation of the fully automatic geometric calibra-
tion software. The method needs a wand moving through objectspace. Dependent on
the volume size and accuracy requirements different wands can be used. Assuming a
static multi station network every frame serves as snapshotfor builing a well defined
point cloud. We have developed a scene description languageto achieve the most
flexible way of data collection. Moreover, the data can be distributed over an internet
network and different operating systems can be introduced.The idenfication of the
points is established through standard point detection operators implemented through
scripts, which are running locally on every workstation in the intranet. These identi-
fied points together with the frame number are used to establish relative orientations
and to setup a network. These approximations are taken to setup a bundle adjustment
network, allowing multiple command line switches to lead the process. The approx-
imations are first viewed in a OpenGL 3D viewer and can be analysed for further
runs or stopped, if an error occured. This first mile stone in the geometric calibration
procedure allows the user to inspect the correctness of the collection process. The
unified bundle adjustment determines the network and outputs all relevant geometric
calibration protocols as text and graphical report.
The image sequence character and the knowledge of additional spatial information
about the “empty scene” and/or the human body approximationallow to make useful
combinations with useful results. The spatial and temporalcharacter of the video se-
quence is fully used. The foreground/background subtraction algorithm is dependent
on the base line of the multi camera setup. If there is a small baseline between neigh-
bouring sensors we use disparity maps to define the foreground and background. In
an all around network with a small number of cameras where automatic identifica-
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tion of correspondences cannot be derived, a fully geometrybased approach is intro-
duced. This approach needs an inital scene and stores the frames in a temporal buffer
to access previous frames. In both methods (disparity basedgradient and geometry
based approach) a previous medi-picture algorithm is run. Through the presented
combination of methods we try to be sensitive for different illumination conditions
in laboratory environments.
The model based reconstruction methods are using an articulated primitive model.
This model has an underlying hierarchical stick figure and isbased on the well known
HAnim Model. The attached quadrics, which are easy to model to different prim-
ivites (like ellipsoids, cylinders,...), are used as approximative surfaces for a model
based multi image least squares approach. Additionally, ifthe correspondence prob-
lem cannot be solved (wide-baseline), we use a visual hull approach. The visual
hull approach is an image based method, but it relies on initial frames for the fore-
ground/background subtraction.
Human tracking can be understood as detection and reconstruction in every frame
independently or determination of correspondences in a temporal way. As shown in
this work, both methods are used. The first method can be used in applications, where
the surface reconstruction in every frame is important. Therefore the frames can be
threated independently. The trajectory of keypoints can beestablished through the
frame-to-frame tracking-fitting approach. It should be mentioned, that a high framer-
ate or small movements are assumed. The algorithm depends heavily on similar pixel
patterns of previous frames of the video sequences.
This work has investigated in the automatic calibration, reconstruction and tracking of
the human body from video sequences. Through modern processes of photogramme-
try and computer vision different system configurations with different video cameras
have been successfully used for the reconstruction, modelling and animation of the
human body surface.
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Zusammenfassung

Die synthetische Modellierung des menschlichen Körpers ist ein altbekanntes Prob-
lem in der Modellierung und Animation durch Photogrammetrie und viel manuelle
Arbeit muss aufgewendet werden um eine realistische Darstellung zu gewinnen. Zur
Zeit muss ein erfahrener Designer eine lange Prozesskette verfolgen, um ein real-
isitsches Modell des menschlichen Körpers zu gewinnen. Das Ziel dieser Arbeit ist
die vollständige Automatisierung dieses Prozesses. Die Arbeit setzt entscheidende
Schritte in die Automatisierung der synchronen Videokamera Kalibrierung und Ori-
entierung und setzt Akzente in der Rekonstruktion, der Modellierung und der Be-
wegungsanalyse des menschlichen Körpers. Diese Prozessefinden grosses Interesse
in der Unterhaltungsindustrie, im Spitzensport und medizinschen Anwendungen, als
auch in der Biometrie.
Ein wesentlicher Abschnitt dieser Arbeit ist die Implementierung einer voll automa-
tischen Kalibierungssoftware. Diese Methode benötigt ein Kalibrierungsinstrument,
welches durch den Messraum bewegt wird. Abhängig von der Grösse des Raumes
und der benötigten Genauigkeit können verschiedene Kalibrierungsinstrumente oder
unterschiedliche Grössen verwendet werden. Durch die gleichzeitig aufgenommen
Bildsequenzen von mehreren Videokameras kann zu jedem Zeitpunkt eine Punkt-
wolke definiert werden und je nach Kalibrierunsinstrument auch eine Skalierung
vorgenommen werden. Um die anfallenden Datenmengen bewältigen zu können ist
eine Szenebeschreibungssprache entwickelt worden, welche flexibel genug ist um
Daten von verschiedenen Kameras respektive von verschiedenen Servern zusam-
menzutragen. Die Identifikation der Punkte erfolgt durch einen einfachen Punkt-
detektor, welcher unabhängig in jedem Bild der Sequenz angewandt wird. Durch
den synchronchen Charakter unserer Aufnahmekonfigurationist es dann möglich
eine relative Orientierung zwischen den einzelnen Kameraszu berechnen. Diese
Annäherungen sind dann die Grundlage für einen Bündelausgleich, welcher die Ori-
entierung und die Kalibrierung des Systems gewährleistet. Durch die graphische
Darstellung von Zwischenergebnissen und des Endresultates kann der Prozess vi-
suell überprüft und mit Hilfe eines Reportes analysiert werden.
Der zeitliche Charakter einer Bildsequenz und die zusätzliche räumliche Kompo-
nente der synchronisierten Aufnahme werden für die anschliessende Bildsegmen-
tierung verwendet. Ziel dieser Segmentierung ist die Definition eines Vorder- und
Hintergrundes in einem Bild. Durch Tiefenbilder oder durcheine Initialisierung eines
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geometrischen Modelles wird der räumliche Charakter unserer Aufnahmekonfigura-
tion ausgenutzt. Der temporale Charakter wird durch ein Tracking des geometrischen
Modelles und mit Hilfe des sogenannten Medi-Picture Algorithmus ausgenutzt. Der
Medi-Picture Algorithmus verwendet Erfahrungen aus den vorherigen Bildern der
Bildsequenz und führt eine Klassifizierung zwischen Vordergrund und Hintergrund
durch. Durch die Ausnutzung all der beschriebenen Komponenten lassen sich ro-
buste Klassifizierungen mit unterschiedlichen Lichtverh¨altnissen durchführen.
Die Rekonstruktion des menschlichen Körpers erfolgt ber ein approximatives Mod-
ell, welches aus einem Skelett mit verformbaren Quadrikstrukturen besteht. Diese
hierarchische Struktur ist basierend auf einem HAnim-Modell, einem vordefinierten
VRML Modell, des menschlichen Körpers. Diese geometrischen Körper lassen sich
zu verschiedenen Primitiven verformen und dienen als Annäherung der Oberfläche
des menschlichen Körpers. Wenn das Korrespondenzproblemnicht gelöst werden
kann, wird eine sogenannte Rekonstruktion aus Silhouettendurchgeführt. Hierzu
wird eine Methode adaptiert, welche aus den Silhouetten berVerschneidungen im
Raum Punkte generiert und dann über eine Triangulation einen soliden Körper erzeugt.
Das Tracking kann verstanden werden als Rekonstruktion in jedem Bild der Bildse-
quenz oder als Verfolgung von identen Punkten im zeitlichenoder räumlich-zeitlichen
Aspekt der Bildsequenz. Die Rekonstruktion des 3D Modellesund das Tracking in
der Bildsequenz wird über ein Imagematching-Verfahren durchgeführt, welches das
approximative Modell als zusätzlichen Parameter miteinbezieht.
Diese Arbeit hat den Grundstein für eine vollautomatischeKalibrierung, die Rekon-
struktion und das Tracking des menschlichen Körpers gesetzt. Durch modernste Ver-
fahren der Photogrammetrie und der Kombination mit hervorragenden Algorithmen
aus der Computervision konnten mehrere Aufnahmekonfigurationen und Videokam-
eras erfolgreich zur Rekonstruktion, der Modellierung undder Animation der Oberfläche
des menschlichen Körpers und deren Bewegungen herangezogen werden.
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Chapter 1

Introduction

Synthetic modeling of human bodies and the simulation of motion is a longstanding
problem in animation and much work is involved before a near-realistic performance
can be achieved. At present it takes an experienced graphic designer a long work-
flow to build a complete and realistic model that closely resembles a specific person.
Our goal is to automate the process. This work pertains to theautomation of synchro-
nized multi-camera calibration and investigates in the tracking and reconstruction of
human body models from video sequences. In recent years, because CCD cameras
have become inexpensive and ever more prevalent, there has been increasing interest
in modelling human shape and motion from acquired image data. Such ability has
many applications, as entertainment, sports medicine/athletic training, and biometry.
This, however, is a difficult task, both because the body is very complex and because
the data that can be extracted from images is often incomplete, noisy and ambiguous.
An approximative model is therefore one important practical step towards restricting
motion tracking and surface measurement algorithms for human motions and config-
urations. This model helps to reduce the search space required for the exploration,
and therefore improves reliability.

1.1 FULL BODY MODELING

In the last few years, the demand for 3-D models of human bodies has increased. The
applications include medicine, biometry and manufacturing of objects to be fitted to
a specific person or group of persons, and the fashion industry. More and more the
3-D models of humans spread from the traditional fields like virtual reality, the movie
industry, pure animation and computer games (Anil and Gabor, 2001) to the practical
and efficient use of the data e.g. the 3D scanning of recruits for Swiss army and the
use of the measurements for an efficient fitting of clothes.
For applications a few main issues have to be considered (D’Apuzzo, 2003b):

• the portability of the equipment

• its simplicity of use

• the achieved accuracy of the obtained 3-D models

• which resolution is required.
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For virtual reality, the movie industry, computer animation and computer game ap-
plications (Balder et al., 1999; Badler, 2000; Siebert and Ju, 2000; Ju and Siebert,
2001; Pettré et al., 2008), where the shape of the human bodyis first built, then fit-
ted and animated, only an approximative measurement is required. A very precise
measurement of the body surface is required in medical applications (Bhatia et al.,
1994; D’Apuzzo, 1997; Schwenzer-Zimmerer et al., 2008) andmanufacturing appli-
cations, for example, in the space and aircraft industry forthe design of seats and
suits (McKenna, 1999) or more generally in the clothes or carindustries (Jones et al.,
1993; Certain and Stuetzle, 1999; Bradtmiller and Gross, 1999; Hasler et al., 2009).
For these purposes, methods have been developed to extract biometric information
from range data (Dekker et al., 1999). Anthropometric databases have been defined
(Paquet and Rioux, 1999; Robinette and Daanen, 1999; Lu and Wang, 2008); besides
the shape information, they contain also other records of the person, which can be
used for commercial or research purposes.
The currently used approaches for building such models are laser scanning, structured
light methods, silhouette extraction based methods and close range photogrammetry.
Laser scanners are quite standard in human body modeling, because of their simplic-
ity of use, the acquired expertise (Brunsman et al., 1997) and the related market of
modeling software (Burnsides, 1997). Structured light methods are well known and
used for industrial measurement to capture the shape of parts of objects with high ac-
curacy (Wolf, 1996; Breuckmann, 2007) and have already beenapplied to build full
body scanners (Bhatia et al., 1994; Horiguchi, 1998; Siebert and Marshall, 2000).
The acquisition time of both laser scanning and structured light systems ranges from
a couple of seconds to half a minute. In the case of human body modeling, this can
pose problems with accuracy caused by the need for a person toremain immobile for
several seconds (Daanen et al., 1997; Marshall et al., 2001).
The silhouette extraction based methods can also be employed for full body measure-
ments (Narayanan et al., 1998; Delamarre and Faugeras, 1999; Ertaud et al., 1999;
Hilton and Gentils, 1999; Cheung et al., 2003; Boyer and Franco, 2003; Franco et al.,
2006). Multiple cameras or a single moving camera are used toacquire a set of im-
ages around a person. A coarse 3-D model is determined by intersecting generalized
cones from extracted silhouettes of the person and projection center of each acquired
image. For this purpose the sensor model of the camera systemhas to be known and
corrected to avoid distortions. The system based on multiple cameras can measure
dynamic events (e.g., a person performing some movement); however, high accuracy
can only be achieved, if the foreground/background subtraction algorithm performs
well. This is the key issue for the reconstruction. By combining the extracted silhou-
ettes with stereo data (Vedula et al., 1998), more robust results can be obtained.
Another image approach to 3D scanning relies on using a series of slices through
the object. These can be obtained by actually cutting the object and taking optical
photographs of the ends or by using advanced sensors such as Ultrasound, Magnetic
Resonance Imaging (MRI), X-Ray Computed Tomography (CT), Confocal Micro-
scopes. The slices can be used to produce volumetric data (voxels) or feature extrac-
tion might be used on the images to produce contour lines. Both forms of data can be
readily converted to polygonal and surface models.
Photogrammetric solutions have already been used successfully for the measurement
of human body parts (D’Apuzzo, 2002) and can be extended to the measurement of
the entire body surface. Multiple synchronized cameras acquire images of a person
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simultaneously from different directions. The photogrammetric method can mea-
sure the surface of the human body very precisely, if the quality of the setup, syn-
chronization of the camera system, image acquisition, calibration and orientation,
and the establishment of correspondences is sufficient. In this case, the unconscious
movements of the subject do not affect the measurement because of the simultane-
ous acquisition of all the images; moreover, it is not requested to stay immobile and
(voluntary) movements can also be performed. The main advantages of this method
over the others are the high accuracy potential, the possibility to measure moving per-
sons and the lower cost of the required equipment. The disadvantage is the thorough
processing. Combined solutions fit complex human body models to data extracted
photogrammetrically from video sequences (Fua et al., 1998; Plänkers, 2001a).

1.2 MOTION CAPTURE

Motion capture systems record the pose of a person at each time stamp. In motion
capture sessions, movements of one or more actors are sampled many times per sec-
ond, although with most techniques (Recent developments from ILM use images for
2D motion capture and project into 3D) motion capture records only the movements
of the actor, not his/her visual appearance. This animationdata is mapped to a 3D
model so that the model performs the same actions as the actor. This is comparable
to the older technique of rotoscope where the visual appearance of the motion of an
actor was filmed, then the film used as a guide for the frame by frame motion of a
hand-drawn animated character. Camera movements can also be motion captured so
that a virtual camera in the scene will pan, tilt, or dolly around the stage driven by
a camera operator, while the actor is performing and the motion capture system can
capture the camera and props as well as the actor’s performance. This allows the com-
puter generated characters, images and sets, to have the same perspective as the video
images from the camera. A computer processes the data and displays the movements
of the actor, providing the desired camera positions in terms of objects in the set.
Retroactively obtaining camera movement data from the captured footage is known
as match moving. Motion capture technology is not limited tohumans. It is used
to record the movement of e.g.,animals,highly articulatedmachineries. In this thesis
the term motion capture is related to the movement of an humanbeeing. Motion cap-
ture supports a wide range of applications, including biomechanics, human-computer
interaction and computer based animations for the movie andgame industry.

• Biomechanicsresearch has first addressed the problem of acquiring the move-
ments of a human, mainly used as an analysis tool for human gait. Phys-
ical limitations and movement optimization are of great interest to athletes,
researchers, and doctors, as performance can be improved, and injuries evalu-
ated. Markerless motion capture allows clinicians to evaluate human motion,
without burdening patients with body suits or tracking devices. This allows
patients to move freely within a defined area, using cameras that map the sil-
houette of the person and fit 3 to 24 perspectives to a model of the person, to
track range of motion, gait, and several other biometric factors, and streams
this information live into analytical software. Because this system removes the
markers, patients, physicians and analysts are able to collect quantifiable data
in real-time with less patient inconvenience.
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• Human-Computer Interfaces, especially for virtual/augmented reality environ-
ments, benefit from Motion Capture in terms of an increased level of realism.
Virtual Reality and Augmented Reality allow users to interact with digital con-
tent in real-time. This can be useful for training simulations, visual perception
tests, or performing a virtual walk-throughs in a 3D environment. Motion cap-
ture technology is frequently used in digital puppetry systems, where digitally
animated 2D or 3D figures and objects in a virtual environmentare rendered in
real-time.

• Games and Movie Industryuses Motion Capture to animate artifical avatars
in games and movies from the (pre-)recorded motions of an actor. A realistic
perception of an avatar does not only depend on its appearance, but also on
the realism of its movements. Thus, mapping the real motionsof an actor to
the artifical avatar offers a realistic perception to the viewer. Motion capture
has begun to be used extensively to produce films which attempt to simulate or
approximate the look of live-action cinema, with nearly photorealistic digital
character models. The Polar Express used motion capture to allow Tom Hanks
to perform as several distinct digital characters (in whichhe also provided the
voices). The 2007 adaptation of the saga Beowulf animated digital characters
whose appearances were based in part on the actors who provided their motions
and voices.

Regarding to methods and systems, motion capture can be divided into three major
groups: magnetic, optical and mechanic systems. Differentcharacteristics can be
taken into account to classify them, e.g., accuracy, processing time, method used,
costs and portability of the system.

• Themagnetic systems(e.g., AscensionTM , PolhemusTM ) use electromagnetic
sensors connected to a computer unit which can process the data and produce
3–D data in real time. The major advantage of these systems isthe direct
access to the 3–D data without complex processing. For this reason they are
very popular in the animation community. Wireless systems have also been
developed to solve the disadvantage of restricted freedom of movement caused
by the cabling.

• Optical systems(e.g., Motion AnalysisTM , ViconTM , QualisysTM) are mostly
based on photogrammetric methods where the trajectories ofsignalized target
points on the body are measured very accurately (Tsuruoka etal., 1995; Boulic
et al., 1997, 1998). They offer complete freedom of movementand interac-
tion of different actors is also possible. Optical systems utilize data captured
from image sensors to triangulate the 3D position of a subject between one
or more cameras calibrated to provide overlapping projections. Data acquisi-
tion is traditionally implemented using special markers attached to an actor;
however, more recent systems are able to generate accurate data by tracking
surface features identified dynamically for each particular subject. Tracking
a large number of performers or expanding the capture area isaccomplished
by the addition of more cameras. These systems produce data with 3 degrees
of freedom for each marker, and rotational information mustbe inferred from
the relative orientation of three or more markers; for instance shoulder, elbow
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and wrist markers providing the angle of the elbow.In the last years, several im-
provements have been introduced, such as the use of smart cameras and CMOS
sensors to achieve real-time 3–D data acquisition (Richards, 1999; Kadaba and
Stine, 2000).

The image-based methods of human motion capture can be divided into:

Single camera systemsuse sequences of images acquired by a single camera.
To gain three-dimensional information from single video clips, knowledge of
human poses and/or motion must be used. In (Remondino, 2006a) a deter-
ministic pose estimation approach has been developed. Thisapproach uses
orthographic projection and the relative lengths of the segments of the human
skeleton. The reconstruction algorithm can be applied to a single image or a
sequence of images, given the image coordinates of some human joints and
the relative lengths of the skeleton segments. Some other workflows learn
from provided sample training data and apply statistical methods to get the per-
formed 3-D motion (Mahoney, 2000; Song et al., 2000; Rosalesand Sclaroff,
2000; Urtasun and Fua, 2004; Yang et al., 2008). Other systems perform the
tracking of defined human body models with constraints by sophisticated filter-
ing processes (Cham and Rehg, 1999; Segawa and Totsuka, 1999; Deutscher
et al., 2000; Okada and Stenger, 2008).

Multiple camera systemsuse sequences of images acquired simultaneously
by two or more cameras (Kakadiaris and Metaxas, 1996; Gavrila and Davis,
1996; Cheung et al., 2003; Carranza et al., 2003; Solutions,2009).Some sys-
tems assume very simple 3-D human models (e.g., articulatedobjects made
of cylinders) whose characteristical sizes and joint angles are determined by
comparing the projections of the model into the different images with the ex-
tracted silhouettes of the moving person (Delamarre and Faugeras, 1999; Che-
ung et al., 2000) or the extracted edges (Kinzel and Behring,1995; Gravila
and Davis, 1996). Other systems use image based tracking algorithms to track
three-dimensionally the surface of the human body (D’Apuzzo, 2000) or differ-
ent body parts (Ohno and Yamamoto, 1999). Mathematical models of human
motion can also be used to track directly in 3-D data, which can be trajec-
tories of known key points (Iwai et al., 1999) or dense disparity maps (Jojic
et al., 1999). More sophisticated methods fit generic human body models to
extracted 3-D data from video sequences (Fua et al., 2000; Herda et al., 2000;
Plänkers, 2001b; Fua et al., 2002).

• Electro-Mechanical systems(e.g., AnalogusTM ) have recently appeared in the
market: in this systems the person moving has to wear a special suit with in-
tegrated electro-mechanical sensors that register the motion of the different
articulations. This method also has the advantage of real-time data transfer
from the sensors to the computer with minimal processing. Moreover, it is less
expensive. Motorized video theodolites in combination with a digital video
camera have also been used for human motion analysis (Anai and Chikatsu,
1999, 2000).
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1.3 MOTIVATIONS

Tracking the pose of a human with special markers sticked on the body, is a widely
used technique in commercial motion capture systems. The tracking reliablity is im-
proved by using special (infrared) lighting. Tracking a human body without using
any markers or special clothes or special patterns projected on the body becomes
challenging as the correlation between features and body parts becomes much less
immediate. Only a short acquisition time can assure the accuracy potential of the
used system. Increasing the time required for data acquisition will affect negatively
the accuracy of the measurement. About this aspect, the proposed method is certainly
more adequate than structured light digitizers or laser scanners, since multi-images
can be acquired simultaneously by using synchronized cameras. Moreover, the si-
multaneous acquisition of the images allows the measurement of moving surfaces
and even the recording of dynamic events (surface tracking). Some other important
factors for the increasing interest in markerless human motion capture, analysis and
surface measurement are described as follows:

• The interest in virtual reality setups has increased over the past years, espe-
cially in the car industry, gaming industry and for product development. Using
markers and the corresponding special clothing reduce the level of realism in
e.g. training applications where trainees wear much different clothes.

• Getting markers attached to the body can interfere with the actions to be per-
formed.

• Marker-based systems tend to be expensive, as they use special illumination,
cameras, and clothes, and the auto-reflective markers.

• The tracking and modeling cannot be done in one way. The markers are dis-
turbing the surface modeling and/or texture mapping process.

Fig. 1.1 The work-flow for the markerless model based tracking/surface measurement.
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The negative aspects of the proposed method compared to the others are the total pro-
cessing time and the difficulty of use. In fact, multi image photogrammetry implies
different processing steps like system orientation and calibration, matching or silhou-
ette extraction, computation of 3-D coordinates, as shown in Fig. 1.1, whereas the
other systems deliver the results fast. Similarities can beshown in the easiness of use:
multi image photogrammetry requires the setting up of the camera system, its orien-
tation and calibration and the image acquisition whereas for, e.g., laser scanners, the
scanning device has to be placed and the scanning starts. These aspects are however
less relevant. The last considered aspect is the cost of the hardware which is in case
of multi image photogrammetry limited to the cameras, lenses and frame grabber or
synchronization device. A large variety of hardware existswith large costs differ-
ences depending of the quality, performance and characteristics. However, structured
light digitizers and laser scanners always require more expensive hardware. Con-
sidering simultaneously all aspects, the method proposed in this work is in principle
more adequate for the measurement of human body parts.

1.4 CONTRIBUTIONS

The work, which is presented in this thesis pertains mostly to the automatisation
of the work flow for model based markerless human body modeling/tracking. We
investigated in:

• theautomatisation of the multi camera orientation and calibration method. We
have developed a scene description language (SDL) for the bundle adjustment.
The interpreter of the SDL collects all needed observationsfor the adjustment
and derives the result in a graphical way. The graphical userinterface allows to
inspect the camera setup and evaluates the approximations for the adjustment.

• the foreground and background segmentationof the human movement scene.
The image sequence character and the knowledge of additional spatial infor-
mation about the “empty scene” and/or the human body approximation allow
to make useful combinations with excellent results. The spatial and temporal
character of the video sequence is fully exploited.

• the model based tracking methodfor human motion capture. The tracking
method uses an articulated stick model to fit to the 3D point cloud. The 3D
point cloud is derived through a least squares temporal matching approach and
a forward intersection. The fitting process uses a minimization algorithm to
lead the model through the object space. The complication ofthe fitting process
is that very different configurations in the parameter spaceyield images that
are quite similar in image space. The multi-view setup allows to overcome this
problem, as ambiguities in one view can be disambiguated with the help of
another.

• refinement of the articulated stick modelto a human surface model. A well-
known problem in tracking and modeling of the human surface is occlusion
and in particular self-occlusion. Given the highly flexiblestructure of the hu-
man body, self-occlusion between body parts occur quite frequently. Partially
occluded body parts complicate the process of finding correspondences signif-
icantly, as important information about their placement ishidden. Our method
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uses multi stereo information with a well defined visibilty check. We lead the
search patches along a 3D scan line to derive the correct point cloud of the
human surface. This method needs the approximative search range for the 3D
scan line provided by the attached quadrics of the articulated stick model.

1.5 CONTENTS

The project is about synthetic modeling of human bodies and the simulation of mo-
tion. It concentrates on a video-based approach. The ultimate goal of the project is to
automate the process of building a complete model that reproduces a specific person
including realistic movements.
In the secondChapter 2we review different technologies and industrial products for
human body modeling and surface measurement. This chapter shows an overview
of available 3D human body scan equipments for human body modeling and motion
capture.
Our approach focuses on multi-image sequences acquired simultaneously from syn-
chronized progressive scan CCD cameras. The term multi-images refers to multiple
captures from different positions in space, describing thesame scene. Also, the term
sequence refers to multi-images acquired during one time interval.
The overall system is designed to acquire and record images simultaneously from
maximum six cameras. The system is comprised of three computers; each computer
controls two cameras. Among the three computers, there is one master computer
and two slaves. To assure perfect synchronization between all cameras, the master
computer includes a timing generator hardware that will be used to trigger the six
cameras at the exact same time. This system setup and the procedure of acquiring the
data are described inChapter 3.
System calibration is defined as the simultaneous calibration and orientation of all
the components involved in the acquisition system. Camera calibration refers to the
determination of the parameters describing the internal geometry of the individual
imaging devices and other parameters modeling the systematic errors caused by the
optical system and other sources. Camera orientation includes the determination of
the parameters of exterior orientation to define the camera station and camera axis in
the 3D space. A thorough determination of all the parametersis required for accurate
measurements. The automatic calibration process of the multi-station photogramme-
try is presented inChapter 4.
We focus on a method, which uses the advantages of a model based (generic model)
and image based approach to recover both 3-D shape and 3-D motion information
from video sequences. Multiple synchronized cameras acquire images of a person
simultaneously from different directions. The photogrammetric method can measure
the surface of the human body very precisely, if the setup of the camera system,
the quality of the acquired images, calibration and orientation, and the quality and
reliabilty of the image matching algorithm are sufficient. In this case, the unconscious
movements of the subject do not affect the measurement because of the simultaneous
acquisition of all the images; moreover, it is not requestedto stay immobile and
(voluntary) movements can also be performed. The main advantages of this method
over the others are the high accuracy potential, the possibility to measure moving
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persons and the lower cost of the required equipment.Chapter 5reviews different
investigations in human body modeling and motion tracking.
The last chapterChapter 6gives the conclusions of this work and finishes with some
future aspects.
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Chapter 2

Actual State of Technology

2.1 HUMAN BODY MODELING

New methods and techniques were continuously developed forthe digitization of the
human body and new tools were introduced for a more efficient use of the resulting
data. The number of available solutions increased. With thepossibility of a massive
cost reduction given by the new technologies, human body digitization became in-
teresting also to other fields of application. The actual state of technology of human
body measurement can be divided in mainly three different groups. The three groups
are:

• Structured light

• Combination of modeling and image processing

• Group of other active sensors

More detailed comparisions and up-to-date market studies can be found in (D’Apuzzo,
2007), where especially the fashion and apparel industry ishighlighted.

2.1.1 Structured Light

Structured light is the projection of a light pattern (plane, grid, or more complex
shape) at a known angle onto an object. This technique can be very useful for imag-
ing and acquiring dimensional information. The most often used light pattern is
generated by fanning out a light beam into a sheet-of-light.When a sheet-of-light in-
tersects with an object, a bright line of light can be seen on the surface of the object.
By viewing this line of light from an angle, the observed distortions in the line can
be translated into distance variations. Shape from structured light is therefore based
on active triangulation.

• Laser Scanning:Laser scanning technology uses lasers to project one or more
thin and sharp stripes onto the human body. Simultaneously,light sensors ac-
quire the scene and by applying simple geometrical rules thesurface of the
human body is measured. To assure the inoffensiveness of thelight beam,
only eye-safe lasers are used. Special optical systems and mirrors are used
for the generation of stripes from a single laser light beam.The laser scanner
unit, which is composed of the laser, the optical system and the light sensor,
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is moved across the human body to digitize the surface. The type of move-
ment and the number of employed units can vary depending on the human
body part to be measured. For example, the full body scanner of Vitronic (Fig.
2.1 left) (Vitronic, 2006) consists of three scanner units that move vertically
synchronously along three pillars. A second example is the head scanner of
Cyberware (Fig. 2.1 center) (Cyberware, 2007). In this case, a unique scanner
unit moves in a circle around the head of a person.

Fig. 2.1 Laser scanning systems. Left: full body scanner Vitus LC of Vitronic GmbH (Vitronic,
2006). Center: head scanner HS 3030RGB/PS of Cyberware Inc. (Cyberware, 2007). Right:
foot scanner Yeti of Vorum Research Corp. (Vorum, 2006).

As another example the foot scanner of Vorum Research Corp. (Vorum, 2006)
is shown: the scanner is composed of three units, which move horizontally,
two laterally and one from the bottom (Fig. 2.1 right). The high costs for
production of hardware components for the laser scanning technology have
to be considered as disadvantage. Additionally to the laser, the light sensor
and the optical system, also precise electric motors have tobe used for the
displacement of the scanner units. Moreover, the complete scanning system has
to be calibrated so that the geometrical disposition of all the elements can be
determined exactly. A second disadvantage of this method isthe time required
for the digitization of large surfaces. There is no problem for the measurement
of extremities as feet and hands, since these body parts can be kept immobile
for some seconds. But, in the case of the measurements of heador full body,
it is practical impossible to stay immobile for several seconds. Uncontrolled
movements as breathing or muscle contraction generate errors. XFitArmyTM is
an all in all solution, which is used e.g. in Swiss Army for therecruiting
process. The system of (HumanSolutions, 2007) consist of:

– XFITTMStation Client Pro: Acquisition unit with the scanning device for
the human body.

– XFITTMStation Stand-Alone: Central administrator unit.

– XFITTMCentral Scan Server: Data storage with browser based user inter-
face.

– IT Back-Office Systems: warehouse system, ordering and procurement
database, and central soldier administration.

• Projection of White Light Patterns:Projection of White Light Patterns The
key feature of a structured light system is the replacement of one of the cam-
eras with an active light source, which illuminates the object with a known
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Fig. 2.2 Fitting clothes to human bodies. At the moment in total 6 body scanners are used
e.g. for body measurements at the recruiting for Swiss Army (HumanSolutions, 2007).

pattern (Fig. 2.4). This solves the correspondence problemin a direct way.
Many variants of the active light principle exist. The codedstructured light
technique, also called topometric technique, is based on a unique codification
of each light token projected onto the object. When a token isdetected in the
image, the correspondence is directly solved by the decodification. It requires a
complex light projection system. The time-multiplexing, also called temporal
codification, with a combined Gray code and phase shifting isthe mostly em-
ployed technique. The optoTOP-HE and optoTOP-SE sensors (Fig. 2.5) from
Breuckmann (Breuckmann, 2007) use the same technique. A Gray code is a
binary numeral system where two successive values differ inonly one digit,
i.e. 000,001,010,011, in natural (plain) binary codes, and 000,001,011,010,
in gray binary codes. It was invented and patented by Frank Gray at Bell Labs.
For the case of coded structured light systems it is superiorto the natural binary
codification, since it resolves the ambiguity better at the edges of consecutive
patterns. A sequence of gray coded binary fringe patterns isprojected onto the
object. This divides the object into a number of 2n sections, wheren is the
number of pattern sequences, e.g. 128 sections forn = 7. Thus each pixel is
associated with a codeword, which is the sequence of 0s and 1s obtained from
the n patterns. The codeword establishes the correspondences relating the im-
age pixels to the projector stripe numbers. The object spacepoint coordinates
are calculated using the spatial intersection provided that system calibration is
known. All pixels belonging to the same stripe in the highestfrequency pat-
tern share the same codeword. This limits the resolution to half the size of the
finest pattern. An additional periodical pattern is projected several times by
shifting it in one direction in order to increase the resolution of the system. For
each camera pixel the corresponding projector stripe number with sub-stripe
accuracy is yielded by a phase shift method (Burke et al., 2002).

2.1.2 Passive Systems

This group comprehends all the passive measurement methods, i.e. with the only
use of image data acquired by one or multiple cameras and without the need of ex-
ternal light sources. Photogrammetric, computer vision and image processing tech-
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Fig. 2.3 Scanning with Breuckmann (Breuckmann, 2007) optoTOP-HE. Around 25face scans
where acquired during a Science City initiative at ETHZ (19.11.2006). The object coordinates
are projected into the image plane and every point is rendered with the corresponding RGB
values.

niques are employed to gain 3D data from the images. The mostly applied passive
methods for the measurement of the human body are: single-image photogramme-
try/computer vison, multi-image photogrammetry, combination of image and model
based approach, visual hull and pseudo visual hull.

• In Figure 2.6 the images are acquired with a still-video camera or with a cam-
corder. A complete reconstruction of the human body requires a 360 degrees
azimuth coverage: in these cases the acquisition lasts ca. 45 seconds (less time
is necessary if a camcorder is used) and requires no movements of the person.

The obtained 3D shape (ca 20 000 points) is visualized using the radiometric
information recovered from the images (Figure 2.7).

• Multi-image photogrammetry employs multiple images acquired from differ-
ent directions by calibrated cameras. Sophisticated matching algorithms deter-
mines corresponding points in the different images; by forward rays intersec-
tion it is then possible to compute their 3D coordinates, resulting in a dense 3D
points cloud. Figure 2.8 shows an example of multi-image photogrammetry
used for the 3D measurement of a human body model.
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Fig. 2.4 Equipment of Breuckmann’s (Breuckmann, 2007) optoTOP-HE. Performance analy-
sis is done in (Akca et al., 2007).

Fig. 2.5 Breuckmann optoTOP-HE.

Fig. 2.6 The camera positions and orientations through tie points and bundle adjustment
((Remondino, 2006a)).

• This technology utilizes image processing and modeling techniques for the
digitization of the human body. In this case, 3D measurements are not per-
formed, but 3D information is generated and extracted from 2D. Two examples
are described to explain this technique: the 2D full body scanner Contour of
Human-Solutions (HumanSolutions, 2007) and the face modeler FaceGen of
Singular Inversions (Inversions, 2008). By the first example, three images of a
person are acquired (two from the front and one from the side). By using the
symmetry of the human body, the most important sizes of body are computed
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Fig. 2.7 The recovered 3D point cloud from single image acquisition ((Remondino, 2006a)).

from the silhouettes of the body. The extracted body sizes are used, in this
specific example, for the preparation of mass customized dresses.

• The method of visual hull employs a set of images acquired from different
directions. In this case the 3D reconstruction is performedby the volume inter-
section approach. Figure 2.10 (left) shows its principle: the bounding geometry
of an object imaged by multiple cameras can be obtained by intersecting the
cones formed by its projection onto the image planes and the focal points of
the cameras. The resulting 3D volume is called visual hull. The more cam-
eras are employed, the more precise is the obtained visual hull. In the practical
situation, the object in the images has to be separated from the background in
order to obtain a binary image representing its silhouette.Figure 2.10 (on the
right) shows an example of a full body 4D scanning system of the company 4D
View Solutions (Solutions, 2009) based on visual hull. The used eight images,
the extracted silhouettes and the obtained 3D reconstruction are shown.

• The next passive method, so called pseudo visual hull, also utilizes silhouettes
images but in a simpler way. In this case, body measures are extracted from a
limited number of images. For example two images of a person are acquired:
from the front and from the side. By using the symmetry of the human body,
the relevant measures of the human body are determined with sufficient accu-
racy from the silhouettes.

2.1.3 Group of other Active Sensors

In the recent years, new technologies based on active sensors have been applied also
for the measurement of the surface of the human body. A very interesting product re-
sulted by applying cylindrical holographic imaging technology onto the human body,
allowing to perform a whole body scan while the person remains fully clothed. In
this case the active sensor uses non-harmful, ultrahigh frequency radio waves to ob-
tain accurate body measurements. A millimeter-wave array/transceiver illuminates
the human body with extremely low-powered millimeter waves. The radiation pen-
etrates clothing and reflects off the body. The reflected signals are collected by the
array/transceiver and analyzed by a image processing computer. The company Intel-
lifit Corporation (Intellifit, 2007) translated this technology into a complete solution
to extract 3D human body measurements for custom fit applications. Intellifit System
is composed of the 3D scanner based on the millimeter-waves technology and the ac-
companying software. The scanning process works in the following way: a person
steps inside the Intellifit cabin without undressing, the “L” shaped millimeter-waves
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Fig. 2.8 The recovered 3D point cloud from multi image acquisition ((D’Apuzzo, 2003b)).

transceiver swings around and over the person to acquire therequired data. The en-
tire scanning process lasts about 10 seconds and the collected data consists of about
200.000 points on the surface of the human body. Out of the measurements, auto-
matic algorithms determine about 200 characteristic body sizes of the human body
with an accuracy of about 6[mm].
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Fig. 2.9 2D Full body scanner Contour of Human-Solutions (HumanSolutions, 2007), scan-
ning equipment and silhouettes images used for the measurement.

Fig. 2.10 Left: principle of the visual hull method. Right: example of 4D capture system
based on visual hull, 4DV Classic of 4D View Solutions.

A second technology based on other active sensors is also exploited for the measure-
ment of the external surface of the human body. In this case, 3D cameras employ
special CMOS sensors where each pixel measures the distanceto the imaged surface
part. Different manufactures are present in the market. Fig. 2.11 (right) shows the
example of 3D camera ofCSEM10 (Swissranger, 2007) . These cameras are based on
the phase-measuring time-of-flight (TOF) principle. A light source (in this case, an
array of emitting diodes) emits a near-infrared wave front that is intensity-modulated.
The light is reflected by the scene and imaged by an optical lens onto the dedicated
3D-sensor. Depending on the distance of the target, the captured imaged is delayed
in phase compared to the originally emitted light wave. Measuring the phase delay,
the distances of the complete scene can be determined. The result of the acquisition
is a depth map of the scene. The core of such cameras is the CMOSsensor . In fact,
the 3D measurement method based on TOF is integrated in the CMOS sensor. Each
pixels of the sensor is constructed to measure the phase difference between the emit-
ted light source and the captured returning light. The results are real-time 3D images
of the recorded scene. The actual CMOS technology limits thesensor size to about
25KPixels. For this reason, these sensors can be exploited only for fewapplications
regarding the human body, as for example in security (surveillance) or automotive
(e.g. recognition of pedestrians, controlling the airbag system). One key topic in the
research of higher quality is the detection of moving objects with particle tracking
(Kahlmann and Ingensand, 2006) and the calibration of the image sensor (Kahlmann
et al., 2007) with additional distance information to achieve better stability for the
sensor model.
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(a) (b)
Fig. 2.11 (a) Showing a 160x124pixel intensity image of SwissRanger 2000. The sensor is
able to measure the distance and the intensity of an emitted infrared wave foreach pixel.(b)
SwissRanger 2000 and SwissRanger SR-3000 (Swissranger, 2007) from CSEM (CSEM,
2007).
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Fig. 2.12 Digital e-tape measurement of key body parts. The data is transfered with WLAN
from the measuring unit to a PC.

2.1.4 Digital Manual Measurements

Another widely used technology for digital measurement of the human body has to be
mentioned. It is a simple but effective method: the electronic tape measurement. The
method combines classical human body measurement and digital technology. The
measurement process is completely similar to the classicaltape measurement, where
lengths are measured by a tape at different key-location of the human body (chest,
waist, sleeve, etc.). The tape device records electronically the measured distances.
Some devices, as for example the e-tape of E-Measurement (E-Measurement, 2007)
showed in Fig. 2.12, delivers the measured data to PC via wireless. In this way, the
tape measurement process results faster, simpler, and moreflexible.

2.1.5 Considerations

There are some criteria, which have to be kept in mind in choosing an adequate
scanning system. The main criteria are:

• Costs? Declared budget for the application, etc.

• Measurement of? Full body, head, face, foot, etc.

• Quality and type of result? Accuracy, resolution, surface or point cloud, texture
or color or b/w, etc.

• Processing? Processing time, acquisition time, technicalknow-how, automa-
tism, etc.

• Environment? Space limitation, transportability, installation, light condition,
sterilization, etc.

• Dedicated solutions for? Crystal engraving, mass customization, plastic surgery,
computer games, etc.

The high costs for the production of hardware components forthe laser scanning
technology have to be considered as disadvantage. Additionally to the laser, the light
sensor and the optical system, also precise electric motorshave to be used for the
displacement of the scanner units. Moreover, the complete scanner system has to be
calibrated so that the geometrical disposition of all the elements can be determined
exactly. A second disadvantage of this method is the time required for the digitization
of large surfaces. There is no problem for the measurement ofextremities as feet and
hands, since these body parts can be kept immobile for some seconds. But, in the case
of the measurements of head or full body, it is practical impossible to stay immobile
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for several seconds. Uncontrolled movements as breathing or muscle contraction can
generate errors, especially in the case of face measurementwith its small scale and
the required high resolution. More advantageous in the sense of particular moving
and price in comparison to laser scanning, are combined techniques mentioned as
image processing and modeling and range imaging techniques.

2.2 HUMAN MOTION ANALYSIS

Years of technological development has resulted into many systems for measuring
body segment positions and angles between segments. Motiontracking or motion
capture started as a photogrametric analysis tool in biomechanics research in the
1970s and 1980s, and expanded into education, training, sports and recently com-
puter animation for cinema and video games as the technologymatured. The human
body is often considered as a system of rigid links connectedby joints. Human body
parts are not actually rigid structures, but they are customarily treated as such during
studies of human motion. A performer wears markers near eachjoint to identify the
motion by the positions or angles between the markers. Acoustic, inertial, LED, mag-
netic or reflective markers, or combinations of any of these,are tracked, optimally at
least two times the rate of the desired motion, to submillimeter positions. They can
be categorized in optical and non-optical systems.

2.2.1 Optical Systems

Commercial optical systems such as Vicon (reflective markers) (Vicon, 2007) or Op-
totrak (active markers) (Optotrak, 2007) are often considered as a standard equipment
in human motion analysis. Optical systems utilize data captured from image sensors
to triangulate the 3D position of a subject between one or more cameras calibrated
to provide overlapping projections. Data acquisition is traditionally implemented us-
ing special markers attached to an actor; however, more recent systems are able to
generate accurate data by tracking surface features identified dynamically for each
particular subject. Tracking a large number of performers or expanding the capture
area is accomplished by the addition of more cameras. These systems produce data
with 3 degrees of freedom for each marker, and rotational information must be in-
ferred from the relative orientation of three or more markers; for instance shoulder,
elbow and wrist markers providing the angle of the elbow. Although these systems
provide relatively accurate position information, there are some important limita-
tions. The most important factors are the high costs, occlusion problems and limited
measurement volume. The use of a specialized laboratory with fixed equipment im-
pedes many applications, like monitoring of daily life activities, control of prosthet-
ics or assessment of workload in ergonomic studies. In the past few years, the health
care system trend toward early discharge to monitor and train patients in their own
environment. This has promoted a large development of non-invasive portable and
wearable systems. Inertial sensors have been successfullyapplied for such clinical
measurements outside the lab. Moreover, it has opened many possibilities to capture
motion data for athletes or animation purposes without the need for a studio.

2.2.1.1 Passive Markers Passive optical system use markers coated with a retrore-
flective material to reflect light back that is generated nearthe cameras lens. The
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camera’s threshold can be adjusted so only the bright reflective markers will be sam-
pled, ignoring skin and fabric. The centroid of the marker isestimated as a position
within the 2 dimensional image that is captured. The grayscale value of each pixel
can be used to provide sub-pixel accuracy by finding the centroid of the Gaussian. An
object with markers attached at known positions is used to calibrate the cameras and
obtain their positions and the lens distortion of each camera is measured. Providing
two calibrated cameras see a marker, a 3 dimensional fix can beobtained. Typically
a system will consist of around 6 to 24 cameras. Systems of over three hundred cam-
eras exist to try to reduce marker swap. Extra cameras are required for full coverage
around the capture subject and multiple subjects. Vendors have constraint software
to reduce problems from marker swapping since all markers appear identical. Unlike
active marker systems and magnetic systems, passive systems do not require the user
to wear wires or electronic equipment rather hundreds of rubber balls with reflective
tape, which needs to be replaced periodically. The markers are usually attached di-
rectly to the skin (as in biomechanics), or they are velcroedto a performer wearing
a full body spandex/lycra suit designed specifically for motion capture (Fig. 2.13).
This type of system can capture large numbers of markers at frame rates as high as
2000fps. The frame rate for a given system is often traded offbetween resolution
and speed so a 4 megapixel system runs at 370 hertz normally but can reduce the
resolution to.3 megapixels and then run at 2000 hertz. Typical systems are $100,000
for 4 megapixel 360 hertz systems, and $50,000 for.3 megapixel 120 hertz systems.

Fig. 2.13 A dancer wearing a suit used in an optical motion capture system.

2.2.1.2 Active Marker Active optical systems triangulate positions by illuminat-
ing one LED at a time very quickly or multiple LEDs with software to identify them
by their relative positions, similar to celestial navigation. Rather than reflecting light
back that is generated externally, the markers themselves are powered to emit their
own light. Since Inverse Square law provides 1/4 the power at2 times the distance,
this can increase the distances and volume for capture. ILM used active Markers in
Van Helsing to allow capture of the Harpies on very large sets. The power to each
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marker can be provided sequentially in phase with the capture system providing a
unique identification of each marker for a given capture frame at a cost to the re-
sultant frame rate. The ability to identify each marker in this manner is useful in
realtime applications (Fig. 2.14). The alternative methodof identifying markers is to
do it algorithmically requiring extra processing of the data.

Fig. 2.14 A high-resolution active marker system with 3,600 x 3,600 resolution at 480 hertz
providing real time submillimeter positions.

2.2.1.3 Time Modulated Active Marker Active marker systems can further be
refined by strobing one marker on at a time, or tracking multiple markers over time
and modulating the amplitude or pulse width to provide marker ID. 12 megapixel
spatial resolution modulated systems show more subtle movements than 4 megapixel
optical systems by having both higher spatial and temporal resolution. Directors
can see the actors performance in real time, and watch the results on the mocap
driven CG character. The unique marker IDs reduce the turnaround, by eliminating
marker swapping and providing much cleaner data than other technologies. LEDs
with onboard processing and a radio synchronization allow motion capture outdoors
in direct sunlight, while capturing at 480 frames per seconddue to a high speed
electronic shutter. Computer processing of modulated IDs allows less hand cleanup
or filtered results for lower operational costs. This higheraccuracy and resolution
requires more processing than passive technologies, but the additional processing
is done at the camera to improve resolution via a subpixel or centroid processing,
providing both high resolution and high speed. These motioncapture systems are
typically under $50,000 for an eight camera, 12 megapixel spatial resolution 480
hertz system with one actor.

2.2.1.4 Semi-passive Imperceptible Marker One can reverse the traditional ap-
proach based on high speed cameras. Systems such as Prakash (Fig. 2.15) use in-
expensive multi-LED high speed projectors. The specially built multi-LED IR pro-
jectors optically encode the space. Instead of retro-reflective or active light emitting
diode (LED) markers, the system uses photosensitive markertags to decode the op-
tical signals. By attaching tags with photo sensors to scenepoints, the tags can com-
pute not only their own locations of each point, but also their own orientation, inci-
dent illumination, and reflectance. These tracking tags that work in natural lighting
conditions and can be imperceptibly embedded in attire or other objects. The system
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supports an unlimited number of tags in a scene, with each taguniquely identified to
eliminate marker reacquisition issues. Since the system eliminates a high speed cam-
era and the corresponding high-speed image stream, it requires significantly lower
data bandwidth. The tags also provide incident illumination data which can be used
to match scene lighting when inserting synthetic elements.The technique is therefore
ideal for on-set motion capture or real-time broadcasting of virtual sets.

Fig. 2.15 IR sensors can compute their location when lit by mobile multi-LED emitters, e.g. in
a moving car. With Id per marker, these sensor tags can be worn under clothing and tracked
at 500 Hz in broad daylight.

2.2.1.5 Markerless Emerging techniques and research in computer vision are
leading to the rapid development of the markerless approachto motion capture.
Markerless systems do not require subjects to wear special equipment for tracking.
Special computer algorithms are designed to allow the system to analyze multiple
streams of optical input and identify human forms, breakingthem down into con-
stituent parts for tracking. Applications of this technology extend deeply into popu-
lar imagination about the future of computing technology. These systems work well
with large motions, but tend to have difficulties with fingers, faces, wrist rotations
and small motions. Some systems require no special suits, while others prefer special
colors to identify limbs.
A few years ago, a new technology was developed to full functionality, which is able
to capture the environment simultaneously acquire an imageand measure distances
for each pixel (Chapter 2.1.3). So-called range imaging (RIM) or flash radar cameras,
which are based on digital imaging technology, merged with the ability to measure
the distance to the corresponding object point in each pixel. Distance measurement
is either based on the direct or indirect Time-of-Flight principle. Due to its parallel
acquisition with up to video frame rate, RIM cameras are evenable to capture moving
objects (Fig. 2.16). With respect to the optical dependencies, 3-D coordinates of the
captured scene are derived. The nominal precision of the distance measurement is a
few millimeters. RIM could become the technology of choice for many applications,
if the properties and characteristics become stable and predictable.

2.2.2 Non-optical Systems

The non-optical systems can be split into magnetic sensors,mechanical sensors, and
inertial systems.

2.2.2.1 Magnetic Sensors Magnetic systems calculate position and orientation
by the relative magnetic flux of three orthogonal coils on both the transmitter and each
receiver. The relative intensity of the voltage or current of the three coils allows these
systems to calculate both range and orientation by meticulously mapping the tracking
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Fig. 2.16 Point cloud acquired by a SwissRanger SR-3000 RIM camera.

volume. JZZ Technologies, Inc uses this hardware in their E-Factor motion capture
analysis program. The sensor output is 6 degrees of freedom,which provides useful
results obtained with two-thirds the number of markers required in optical systems;
one on upper arm and one on lower arm for elbow position and angle. The markers
are not occluded by nonmetallic objects but are susceptibleto magnetic and electrical
interference from metal objects in the environment, like rebar (steel reinforcing bars
in concrete) or wiring, which affect the magnetic field, and electrical sources such as
monitors, lights, cables and computers. The sensor response is nonlinear, especially
toward edges of the capture area. The wiring from the sensorstends to preclude
extreme performance movements. The capture volumes for magnetic systems are
dramatically smaller than they are for optical systems. With the magnetic systems,
there is a distinction between AC and DC systems: one uses square pulses, the other
uses sine wave pulse.

2.2.2.2 Mechanical Sensors Mechanical motion capture systems directly track
body joint angles and are often referred to as exo-skeleton motion capture systems,
due to the way the sensors are attached to the body. A performer attaches the skeletal-
like structure to their body and as they move so do the articulated mechanical parts,
measuring the performers relative motion. Mechanical motion capture systems are
real-time, relatively low-cost, free-of-occlusion, and wireless (untethered) systems
that have unlimited capture volume. Typically, they are rigid structures of jointed,
straight metal or plastic rods linked together with potentiometers that articulate at the
joints of the body. These suits tend to be in the $25,000 to $75,000 range plus an
external absolution positioning system.

2.2.2.3 Inertial Sensors Inertial Motion Capture technology is based on minia-
ture inertial sensors, biomechanical models and sensor fusion algorithms. It’s an easy
to use and cost-efficient way for full-body human motion capture. The motion data of
the inertial sensors (inertial guidance system) is transmitted wirelessly to a PC or lap-
top, where the full body motion is recorded or viewed. Most inertial systems use Gy-
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roscopes (Fig. 2.17) to measure rotations. These rotationsare translated to a skeleton

Fig. 2.17 PhysilogsTMgyroscope described as kinematic sensor acquires data at a frequency
of 200Hz.

in the software. Much like optical markers, the more gyro’s the more human like the
data. Gyroscopes are instruments that are used to measure angular motion. There are
two broad categories namely mechanical gyroscopes and optical gyroscopes. Within
both of these categories, there are many different types available. The first mechan-
ical gyroscope was built by Foucault in 1852, as a gimbaled wheel that stayed fixed
in space due to angular momentum while the platform rotated around it. Mechani-
cal gyroscopes operate on the basis of conservation of angular momentum by sensing
the change in direction of an angular momentum. According toNewton’s second law,
the angular momentum of a body will remain unchanged unless it is acted upon by
a torque. Gimbaled and laser gyroscopes are not suitable forhuman motion analysis
due to their large size and high costs. Over the last few years, microelectromechani-
cal machined (MEMS) inertial sensors have become more available. Vibrating mass
gyroscopes are small, inexpensive and have low power requirements, making them
ideal for human movement analysis. A vibrating element (vibrating resonator), when
rotated, is subjected to the Coriolis effect that causes secondary vibration orthogonal
to the original vibrating direction. By sensing the secondary vibration, the rate of
turn can be detected. The Coriolis force is given by: Inertial Motion Capture technol-
ogy is based on miniature inertial sensors, biomechanical models and sensor fusion
algorithms. It’s an easy to use and cost-efficient way for full-body human motion cap-
ture. The motion data of the inertial sensors (inertial guidance system) is transmitted
wirelessly to a PC or laptop, where the full body motion is recorded or viewed. No
external cameras, emitters or markers are needed for relative motions. Inertial mocap
systems capture the full six degrees of freedom body motion of a human in real-time.
Benefits of using Inertial systems include: No solving, freedom from studios as most
systems are portable, and large capture areas. These systems are similar to the Wii
controllers but much more sensitive and having much greaterresolution and update
rate. They can accurately measure the direction to the ground to within a degree. No
external cameras, emitters or markers are needed for relative motions. Inertial mocap
systems capture the full six degrees of freedom body motion of a human in real-time.
Benefits of using Inertial systems include; No solving, freedom from studios as most
systems are portable, and large capture areas. These systems are similar to the Wii
controllers but much more sensitive and having much greaterresolution and update
rate. They can accurately measure the direction to the ground to within a degree. The
popularity of inertial systems is rising amongst independent game developers, mainly
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because of the quick and easy set up resulting in a fast pipeline. A range of suits are
now available from various manufacturers and base price’s range from $25,000 to
$80,000 USD.

2.2.3 Considerations

Human motion analysis offers several advantages over traditional computer anima-
tion of a 3D model:

• More rapid, even real time results can be obtained. In entertainment applica-
tions this can reduce the costs of keyframe-based animation.

• The amount of work does not vary with the complexity or lengthof the per-
formance to the same degree when using traditional techniques. This allows
many tests to be done with different styles or deliveries.

• Complex movement and realistic physical interactions suchas secondary mo-
tions, weight and exchange of forces can be easily recreatedin a physically
accurate manner.

The disadvantages of human motion analysis can be listed as:

• Specific hardware and special programs are required to obtain and process the
data.

• The cost of the software and equipment, personnel required can be prohibitive
for small productions.

• The capture system may have specific requirements for the space it is operated
in depending on camera field of view.

• When problems occur it is easier to reshoot the scene rather than trying to
manipulate the data. Only a few systems allow real time viewing of the data to
decide if the take needs to be redone.

• Capturing motion for quadruped characters can be difficult.

• The results are limited to what can be performed within the capture volume
without extra editing of the data.

• Movement that does not follow the laws of physics generally cannot be cap-
tured.

• Traditional animation techniques such as added emphasis onanticipation and
follow through, secondary motion or manipulating the shapeof the character
as with squash and stretch animation techniques must be added later.

• If the computer model has different proportions from the capture subject ar-
tifacts may occur. For example, if a cartoon character has large, over-sized
hands, these may intersect strangely with any other body part when the human
actor brings them too close to his body.

• The real life performance may not translate on to the computer model as ex-
pected.
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2.3 STATE OF THE ART IN SYNCHRONIZED ACQUISITION
SYSTEMS

Our approach focuses on multi-image sequences acquired simultaneously from syn-
chronized progressive scan CCD cameras. The term multi-images refers to multiple
captures from different positions in space, describing thesame scene. Also, the term
sequence refers to multi-images acquired during one time interval. This system is
used for human surface measurement as well as human motion capture. We focus on
the multi-camera approach, whereelse other technologies are dealing with different
combinations.

2.3.1 Multi-Camera-Projector System

Multi-camera-projector systems have gained an increase ofinterest over the past
years and stimulated the development of a variety of applications such as immersive
environments, structured light scanning systems, and multi-projector display-walls.
A few publications about the calibration of such a heterogensystem are available
(Griesser and Van Gool, 2006).

2.3.2 Multi-Camera-System

In this section we overview different ways for synchronizing cameras. Starting with
the most precise ones (hardware and network synchronized),to software synchro-
nized, and out of image information synchronized approaches

2.3.2.1 Hardware Synchronized Systems (Trigger) The methods of the first
group use hardware components for the synchronization of the cameras. These hard-
ware components are e.g. hardware trigger boxes or frame grabbers. They send
synchronization trigger signals to the connected cameras (Santel et al., 2003). The
synchronization accuracy depends on the accuracy of the trigger devices, which gen-
erate the synchronization signal. Other methods of this group use mirror systems, e.g.
a beam splitter in front of a single camera e.g. (Hastedt et al., 2005). With a stereo
beam splitter two virtual cameras are simulated which acquire the scene exactly syn-
chronously. The available horizontal resolution per imageis only 50%. Through the
use of hardware components with a single camera the acquiredimage sequences are
exactly in synchronization, but the set-up of these systemsis fixed.

2.3.2.2 Software Synchronized Systems These methods use only software to
synchronize asynchronously acquired image sequences. Here the cameras do not
have to be physically connected to any kind of master system and no special hardware
devices are necessary. In some applications the used cameras can have an arbitrary,
also varying time offset, e.g. due to different frame rates.The parameters for the
asynchronism are determined during the analysis of object points. In some cases the
temporal alignment is separated from the spatial alignmentand is carried out in a
preliminary step.

2.3.2.3 Network Synchronized Systems The first blue-c portal enables a num-
ber of participants to interact and collaborate inside an immersive, virtual world,
while perceiving the photorealistic three-dimensional human inlays of their collab-
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Fig. 2.18 Monkeys for the ViRoom. The top box shows processes running on the local com-
puters with attached cameras. The bottom one shows the control computer with the control
process (Doubek et al., 2003a).

oration partners in real time. It is based on a three-sided stereo projection system.
In order to have a full coverage of the user inside the system,16 cameras are placed
outside of the projection room. Special liquid crystal projection screens allow the
cameras to look inside the projection room while simultaneously serving as a back
projection screen for the user (Blue-C, 2008). To acquire multi video sequnces si-
multaneously, a network of Linux workstations with FireWire card was built. Linux
was chosen as an operating system for ViRoom because of its support for networking.
Several PCs are connected by Ethernet and communicating over the TCP/IP proto-
col. Any Linux/PC computer connected to Internet can becomea part of this system
(Doubek et al., 2003a). The system developed from the Computer Vision Group of
ETHZ (ETHZ-BIWI, 2008) consists of:

• CameraD, which is a capturing server running on every computer with cameras
attached. The task of the server is to wait for commands to capture images
from the cameras (Fig. 2.18). Captured images are stored in acyclic buffer
in a shared memory. This shared memory space is being accessed by other
processes running on the same computer. Sending images overthe network or
saving them to the local disk are also possible options. Eachstored image is
identified by a camera number and a frame number. The frame number is a
part of the capture command and serves for the time synchronization.

• Tamarin is an image processing server running on computers with cameras
attached. One Tamarin is started for each camera. It waits for commands to
process images captured by CameraD. The frame number is attached to each
command and Tamarin waits until the frame with this number appears in the
shared memory. The commands for each frame are sent all at once, but results
are sent back separately as soon as they are available.

• Orangutan is the main control process. It synchronizes CameraDs and collects
the results from Tamarins. It parses a XML configuration file,which specifies
the desired application. The file contains instructions about processes to start,
connection points (addresses, ports and shared memory keys) and commands
to send.
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2.3.2.4 Image Synchronized Systems This group can further be divided into
three subgroups (Lei and Yang, 2005). This subdivision depends on the image in-
formation which is used for the determination of the asynchronism. The methods
of the first subgroup are called intensity-based methods or direct methods. They
use the intensities of all pixels of the image for the calculation of the asynchronism
(e.g. Caspi and Irani (2000)). The second subgroup containsfeature-based methods,
which solely use detected features, e.g. points or silhouettes, for the calculation of
the spatial and temporal alignment (e.g. Caspi et al. (2002); Pollefeys et al. (2004)).
A more detailed description of both methods is given by (Torrand Zisserman, 1999).
The third subgroup contains methods for cameras which are joined together rigidly,
thus the relative orientation between the cameras is fixed during acquisition (Wolf
and Zomet, 2003).

2.3.3 Geometric Calibration and Orientation

Various different techniques and calibration devices for multi-camera orientation and
calibration have been proposed. The most common technique is the classical test
field method (Beyer, 1992a; Gruen and Beyer, 2001). A well defined and measured
test field is used to achieve the camera parameters. The disadvantage of this method
is the time consuming construction of such a field and the inflexibility of not being
transportable (Fig. 2.19(a)). This drawback leads to the moving devices applications.
In the simplest version (in the meaning of identification), one single easily detectable
marker has to be tracked through image sequences of multiplepre-calibrated cam-
eras. A laser pointer is waved through the volume of interest(Fig. 2.19(j)). This
avoids the necessity of homologous feature identification for the establishment of
multi-view correspondences (Doubek et al., 2003b; Svobodaet al., 2004). Multi-
camera environments (Cheung et al., 2003) or (Prince et al.,2002), which are pri-
marily equipped and designed for real-time 3D acquisition,use calibration methods
based on a moving plate (OpenCV, 2006; Zhang, 2000). These calibration methods
do not require a 3D calibration object with known 3D coordinates (Fig. 2.19(b)).
However, they share the main drawback with the old classicalmethods. The moving
calibration plate is not visible in all cameras and the partially calibrated structures
have to be fitted together in a time-consuming way. Kitahara et al., (Kitahara et al.,
2001) calibrated their large scale multi-camera environment by using a classical di-
rect method (Tsai, 1987). The necessary 3D points are collected by a combined
use of a calibration board and a 3D laser-surveying instrument. Lee et al., (Lee and
Magnenat-Thalmann, 2000) established a common coordinateframe for a sparse set
of cameras so that all cameras observe a common dominant plane. Objects, which are
moving in this plane, are tracked and from their trajectories the external parameters
of the cameras in one coordinate system are estimated. Another way of fixing a da-
tum and therefore getting approximations for the position and attitude of the cameras
is a method used by the company emotion3D (Fig. 2.19(e)). Theinitial images of
the sequence are used to take a snapshot of a reference frame.This reference frame
sets the origin of the coordinate system of the working volume. The second phase of
acquisition captures the movement of a wand that is systematically swept across the
working volume. In this second phase the optical model of thecameras and their ori-
entation in space are estimated. Baker and Aloimonos (Bakerand Aloimonos, 2003)
proposed a calibration method for a multi-camera network which requires a planar
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(a) (b)

(c) (d)

(e) (f)
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(g) (h)

(i) (j)

(k) (l)
Fig. 2.19 Different calibration methods. From the classical test field (a), the moving plate
(b), the moving small 3D test-field (c,d) to more flexible methods like the two way calibration
approach (e,f,g), the scale bar approaches (h,i) and the waving laser pointer method (j). The
images (k,l) show some application developed at CVLAB for augmented reality purpose using
natural points and the estimation of homographies.
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pattern with a precise grid. The Computer Vision Laboratory(CVLAB) developed
a calibration method for augmented reality purpose (Fig. 2.19(k,l)). The interested
reader is referred to (Pilet et al., 2006).

Fig. 2.20 Showing the used operators from pixel identification to labelling.

We achieved an automation of the calibration and orientation of our stationary multi
image system through a well defined scene description language. The term multi im-
age refers to multiple images acquired from different positions in space describing
the same scene and multi-image sequence is associated with multi images acquired
during the time interval. The camera calibration and orientation is based on stationary
cameras and moving targets, which are fixed on a wand (Fig. 2.19(g,h,i)). Different
wands can be used and through an additional approximation step the cameras can
be combined with the well known Vicon Motion Capture system.The spheres or
targets are detected/tracked as shown in (Fig. 2.20). The synchronized image se-
quence acquisition character is used to get multi-view correspondences of the image
coordinates (Fig. 2.21). Through the known distances between the spheres/targets
of the moving wand, additional constraints (Fig. 2.22) can be introduced and allow
to solve the linear equation system with all necessary additional parameters of in-

33



2 ACTUAL STATE OF TECHNOLOGY IN HUMAN BODY MODELING AND MOTION ANALYSIS

(a) (b)
Fig. 2.21 Visualizing the camera positions and the reconstructed relative object space coor-
dinates.

Fig. 2.22 Introducing the median distance to the network.

terior orientation (Maas, 1998). Some simulated tests haveshown, that after eight
well distributed positions of the moving wand in a synchronized three camera-setup
system (Tab. 4.3) all additional parameters can be solved (Chapter 4.3). The men-
tioned method may be used with different sensors and focal lengths and can be tuned
to achieve high accuracy for industrial cameras. A description about the scene de-
scription language and general ideas about software designfor a synchronized multi
camera software can be found in (Schrotter and Fua, 2007).
The main advantages of the proposed method are:

1. The flexible volume of interest: for any kind of application (in our case hu-
man motion capture and surface measurements) a volume of interest can be
established.

2. No pre-calibration of the synchronized multi camera system has to be done.

3. The tracking of points and the finding of correspondences can be achieved in a
robust way.

4. The achieved point cloud is well distributed and ideal forthe stability of the
network.

5. The introducing of additional constraints (spatial distances) leads to a strong
network configuration.

6. Through the tracking/detection methods (Fig. 2.20) different wands (targets)
can be used. This allows to calibrate the camera system with the same shutter
setup like for surface measurement and motion analysis.

34



Chapter 3

Data Acquisition

3.1 MULTI IMAGE ACQUISITION SYSTEM

In this work, the termmulti-imagerefers to multiple images acquired from different
positions in the space describing the same scene andmulti-image sequencerefers to
multi-images acquired during a time interval.
In this work cameras with standard video format (8 bit black/white or 24 bit color,
1280x1024 or 640x480 pixels) and frame rate (15 - 30 Hz) are used. Other cameras
with special characteristics (e.g., high speed, high resolution, high sensitivity) are not
considered here.
To record a scene with movement, the multiple images have to be acquired simulta-
neously. The precision of the synchronization of the multiple imaging devices plays
an essential role for the accuracy potential of results.
On the other hand, to record static scenes, the multi-imagescan be acquired at differ-
ent times without a loss of accuracy. However, for applications involving recording
people, the human body cannot be considered as a static object, because a person
always moves slightly unconsciously due to, for example, breathing or muscle con-
traction. Therefore, for surface measurement of human bodyparts, it is always rec-
ommended to precisely synchronize the multiple cameras.

Fig. 3.1 Three acquired frames of a synchronized video sequence captured at CVLAB (EPFL)
Lausanne (EPFL-CVLAB, 2008).
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3 DATA ACQUISITION

Various methods can be used to acquire multi-image sequences. Although different
camera systems have similar resolution and quantization, different levels of quality
can be achieved depending on the system. They are listed below in order of decreas-
ing accuracy potential:

- synchronized machine vision progressive scan CCD/CMOS cameras,

- synchronized machine vision interlaced CCD cameras,

- digital video camcorders, synchronized using a clapper.

- image based methods for synchronization.

For surface measurement applications without tracking, only multi-images are re-
quired. In this case, also the following systems can be used for the acquisition (listed
with decreasing accuracy potential):

- multiple digital still cameras,

- a single digital still camera or video camcorder, acquiring in different position,

- multiple digital web cameras.

In the following sections, the characteristics of the listed systems are described in
more detail.

3.1.1 Synchronized Machine Vision Progressive Scan CCD Cam eras

In term of quality and performance, the best imaging tool forthe acquisition of multi-
image video sequences are synchronized progressive scan CCD cameras. They differ
from the more common and less expensive interlaced CCD cameras (described in
section 3.1.2) in the way that a full frame is acquired simultaneously offering full
resolution of the sensor also with moving objects. The cameras are more expensive
and special frame grabbers are required.

Fig. 3.2 Progressive scan CCD camera multi-image acquisition system. Left: setup of the
system, the cameras are synchronized together and connected to a frame grabber which
digitizes the images and transfers them to a PC. Right: progressive scan CCD camera (Sony
XC-55)(bottom) equipped with machine vision c-mount lens (top).
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3.1 MULTI IMAGE ACQUISITION SYSTEM

Fig. 3.2 shows the setup of an acquisition system built up with progressive scan
CCD cameras. The precise electronic synchronization guarantees the simultaneous
acquisition of multi-images. Depending on the number of cameras used, one or more
frame grabbers are required to digitize the multi-image sequences. They are stored
in the memory of a PC first and then moved to the disks.
Recently developed progressive scan cameras (e.g., Dragonfly of Point Grey Re-
search) use the IEEE-1394 port. No frame grabber is in this case required.

3.1.2 Synchronized Machine Vision Interlaced CCD Cameras

Machine vision interlaced CCD cameras offer a less expensive but still high quality
solution. The main advantage of this type of camera over the progressive scan camera
is the standard video output (CCIR/EIA). In this case, low-cost frame grabbers can be
used. They are usually provided with separate RGB inputs that allow the connection
of three synchronized CCD cameras. This results in the leastexpensive high quality
multi-camera acquisition system. If more than three cameras are required, multi-
channel frame grabbers or multiple frame grabbers have to beused.

Fig. 3.3 Multi-image machine vision CCD camera acquisition system. Left: setup of the
system, the cameras are synchronized together and connected to a frame grabber which
digitizes the images and transfers them to a PC. Right: interlaced machine vision CCD camera
(Sony XC-77 with 35mm lens).

The setup of a multi-image acquisition system based on machine vision CCD cameras
(Fig. 3.3) is the same as for progressive scan CCD cameras (section 3.1.1). The
cameras are synchronized together and connected to a frame grabber. The image
sequences are first stored in the memory of a PC and then moved to the disks. A
disadvantage of using this type of CCD cameras is the interlace effect which is caused
by the fact that odd and even lines are acquired in different times. This results in saw
pattern effects when movement is present, as shown in Fig. 3.4.
A solution for solving this problem is to use only the odd lines, duplicating them in
the images and deleting the even lines. The result is shown onthe right of Fig. 3.4,
the saw pattern disappears at the cost of the resolution which is halved in the vertical
direction.
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Fig. 3.4 Interlace effect. Left: the hand is moving to the right, the interlace effect can be seen
as a saw pattern. Right: result after resolution reduction: the even lines are removed and the
odd lines are duplicated.

3.1.3 Digital Video Camcorders

Multiple digital video camcorders can also be used for the acquisition of multi-image
video sequences. This is a less expensive solution because no frame grabber is re-
quired. The digital video camcorders (for example the Sony digital HandyCam DCR-
VX700E, Fig. 3.5 right) store the image sequence digitally on mini DV tapes, in DV
format with a size of 720x576 pixels and 24 bit color resolution. The DV format is a
Sony proprietary digital video and audio recording standard. A single image in this
compressed format has a size of about 140kB. The image sequences stored on the
mini DV tape can be transferred without loss of quality to a PCby FireWire connec-
tion and converted into common image formats.
Fig. 3.5 shows the setup of a multi-image acquisition systembased on multiple dig-
ital video camcorders. No frame grabber is required. The multiple cameras can be
synchronized using aclapper(Fig. 3.5 left) or something generating a ”clap” sound.
A ”clap” sound has a clear defined start peak which can be recognized in the audio
signal of the different video sequences (see Fig. 3.6). The sequences are then man-
ually synchronized by aligning the audio signals. A maximumerror of half frame
(corresponding to 1/50 of a second, for CCIR) can be expected. Depending on the
applications (e.g., slow movement), this may be acceptableor not.

3.1.4 Image Sequences

A reliable and robust algorithm for the solution of the asynchronism problem within
the image sequence analysis should be able to handle the following cases (Carceroni
et al., 2004):

• unknown frame rates of the cameras

• arbitrary time shift between the sequences

• arbitrary object motion and speed

• unknown user-defined camera set-up and

• no static points in the scene.

3.1.5 Multiple Digital Still Cameras

Digital still cameras decrease in price from year to year. The acquired images are
stored on memory cards and can be transferred to a PC afterward. For example,
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3.1 MULTI IMAGE ACQUISITION SYSTEM

Fig. 3.5 Multi-image acquisition system based on multiple digital video camcorders (Sony
DCR-VX700E). Left: setup of the system, a clapperis used for synchronization purposes.

Fig. 3.6 Synchronization with the audio signal. Right: audio signal of two acquired sequences,
the beginning of the "clap" sound is clearly defined. Left: the two sequences are synchronized
aligning the audio signals, the maximum error is half a frame (0.04seconds for CCIR).

Fig. 3.7 (right) shows a Kodak DC215 which can acquire imageswith 1152x864 or
640x480 pixels. The use of larger image formats is not treated in this work.
There is a short delay (less than 1 second) between the acquisition of the different
images. Therefore, the recording of movement is not possible and only static surface
measurement processes can be achieved using the images acquired with this system.
Since humans move slightly unconsciously during the acquisition, the accuracy po-
tential of this system decreases with the increment of the time delay between the
acquisition from the different cameras.

3.1.6 Single Moving Digital Still Camera or Digital Video Ca mcorder

A less expensive solution is offered by using a single digital still camera or a single
video camcorder and acquiring the images by moving the camera at different posi-

39



3 DATA ACQUISITION

Fig. 3.7 Multiple digital still camera acquisition system. Left: setup of the system. Right: a
digital still camera (Kodak DC215), bottom: back view, LCD monitor.

tions. Although the images can be acquired relatively fast (e.g., less than ten seconds
for five multi-images of a face), this method can be used only for the measurement
of immobile or fixed human body parts. A second disadvantage of this method is the
requirement of more complex orientation and calibration procedures.

3.1.7 Digital Web Cameras

The least expensive solution for the acquisition of multi-images is offered by FireWire
web cameras. Their cost is in fact today under 100 US$ per camera and no frame
grabber is required. The digital web cameras are in fact connected to the PC by the
IEEE-1394 port (also calledFireWire or i-link). The advantage of this type of con-
nection is that only a single input port on the PC is required;the multiple cameras
can be connected serially to each other (see Fig. 3.8).
libdc1394 is a library that provides a complete high level application programming
interface (API) for developers who wish to control IEEE 1394based cameras that
conform to the 1394-based Digital Camera Specifications (also known as the IIDC
or DCAM Specifications). The library currently works on Linux, Mac OSX and
Windows.
libdc1394 provides a complete API that includes camera detection (hotplug coming
soon), broadcast commands, bus ressource management (basic), full feature controls
(including absolute values), memory channels, external and software trigger, support
for all video modes (including 16bit modes and 1394B modes at800 Mbs), video
capture using DMA and full Format7 control. Moreover, libdc1394 also includes
a number extras such as the support of vendor specific features for Allied Vision
Technologies (AVT), Basler and PixelInk. The library also includes video conver-
sion tools such as color space conversion (YUV, RGB, MONO, etc...) and the de-
mosaicing of Bayer color pattern images (with 8 different algorithms and including
16bit modes). All these features in combination with the multi-platform compati-
bility makes libdc1394 the most versatile and performant SDK for IIDC cameras.
Moreover, it’s open source (license: LGPL) and adoptable! Several examples are
also provided to put you quickly on the right tracks. libdc1394 works with (almost)
every camera that follows the IIDC standard, which is about 500 models. Check the
IEEE1394 Digital Camera List for more information.
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Fig. 3.8 Snapshot of a multi-image acquisition system using six web cameras. Setup of the
system: the FireWire digital camera (Unibrain Fire-i) are connected together serially through
the IEEE-1394 cable, only one camera has to be connected to a (portable) PC.

For example, the Unibrain Fire-i camera (see Fig. 3.8, right) has digital output
and several formats (color uncompressed, color compressedand grayscale uncom-
pressed), several resolutions (640x480, 320x240 and 160x120 pixels) and several
frame rates (7.5, 16, 25, 30 Hz) can be chosen. The serial connection allows the
acquisition of multi-images even with a portable computer.It should be noted, that at
the moment 4 digital cameras cameras with a PCMCIA-express card can be handled.
Some portable computers (e.g., Sony VAIO and Apple i-Book) are provided with an
integrated FireWire input, but still the transfer rate is limited to 4 Unibrain WebCams.

3.1.8 Considerations

The simultanity of the acquisition of the multi-images is essential for an accurate
measurement of moving human body parts. A precise synchronization of the multi-
ple acquisition units is available with only the two described machine vision acquisi-
tion systems (sections 3.1.1, 3.1.2). Systems based on multiple digital still cameras
(section 3.1.5) and systems using digital web cameras (section 3.1.7) can be set up to
acquire multi-images simultaneously. However, the cameras cannot be electronically
synchronized with each other; the maximum time delay which can occur between
the acquisition of the different images is therefore half a frame (1/50 of a second
for CCIR). The same synchronization accuracy can be achieved with systems using
multiple video camcorders (section 3.1.3), aligning the audio signals of the differ-
ent sequences. Systems based on a single camera (section 3.1.6) can evidently not
simultaneously acquire multi-images. In some cases, e.g.,when high accuracy of
the measurements is not required or if the human body part canbe immobilized, the
longer time delay can however be acceptable.

3.2 HARDWARE AND SOFTWARE COMPONENTS OF THE
HARDWARE SYNCHRONIZED SYSTEM

The hardware system we are using is provided by our project partner CVLAB at
EPF Lausanne (EPFL-CVLAB, 2008). The whole hardware systemis designed by
NorPixTM (Norpix, 2007). It consists of the following main hardware modules:
Three standard PCs with two separate discs each; every camera uses one disc to
acquire the sequence. The PCs are running with Windows XP andare connected
through an internal network. One PC is adopted as master, controlling the Stream-
Net Server. Every PC is equipped with two FireWire-Cards. National Instruments
CA1000 control box with PCI6601 digital timing generator. The plugin allows con-
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trol of the NI6601 digital timing generator to generate external pulses to sync max-
imum six cameras and make sure that the cameras acquire images at the exact same
time. The National Instrument NI 6601 is a PCI adapter that includes a timer counter
as well as 8 digital IO ports. NI6601 Plugin is a software plugin for StreamPixTM that
allows control of the board. The plugin module allows the timer control to generate
an output pulse at a user-defined frequency. The plugin module can also monitor
some input lines on the NI6601 board to allow detection of therecording start and
stop conditions. The pulse frequency can run from 0.01 Hz to 1000 Hz.
The system can be run with six Basler Firewire Cameras. The multi-camera system
consists of following main software modules:

• StreamPixTM is a specialized program designed to provide real time digital
video recording to PC memory or hard disk. This program can bemultiple
started on the slaves and on the master and provides the necessary image se-
quence for the analysis.

• StreamNetTMserver is a complimentary module that can control a multiple
number of StreamPixTMapplications running either on the same or on a net-
work of computers. StreamNetTMserver will control all StreamPixTM tasks si-
multaneously in cases where we need to acquire a multitude ofsequences at
the same time.

• A StreamNetTMplugin controls the National Instrument NI 6601 digital timing
generator to generate external pulses to sync all cameras and make sure cam-
eras acquire images at the exact same time. This plugin must be activated in
every StreamNetTM job started.

• PyDetect (IGP-ETHZ) are Python Scripts for getting the image coordinates
and feeding the MySQL database with the coordinates of the extracted targets
and the links to the images. Additionally, these scripts design the tags for the
input of the following bundle adjustment (Rossum, 2007).

• RDLT (IGP-ETHZ) is a standard C program written for reliablerelative ori-
entation. This program is a highly advanced command line tool for relative
orientation and can run on any platform. It reads the correspondent image co-
ordinates from the database or plain text and generates the required tags for the
following adjustment.

• PyScaleSort (IGP-ETHZ) are Python Scripts defining the scale of the the rel-
ative orientation system in a robust way. A median scale is calculated and
serves as approximative scaling factor for the network. Thesort function pre-
pares the tag for the spatial distances and introduces validapproximations for
the constraints.

• NETREBKO (Network Reconstruction Bundle (C)Kontrol) (IGP-ETHZ) is a
parser and bundle adjustement written in C++ and possible torun as com-
mand line tool on any platform. Either the MySQL database serves the image
coordinates or plain text files in the shared file system provide the required cor-
respondences. This program waits till all input is delivered and shows the user
with OpenGL the initial position and final convergence of theiterative adjust-
ment. How to handle the software and the scene decription language guiding
the process can be found in (Schrotter and Novak, 2007).
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Fig. 3.9 View on the hardware components of the NorPixTMsystem. The three hotspots point
to the Basler camera, the master and two slave PCs, and the sync unit (from left to right).

43





Chapter 4

Development of a Fully
Automatic Geometric

Calibration System

4.1 THEORETICAL BACKGROUND

4.1.1 Suitable Camera Models

Camera calibration can be divided into two main categories:geometric and radio-
metric calibration. Geometric calibration attempts to model systematic geometric or
physical deviations that affect the positions of image points on the CCD/CMOS ar-
ray. In other words, the departures from an ideal physical model, which is defined
as perspective collineation. In contrast, radiometric calibration aims to ascertain how
accurately the gray values in the recorded image reflect the true reflectance values of
features in the image. We mainly focus on the geometric calibration. System calibra-
tion is defined as the simultaneous calibration and orientation of all the components
involved in the acquisition system. Camera calibration refers to the determination
of the parameters describing the internal geometry of the individual imaging devices
and other parameters modeling the systematic errors causedby the optical system
and other sources. Camera orientation includes the determination of the parameters
of exterior orientation to define the camera station and camera axis in the 3D space.
A thorough determination of all the parameters is required for an accurate measure-
ment. In the next sections, the mathematical model for the projection of the object
space onto the digital image coordinate system will be described. In photogram-
metric terms, departures from collinearity are modeled such that the basic equations
of perspective projection can be applied for the calibration and orientation process.
The nature of the application and the required accuracy should influence the choice,
which of the functional models should be adopted.

• Perspective camera model. Camera models based on perspective collineation
can manage variable focal length and have high stability; they can include
non-linear lens distortion functions; they contain non-linear relations, requiring
initial approximations of the unknowns.

• Projective camera model. These approaches can handle variable focal lengths
but need more parameters, a minimum of six correspondences and are quite
instable (equations need normalization); they often contain linear relationships
but cannot, in many cases, deal with non-linear lens distortion.

4.1.1.1 Perspective Camera Model In this section the mathematical model for
the projection of a point in the object space onto the focal plane of an imaging de-

45
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vice, as shown in figure 4.1, is described along with the transformation into image
coordinates (image space).

Fig. 4.1 Projection of a point P in the object space Oxyz onto the focal plane.

The object space-to-focal plane projection can be expressed by thecollinearity con-
dition, i.e., a point in the object space, its projection on a plane and the projection
center have to lie on a straight line (dotted line in the figure4.1). Mathematically it
can be described by the following equation:
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 = λRT
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 (4.1)

where

X,Y,Z object space coordinates of point P,
x′,y′ coordinates of point P’ on the focal plane,
xp,yp coordinates of the principal point H’ on the focal plane,
c camera constant,
R rotation matrix between sensor and object space coordinatesystems,
X0,Y0,Z0 object space coordinates of projection center O’,
rxx coefficients of rotation matrixR,
λ scale factor for each imaging ray.
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In equation 4.1 the interior orientation is defined by the principal pointxp,yp and the
camera constantc while the exterior orientation is defined by the object coordinate
of the projection center O’(X0,Y0,Z0) and the rotation matrixR(ω ,ϕ ,κ) describing
the rotation from the object coordinate systemOxyz to the sensor coordinate system
O′

x′y′z′ whereω ,ϕ ,κ are the Euler angles around thex,y,z axes:

R = RκRφ Rω (4.2)

(4.3)
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The three components in equation 4.1 are reduced to two by canceling out the scale
factorλ , resulting in thecollinearity equations:

x′ = xp−c· r11 · (X−X0)+ r21 · (Y−Y0)+ r31 · (Z−Z0)
r13 · (X−X0)+ r23 · (Y−Y0)+ r33 · (Z−Z0)

y′ = yp−c· r12 · (X−X0)+ r22 · (Y−Y0)+ r32 · (Z−Z0)
r13 · (X−X0)+ r23 · (Y−Y0)+ r33 · (Z−Z0)

(4.9)

To model the distortions occurring in the focal plane, a simplified version of the pa-
rameter set introduced by Brown (1971) is used. Two additional parameters modeling
the shearing and the differential scaling in x are introduced in the model as described
by Beyer (1992b). Over the last years this model was renamed afew times, e.g.
Fraser Model. In the software iWitness and Australis (Australis, 2007; iWitness,
2007) different signs for radial and decentring distortions are introduced. Neverthe-
less, the core of the model stays. The coordinates on the focal plane are:

x′ = x̄′ + d̄x′ = x̄′−sc· x̄′ +sh· ȳ′ +dx′

y′ = ȳ′ + d̄y′ = ȳ′ +sh· x̄′ +dy′
(4.10)
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where

x̄′, ȳ′ image coordinates in focal plane [mm]
x′,y′ undistorted image coordinates in focal plane [mm], according to eq. 4.10,
d̄x′, d̄y′ distortion terms,
dx′,dy′ symmetric radial and decentering lens distortion terms,
sc scale factor in x,
sh shear factor;

where

dx′ = x̄′ ·
(

k1 · r2 +k2 · r4 +k3 · r6
)

+ p1 ·
(

r2 +2· x̄′2
)

+2· p2 · x̄′ · ȳ′

dy′ = ȳ′ ·
(

k1 · r2 +k2 · r4 +k3 · r6
)

+2· p1 · x̄′ · ȳ′ + p2 ·
(

r2 +2· ȳ′2
)

r =

√

x̄′2 + ȳ′2

(4.11)

where
k1,k2,k3 symmetric radial lens distortion coefficients,
p1, p2 decentering lens distortion coefficients.

The last equation for the description of the mathematical model is the transforma-
tion between metric coordinate system on the focal plane andpixel image coordinate
system (see figure 4.2). This can be described as an affine transformation (equation
4.12).

Fig. 4.2 Metric coordinate system on the focal plane (x′,y′) and pixel image coordinate system
(u,v).

x′ =
(

u− nx
2

)

·µx

y′ = −
(

v− ny
2

)

·µy

(4.12)

where
u,v coordinate in the image [pixel],
nx,ny image size [pixel],
µx,µy pixel size [mm].
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The equation 4.12 can be inverted to obtain the transformation metric to pixel coor-
dinate system:

u = x′
µx

+ nx
2

v = − y′
µy

+
ny
2

(4.13)

The result of the calibration process are the exterior orientation parameters of the
cameras (positionX0,Y0,Z0 and rotationsω ,ϕ ,κ), the interior orientation parameters
of the cameras (camera constantc and principle pointxp,yp), parameters for the radial
and decentering distortion of the lenses and optic systems (k1,k2,k3, p1, p2) and two
additional parameters modeling effects as differential scaling and shearing (sc,sh). A
thorough determination of all these parameters is requiredto achieve high accuracy
in the measurement. Four parameters defining the sensor characteristics (sensor size
nx,ny and pixel sizeµx,µy) have to be known in advance or can be recovered from a
set of corresponding object and image coordinates distributed on a plane.

4.1.1.2 Projective Camera Model The specialized models of the general projec-
tive camera are cameras with a finite center and cameras with an infinite one (Hart-
ley and Zisserman, 2000). Because of practical considerations we just focus on finite
cameras and the model for CCD/CMOS cameras in computer vision. In general, the

Fig. 4.3 The coordinate systems involved for the projective camera model.

three dimensional world coordinates of a point is not specified in a frame, whose ori-
gin is at the centre of projection and whoseZ axis lies along the optical axis. Some
other, more convenient frame, will more likely be specified,and then a change of co-
ordinates from this other frame to the standard coordinate system has to be included.
Thus we have
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u∗ = P ·M ∗ (4.14)

whereu∗ represents the homogeneous vector of image pixel coordinates, P is the
perspective projection matrix, andM is the homogeneous vector of world coordinates
forming equation 4.14. The projection matrixP consists of

P = K · [R|−R ·C] (4.15)

where the calibration matrixK of the finite projective camera is formed like

K =





αx s uc

0 αy vc

0 0 f



 (4.16)

The pinhole camera assumes that the image coordinates are Euclidean coordinates
having equal scales in both axial directions. Through the introduction of the skew
factors in the calibration matrix, different scales between the defined pixel coordinate
system can be modelled. The calibration matrix consists of five camera parameters,
namely the focal lengthf , the pixel width, the pixel height, and the parameter of the
principal point inuc,vc. However, only four separable parameters can be solved for
as there is an arbitrary scale factor involved inf and in the pixel size. Thus we can
only solve for the ratiosαu = f/pixelwidthandαv = f/pixelheight. The parameters
αu,αv,uc andvc do not depend on the position and orientation of the camera inspace,
and are thus called the intrinsic parameters.

4.1.1.3 Comparision between Perspective and Projective Ca mera Model There
is no distinction between the homogenous representation of4.14 and the formulation
of 4.1, except for the lens distortion corrections being absent from the second expres-
sion. However, there is a significant distinction between the CV and photogrammet-
ric approaches for solving the image-to-object space transformation (Fraser, 2006).
There are some defintions about the focal length, camera constant, which are declared
in the next paragraph.
Fig. 4.4 shows a simple 4-element compound lens system.

Fig. 4.4 Focal length.
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A ray of light that arrives at anglei with the optical axis will enter the lens system,
be refracted by the lenses, and exit at a different angle e. The incident and emergent
angles are not the same, because the system differs from the ideal central perspec-
tive model. However, the compound lens system can be treatedas an ideal central
perspective model by defining two pseudo-perspective centres termed the front (or
incident) and rear (or emergent) nodal points. These points, shown as N and N’ re-
spectively on Fig. 4.4, are defined such that a ray of light directed at the front nodal
point will appear to emerge from the rear nodal point at the same angle as it was
incident. If the incident light rays come from an object at aninfinite distance from
the camera, then they will arrive parallel to each other. Thecorresponding emergent
light rays will come to focus at the plane of infnite focus. The distance between the
rear nodal point and the plane of infnite focus is defined as the focal length of the
camera, and can be treated equivalent to the focal length of apinhole camera. If the
image distance of the camera (distance from the rear nodal point to the image plane)
is set equal to the focal length, then the camera is said to be focused at infinity. The
parameters of radial lens distortion and the focal length ofa camera are inherently re-
lated. A change in one will effect a change in the other and vice versa. This property
gives rise to an alternative definition of the focal length that is known as the calibrated
focal length. The calibrated focal length, which can also bereferred to as the camera
constant or Gaussian focal length, can be defined in several different ways. It can
either be the focal length that results in an overall mean distribution of the radial dis-
tortion, equalizes the maximum positive and negative distortions, or provides some
other preferred balancing of the radial distortion curve. An additional value that is
related to and sometimes confused with the focal length is the principal distance. The
relationship between principal distance and focal length is shown in Fig. 4.5.

Fig. 4.5 Principal Distance.

From this figure it can be seen that the principal distance is equal to the focal length
scaled for any enlargement or reduction in the print that image measurements are
made from, or scaled for any change in the location of the image plane from the
plane of infinite focus. It follows that two conditions must be satisfed for the princi-
pal distance and focal length to be equivalent. First, the camera must be focused at
infinity. Second, the image must not be enlarged or reduced. In digital photogram-
metry, the latter condition can be effectively satisfed by using pixels as units for both
the image measurements and the focal length. If this two steps are done, the principal
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distance and focal length will be the same. An overview of thedifferences between
the perspective and the projective model can be evaluated inTable 4.1.

Table 4.1 Comparision of the projective and perspective model of object to image space.

Geometry Projective Collineation Perspective Collineation

Camera Model p
′∗
i [3x1] = P[3x4] ·p∗

i [4x1] p
′
i [3x1] = λi ·R[3x3] ·pi [3x1] + t[3x1]

Characteristic linear relationship nonlinear relationship

Terms p
′∗
i ,p∗

i projective coordinates p
′
i,pi cartesian coordinates

in image and object space in image and object space

λi scale factor of vectorp
′
i

11 relevant parameters exterior orientation:
of matrix P per image: 6 parameters per image

P = K [R|−R ·C] R = R(ω ,φ ,κ) rotation angles
with finite calibration matrixK t = (X0,Y0,Z0)

T center of
K = K(pixsx · f , pixsy · f ,s,x0,y0) perspective

pixsx pixel size inx interior orientation:
pixsy pixel size iny (x0,y0,−c)T image coordinates
x0,y0 principal point of principal point

f focal length c camera constant
s skew parameter ∆xi(x,y),∆yi(x,y) correction

functions of image coordinates

Terms variable focus or zoom optics stable camera and stable optics
accepted required

min. 6 corresp. points min. 3 corresp. points
needed needed

low model stability; high model stability
normalization required

corresponding points on corresponding point on
object plane lead object plane lead

to critical configuration to stable configuration

4.1.2 Relative Orientation

4.1.2.1 Relative Orientation Revisited Relative orientation (RO) has always been
and remains one of the most important operations in photogrammetry. In special
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cases, where the cameras are situated in a left-right arrangement in a stereoscopic
or mildly convergent imaging geometry the determination ofinitial values can be
skipped. In such case the values ofBY,BZ,ω ,φ ,κ can be set to 0 and the basis along
the coordinate’s frameX-axis may be fixed to a certain value. In the search for a
robust procedure for RO, Cronk et al. (Cronk et al., 2006) have settled on a Monte
Carlo type strategy where a very large number of possible dependent RO solutions
are assessed for the available image point pairs. The methoddevised involves sim-
ulating the second camera station at equidistant locationson a tessellated imaginary
sphere around the first camera station. At each location, thestation’s exterior orien-
tation parameters, the five RO parameters of equation, are simulated and provided as
the approximate values, and a least squares solution is obtained via the coplanarity
model. The results of the RO process for each simulated position are retained in a
list and the most plausible solution is taken to be the real solution. This is defined as
that which has converged with the lowest RMSE for the image coordinate residuals
and which best satisfies certain geometric conditions, suchas the object coordinates
not being ’behind’ the camera stations. This method has not until recent times been a
viable option due to insufficient computing power; however,standard computers can
handle the challenge in a few seconds. This algorithm is implemented in Australis
(Australis, 2007; iWitness, 2007). The important procedure in this approach is the
detection of the initial values for the camera’s position. As the authors Cronk et al.
(2006) mentioned, this values need to be more accurate than the orientation values,
which are generally set to 0. Advantage is taken of two simpleand logical facts:
the stations must at least be facing in a similar direction tosee points in common,
and the stations would most likely be located side by side, orabove and below, or
in front and behind, forming a total of six different locations with different possible
orientations. These locations are indicated by question marks in (Fig. 4.6), and it
has been observed that it is usually acceptable to consider only these locations in or-
der to reach the correct RO. In our case some camera configurations, like it can be
in temporal positions capturing a static object (positons right behind each other), are
not relevant. Therefore an estimation of relative orientation elements through direct
linear transformations can be determined.

4.1.2.2 Mathematical Model of the direct linear transforma tions
of relative orientation elements (RDLT) The volume of the parallelepiped formed
by three vectors is equal to their triple product, so three nonzero vectors are coplanar
if and only if their triple product is zero. Equation 4.17 shows this triple product. The
cross product is written as an axiator-vector multiplication. The axiatorB includes
the basis components. The rotation matrixR expresses the orientation of image 2
with respect to image 1.

[

x1 y1 −c1
]

BR





x2

y2

−c2



 = 0 (4.17)

B =





0 Bz −By

−Bz 0 Bx

By −Bx 0



 (4.18)
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Fig. 4.6 The tesselated sphere for the variable camera. The locations marked by question
mark showing the positions, which are usually a successful starting point for most of geometric
configurations. This figure is taken from Cronk et al. (2006).

R =





r11 r12 r13

r21 r22 r23

r31 r32 r33



 (4.19)

whereL=B · R is identical to the well known Longuet-Higgins’ essential matrix,
which is a specialized, so called calibrated version, of thewell known fundamen-
tal matrix (first mentioned in (Finsterwalder, 1899)). Someimportant properties of
the involved matrices to form the coplanarity equation are:

1. Because the determinant of the axiatorB is zero, we know|L |=0.

2. The first property is a third-order polynomial equation and therefore the num-
ber of linearly noncorrelated coefficients (DoLF) forL is 8.

3. Since the rotation matrixR has an orthonormal structure some important rela-
tions (4.24) can be derived. Through comparision betweenL ·LT = B ·BT the
elementsLi can be solved.

L1 ·y1 ·x2 +L2 ·y1 ·y2 +L3 ·y1 ·c2 +L4 ·c1 ·x2 +L5 ·c1 ·y2 + . . . (4.20)

. . .+L6 ·c1 ·c2 +L7 ·x1 ·x2 +L8 ·x1 ·y2 +L9 ·x1 ·c2 = 0
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L1 = Bx · r31−Bz · r11 (4.21)

L2 = Bx · r32−Bz · r12

L3 = −Bx · r33+Bz · r13

L4 = Bx · r21−By · r11

L5 = Bx · r22−By · r12

L6 = −Bx · r23+By · r13

L7 = Bz · r21−By · r31

L8 = Bz · r22−By · r32

L9 = −Bz · r23−By · r33

Since the equation system is of rank eight, one linear element is eliminated. After
linearization of the equation system a factor has to be chosen to divide the equation.
Dependent on the relative arrangement between the two camera positions, different
elements should be selected:

1. if Bx >> By andBx >> Bz, L5 can be chosen to divide.

2. if By >> Bx andBy >> Bz, L3 can be chosen to divide.

3. if Bz >> Bx andBz >> By, L8 can be chosen to divide.

Unfortunately, we only have information about the image coordinates and therefore
we have to decide from the normal equation system, which configuration is the right
one. We build three design matricesA and decide through various factors, which one
should be chosen. The decision criterias are:

1. the condition number of the normal equation system.

2. if the adjustment converges and how many iterations are needed.

3. whichσ̂0 is the best.

In the first trial we assume the case whereBx has the largest value and divide the
equation throughL5:

[

0A[nx4]
1A[nx4]]

]

·

























L′
1

L′
2

L′
3

L′
4

L′
6

L′
7

L′
8

L′
9

























=







1−c1 ·y2
...

n−c1 ·y2






(4.22)

0A[nx4] =







1y1 ·x2
1y1 ·y2

1−y1 ·c2
1c1 ·x2

...
...

...
...

ny1 ·x2
ny1 ·y2

n−y1 ·c2
nc1 ·x2
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1A[nx4] =







1−c1 ·c2
1x1 ·x2

1x1 ·y2
1−x1 ·c2

...
...

...
...

n−c1 ·c2
nx1 ·x2

nx1 ·y2
n−x1 ·c2







The equation system (4.22) is also setup forBy andBz as largest values. The solution
is obtained in standard least squares fashion. After the design matrix is built and the
normal equationsN = AT ·A are formulated, the condition number with respect to
inversion is calculated. This number returns the ratio of the largest singular value
of theN to the smallest. Large condition numbers indicate a nearly singular matrix.
There is no weight matrix introduced, since the linear elements are treated equally.
If the orthonormality of the rotation matrix is fully exploited, the linear elements can
be compared with the tensor product of the matrix forming thebasis; the basis is
adopted to the current coordinate situation; therefore

L ·LT = B ·BT (4.23)

with

L ·LT =









L1
2 +L2

2 +L3
2 L1L4 +L2L5+L3L6 L1L7+L2L8 +L3L9

L1L4+L2L5 +L3L6 L4
2 +L5

2 +L6
2 L4L7+L5L8 +L6L9

L1L7+L2L8 +L3L9 L4L7 +L5L8+L6L9 L7
2 +L8

2 +L9
2









B ·BT =









Bz
2 +Bx

2 BzBy −ByBx

BzBy By
2 +Bx

2 BzBx

−ByBx BzBx Bz
2 +By

2









The linear equation system (4.22) is solved with a minimum ofeight image points.
The sign ofL5 affects the rotation elements. In the simplest version, whereBX=1 and
all other elements equal zero, the second solution is simplyto flip the second photo
over theX axis, and therefore the direction of the second bundle is changed. In a
general way spoken, the dual solution is a rotating around the base vector, rather than
theX axis, byπ. Therefore, another intersection is defined.

L5 = ±
√

2·B2
x

(L′2
1 +L′2

2 +L′2
3 )+ (L′2

4 +L′2
5 +L′2

6 )− (L′2
7 +L′2

8 +L′2
9 )

L3 = ±
√

2·B2
y

−(L′2
1 +L′2

2 +L′2
3 )+ (L′2

4 +L′2
5 +L′2

6 )+ (L′2
7 +L′2

8 +L′2
9 )

L8 = ±
√

2·B2
z

(L′2
1 +L′2

2 +L′2
3 )− (L′2

4 +L′2
5 +L′2

6 )+ (L′2
7 +L′2

8 +L′2
9 )

The square root of the elementL5 introduces this duality in the solution. The basis
componentsBY andBZ do not change their values. Therefore, the rotation elements

56



4.1 THEORETICAL BACKGROUND

Fig. 4.7 Duality of relative orientation. Showing the two reconstructed points clouds and the
useage of the "in front" solution.

are influenced by the sign ofL5. With L5 determined, all of theLi can be solved from
(4.21). As mentioned before, an elementLi has to be chosen as the divisor.

By = −L1 ·L7 +L2 ·L8 +L3 ·L9

Bx
(4.24)

Bz =
L4 ·L7+L5 ·L8 +L6 ·L9

Bx
(4.25)

Bx = −L1 ·L7 +L2 ·L8 +L3 ·L9

By
(4.26)

Bz = −L1 ·L4 +L2 ·L8+L3 ·L6

By
(4.27)

R =

















L3·L5−L2·L6−Bz·L1−By·L4

B2
x+B2

y+B2
z

By·r11+L4
Bx

Bz·r11+L1
Bx

L1·L6−L3·L4−Bz·L2−By·L5

B2
x+B2

y+B2
z

By·r12+L5
Bx

Bz·r12+L2
Bx

L2·L4−L1·L5−Bz·L3−By·L6

B2
x+B2

y+B2
z

By·r13+L6
Bx

Bz·r13+L3
Bx

















(4.28)

Least squares adjustments are not robust estimation techniques as big blunders (caused
by motion blur, synchronization problems,...) can lead to wrong results and might
even prevent convergence of the adjustment. For these reasons the image obser-
vations should be checked for possible blunders, using a error test procedure on the
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Calculate relative 3D Point Cloud

Get Bx,Bz,R

Calculate relative 3D Point Cloud

Get Bx,By,R

Calculate relative 3D Point Cloud

Get Bx,By,R

Calculate relative 3D Point Cloud

+L8 -L8

Distance Check - "in front" Solution

Build Normal Equation Systems (Bx>>)

Determine L5 (Dual Solution)

Determine L3 (Dual Solution)

Determine L8 (Dual Solution)

Get By,Bz,R

Calculate relative 3D Point Cloud

Get 5 Relative Parameters / Get 3D Relative Point Cloud

+L5

Get By,Bz,R

-L5

Calculate relative 3D Point Cloud

Distance Check - "in front" Solution

Get Bx,Bz,R

+L3 -L3Distance Check - "in front" Solution

Relative Orientation Finished

Build Normal Equation Systems (Bz>>)

Data Snooping/Check RMSE of Sytem/Check Number of Iterations

Decide which Geometry

Relative Orientation Intialized

Check Condition Number of Normal Equations

Build Normal Equation Systems (By>>)

Fig. 4.8 The UML activity diagram of the relative orientation process.
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estimated parameters ˆx or on the residual vectorv. Hence the expectations for the two
vectors must be tested. Since the expectations for the solution vector is generally not
known, the residuals vector is used. The common approach to detect blunders in the
observation is based on the reliability theory or data-snooping technique, developed
by Baarda (1968). Baarda’s data-snooping was firstly applied in photogrammetry
for independent model adjustment by Förstner (Förstner,1976) and then for bundle
adjustment (Grün, 1978). For each observationi, under the null-hypothesis that the
observation is normally distributed, the coefficientwi

wi = − vi

σ0 ·√qvivi

= − vi

σvi

(4.29)

is computed, withqvivi the i-th diagonal element of theQvv matrix:

Qvv = Pll
−1−A(ATPll A)−1AT (4.30)

Pll is introduced as the weight matrix of observation, which canbe in our case set to
identity matrix. The blunder detection technique has a solid theoretical formulation,
but it is based on some assumptions which can lead to unsuccessful results, if not
satisfied. The two assumptions are:

1. only one blunder is present in the observations or in case of multiple blunders,
they do not interfere with each other.

2. the expectation of the variance factorσ2
0 is available

These assumptions are rarely met in photogrammetry. Therefore a more practical
formulation was proposed in Pope (1975) with the test criterion

wi =
vi

σ̂0 ·√qvivi

=
vi

σ̂vi

(4.31)

If the null-hypothesisE(v) = 0 is true,wi is τ-distributed and if the redundancy of the
system is large enough, theτ distribution can be replaced by the Student distribution.
When a large number of observations is available, robust estimators (RANSAC, Least
Median Squares, etc.) can also be employed. In robust estimations, gross errors
are defined as observations which do not fit to the stochastic model used for the
parameters estimation. Robust estimators are particularly useful e.g. when the tie
points are automatically extracted, as they must cope with agreat number of possible
outliers. The duality of the RO is solved through calculating the ’in-front’ solution.
The vector from the projection center of the fixed image to theimage coordinate and
the vector from the second image rotated in the coordinate system of the left image
are calculated. The distance between these two vectors is anindicator for the correct
solution. In other words spoken, the smaller distance is taken and the relative (to the
fixed image) 3D coordinates are chosen. The whole process of finding and evaluating
RO is shown in ( 4.8).

4.1.3 Unified Least Squares Bundle Adjustment

4.1.3.1 General Considerations As stated above, triangulation in close-range
photogrammetry is almost exclusively done using the bundleadjustment technique.
No other method is able to match both the accuracy and flexibility of a bundle ad-
justment. In addition, no other method is as elegant or as rigorous. The key concepts
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behind a bundle adjustment can be deduced from its title: “bundle“ refers to the bun-
dle of image rays emanating from the perspective centre of a camera, and ”adjust-
ment“ refers to the technique of least squares that is used toestimate the unknown
parameters. Putting both concepts together results in a simple, but complete, defini-
tion of what a bundle adjustment does it uses least squares toadjust the bundles of
image rays coming from each camera so as to arrive at the best possible estimate of
the unknown parameters. An image ray, in this context, is thelight ray that connects
a point in object space, the perspective centre of a camera, and a point in an image.
As detailed in 4.1.1.1, the equations that relate these three points are the collinearity
equations, and it is from these equations 4.1 that the derivation of the bundle adjust-
ment begins. If we introduce the distortion parametersd̄x′, d̄y′:

x′ = xp− d̄x′−c· r11 · (X−X0)+ r21 · (Y−Y0)+ r31 · (Z−Z0)
r13 · (X−X0)+ r23 · (Y−Y0)+ r33 · (Z−Z0)

y′ = yp− d̄y′−c· r12 · (X−X0)+ r22 · (Y−Y0)+ r32 · (Z−Z0)
r13 · (X−X0)+ r23 · (Y−Y0)+ r33 · (Z−Z0)

(4.32)

These equations can be expressed in matrix form as:

l = f(x) (4.33)

where l is the vector of image point observations andx is the vector of unknown
parameters. Linearising Equation 4.33 using a first-order Taylor series expansion
yields

l +v = f(x0)+A ·δ (4.34)

wheref(x0) is the value of the collinearity equations evaluated at the point of lineari-
sation,A is the Jacobian of the same equations with respect to the parameters, and
δ is the vector of unknown differences between the estimated parameter values and
their values at the point of linearisation. Thev term represents corrections, known
as the residuals, that must be made to the measurements so that the functional model
can be exactly satisfied. The parameter values at the point oflinearisation are known
as the initial approximates of the adjustment.
Equation 4.33 is typically simplified to

v = A ·δ +w (4.35)

wherew, which is known as the misclosure vector, is equal tof(x0)− l. A least
squares adjustment solves the system of equations 4.34 in subject to the condition,
that the sum of the squares of the weighted residuals is a minimum. This condition
can be expressed as

vTPv = min (4.36)

whereP is the weight matrix of the observations, which is simply theinverse of the
covariance matrix of the observationsCl , or

P = C−1
l (4.37)

To be entirely accurate, the weight matrix is only the inverse of the covariance matrix
when the a priori variance factor is unity; however, for the sake of convenience this
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distinction will be ignored. The least squares solution to equation 4.34 is found by
solving the corresponding system of equations given by

(ATPA)δ = −ATPv (4.38)

or in compact matrix notation

Nδ = −u (4.39)

The coeffcient matrixN in equation 4.39 is known as the normal matrix, and the
u vector is known as the normal vector or vector of constant terms. If the design
matrix has full-rank then the normal matrix is both symmetric and positive definite.
Consequently,δ can be solved for by Cholesky decomposition and back-substitution
(Flannery et al., 1992). Theδ correction terms are then added to the current estimates
of the parameters, and the process is repeated or iterated until all the correction terms
are below some threshold, at which point the adjustment is said to have converged.
It should be noted that at no time during the iteration process is it necessary to invert
the normal matrix. A full inversion, which is much more computationally expensive
than simply solving the system of equations, is only necessary to compute the covari-
ance of the estimated parameters at the end of the adjustment. In the least squares
developed above, the parameters are treated as being entirely unknown. However, it
is often the case that some or all of the parameters are known,but not known exactly.
In other words, existing estimates of the parameters are available, but these estimates
have some uncertainty in them. Parameters such as these can be included in the ad-
justment using unified least squares in conjunction with parameter observations. A
parameter observation relates an adjustment’s current estimate of a parameter with
its known (but uncertain) value using equations of the form

x̂ = x0;Cx0 (4.40)

In equation 4.40,̂x indicates the adjustments current estimate of the parameter, x0

is the parameter’s observed value, andCx0 is the parameter observations covariance.
The parameter observations are added to the system of normalequations using

(N+P0) ·δ = −(u+P0 ·w0) (4.41)

whereP0 is the parameter observation’s weight, which is the inverseof its covari-
ance, andw0 is the misclosure of the parameter observation, which is equal to x̂− x̂0.
An observed parameter lies somewhere in-between a constantand an unknown. Just
where in-between is a function of the parameter observations weight. A high weight
means that a parameter will not be allowed to vary in the adjustment too much from
its input value− i.e., it will be close to a constant. Conversely, a low weightmeans
that a parameter will have more freedom to be adjusted− i.e., it will be close to an
unknown. Unified least squares adjustment assumes, that allvariables involved in
the mathematical formulation are treated like observations (Mikhail and Ackermann,
1976). Through this assumption, no individual group classification becomes neces-
sary. The unknown parameters in a basic bundle adjustment are the positions and
orientations of the cameras, and the co-ordinates of the object space points. How-
ever, it is also possible to include the parameters of interior orientation as unknown
quantities. When this is done, the adjustment is known as aself-calibrating bundle
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adjustment. In effect, the adjustment calibrates the camera(s), whilesimultaneously
solving for the other unknown parameters. Both the normal matrix and vector of con-
stant terms can be subdivided into smaller units that correspond to specific parameter
sets. In photogrammetry, the parameters are normally grouped into three categories:
the unknown object space coordinates, the exterior orientations of the cameras, and
the interior orientations of the cameras. If these parameter sets are indicated by the
subscripts 1, 2, and 3, respectively, then the normal equations can be expressed as





AT
1 PAT

1 +P1
0 AT

1 PA2 AT
1 PA3

AT
2 PA2 AT
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2 +P2
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1 PA1+w0

0
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2 PA2+w1

0

AT
3 PA3+w2

0



(4.42)

4.1.3.2 Inner Constraints A prerequisite to a successful bundle adjustment is
an adequate definition of the network’s datum. Without a complete definition, the
normal matrix in the adjustment will be rank deficient, and the adjustment will fail.
A network’s datum is defined completely, when the absolute orientation of the entire
network can be fixed (Mikhail et al., 2001). This can be done either physically,
for example, by including three or more control points, or mathematically. For the
latter case, the approach used most often is the applicationof inner constraints, in
which the datum is fixed by enforcing a mathematical relationship between the object
space points in the adjustment. In aerial photogrammetry known coordinates are
always available, but in close-range such control information might be not available
and an arbitrary reference frame must be selected. The selection of the optimum
frames is also called Zero Order Design problem and its solution is achieved with
inner, minimal or over-constraints: a datum must be defined imposing constraints that
establish the origin, orientation and scale of the ground reference coordinate system.
The constraints are said to be minimal if they do not introduce external information
into the estimated parameters of the bundle adjustment. If the constraints are not
minimal, the solution is over-constraint, the sum of the squared residuals is invariably
larger and there might be distortions introduced by the adjustment into the estimated
parameters. In photogrammetric adjustments, inner constraints are mostly applied by
bordering the normal matrix with constraint matrices, adding Langrangian multipliers
to the vector of unknowns, and solving the resulting system If the constraint matrix
is indicated byH and the Langrangian multipliers byk, then the resulting system is

[

N HT

H 0

]

·
[

x̂
k

]

= −
[

u
0

]

(4.43)

where the matrixN in Equation 4.43 is known as the normal matrix, and theu vector
is known as the normal vector or vector of constant terms. Theconstraint matrices,
termed the Helmert transformation matrices, can be found inMikhail and Ackermann
(1976). Unfortunately, bordering the normal matrix in the manner above means that
Cholesky decomposition can no longer be used to solve the system of equations, as
the resulting coefficient matrix is not positive definit anymore.
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4.1 THEORETICAL BACKGROUND

4.1.4 Assessment of Adjustment Results

The estimated values of the least squares adjustment are useless without any statis-
tical analyis of the results. This operation is referred to as post-adjustment analysis.
Some well known statistical techniques are used. Some more detailed information
can be found in Mikhail et al. (2001).

4.1.4.1 Test of the a posteriori variance factor The test on the a posteriori vari-
ance factor is the first step in post-adjustment statisticaltesting. Later tests depend
on its outcome. Essentially, the test compares the a priori variance factor with the a
posteriori variance factor. If the a priori variance factorwas chosen correctly, then the
ratio of the two variance factors should be close to 1.0. Therefore, the null hypothesis
H0 is

H0 :
σ̂0

2

σ2
0

= 1;H0 : σ2
0 = σ̂0

2 (4.44)

This most common test involves the variance factor ( also known as the estimated
variance of unit weight )̂σ0

2. It compares the computed (or a posteriori) variance fac-
tor against a test statistic from the chi squared distribution with r degrees-of-freedom.
Consequently, the two-tailed test at a significance level ofα is given by

χ2
1−α/2,r

r
≤ σ̂0

2 ≤
χ2

α/2,r

r
(4.45)

If this test fails, we statistically assume that:

• σ2
0 is chosen incorrectly.

• The model relating the observations and parameters is incorrect, or there were
systematic errors not properly modelled.

4.1.4.2 Goodness-of-fit test on the estimated residuals Adjustment in a least-
squares manner does not require that the observations are normally distributed. The
χ2goodness-of-fit test is done to check if the observations were, indeed, normally dis-
tributed. The test is done using the residuals, which will also be normally distributed,
provided that the observations themselves were normally distributed.
The following “cooking recipe“ is needed for setting up a decision criteria. This final
criteria is based on a one-tailedχ2 significance test.

• Calculate the estimated residuals and their standard deviations.

• Each residual has an expected value of zero, but a different variance, and, con-
sequently, a different normal distribution. To transform the residuals so that
they all have the same distribution, “standardise” them by dividing each resid-
ual by its standard deviation:

v̂i
∗ =

v̂i

σv̂i

(4.46)

• Bin the standardised residuals into evenly divided categories.
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4 DEVELOPMENT OF A FULLY AUTOMATIC GEOMETRIC CALIBRATION SYSTEM

• For each bin, compute the expected number of residuals usingthe normal dis-
tribution, and the chi-squared value, given by

(ai −ei)
2

ei
(4.47)

whereai is the actual number of standardised residuals in the bin, and ei is the
expected number from the normal distribution.

• The test statistic is the sum of the chi-squared values over all mbins,

y =
m

∑
i=1

(ai −ei)
2

ei
(4.48)

This test statistic has aχ2 distribution withm−1 degrees-of-freedom Snedecor
and Cochran (1998). Consequently, the one-tailed test at a significance level of
α is given by

0≤ y≤ χ2
m−1,α (4.49)

If the test fails, then we have grounds to believe that:

• The observations are not normally distributed.

• There are outlying observations.

4.1.4.3 Tests for outlying residuals Outlying observations may impact adjust-
ment results. In other words, the adjustment can report results and covariances that
are not consistent with each other. One of the method to detect outlying residuals
is called “data- snooping”. It is done using the adjusted residuals and their standard
deviations. Each standardised residual is expected to belong to the standard normal
distributionn(0,1). The null hypothesisH0 is, then,

H0 : v̂i
∗ ∈ n(0,1) (4.50)

where, as before, ˆvi
∗ is given by

v̂i
∗ =

v̂i

σv̂i

(4.51)

H0 is accepted at a significance levelα if

nα/2(0,1) ≤ v̂i
∗ ≤ n1−α/2(0,1) (4.52)

If the test fails, then the residual is flagged as an outlier. This test is only valid, if
residuals are independent on each other. Typically, the adjustment should be repeated
with the corresponding observation eliminated. However, due to the smoothing effect
of least squares and correlations are existent, residuals flagged as outliers may not
correspond directly to the outlying observations. Therefore care should be taken in
flagging observations to outliers.
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4.2 IMPLEMENTATION OF THE BUNDLE SOFTWARE

Block5: Describing Residual Test

Starting Set-Up of Minimization System

Initialization Finished

Block3: Describing the Camera Stations

Block2: Describing the "control points"

Block3.1: Describing the Camera Model

Block0: Design of Adjustment 

Block1: Describing the Measurements

Block4: Describing Constraints

Fig. 4.9 The UML activity diagram of the initialization process.

4.2 IMPLEMENTATION OF THE BUNDLE SOFTWARE

4.2.1 Design of a Scene Description Language for Bundle Adju stment

Since we are dealing with many input files, the complex bundleadjustment process
should be controlled through simple tags. This tags can be spreaded allover the net-
work and the collecting of the files should be solved in an elegant and secure (no
side-effects) way. Therefore, we considered to implement an own language, which
serves as a designing and controling tool for the underlyingself-calibrating bundle
adjustment. The Scene Description Language contains several statements called lan-
guage directives, which tell the file parser, which tasks should be performed. These
directives can appear in almost any place in the scene file. They are used to include
other text files in the stream of commands, to declare identifiers and to control other
important aspects of scene file processing.
The most important series of commands can be organized in a socalled design tag.
Design in this case does not mean the design of a network, it means the design or
setup of the adjustment. Through simple commands it is possible to change the ad-
justment between simulation and standard mode. This section shows the relevant
adjustment features needed for simulation and actually performing a synchronized
multi-camera-station adjustment. It should be noted, thatthis adjustment can be used
for many other applications like it has be shown for 3D reconstruction of a scene
from post cards (Novak, 2007).
According to the UML activity diagram figure 4.9, the different blocks are analysed.
EachBlockconsits of a numerous number of statements, allowing to tunethe adjust-
ment for different network configurations.Block0is the design block for the setup of
the adjustment. For this module various tags can be defined:

• SIMULATE: Simulate observations.
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4 DEVELOPMENT OF A FULLY AUTOMATIC GEOMETRIC CALIBRATION SYSTEM

• UNIFIED LEAST SQUARES: Use “unified” least squares adjustment explained
in Section 4.1.3. Any parameters with standard deviations are treated as param-
eter observations.

• RESIDUALS: Calculate the observation residuals.

• CALCULATE COVARIANCE: Calculate the estimated parameter covariances.

• STATISTICAL TESTS: Perform statistical tests on adjustment results. This
tests are explained in Section 4.1.4 in detail.

• FORCE COMPLETE: Perform post-convergence functions, evenif adjustment
did not converge.

• EXACT ITERATIONS: Perform exactly the number of iterationsspecified in
the convergence criteria.

• IGNORE APPROXIMATES: Ignore approximate parameter valuesprovided
in the input. Approximates will be generated by Addingham.

• SORT: Sort the adjustment quantities by name.

• OUTPUT COEFFICIENT MATRIX: Output the coefficient matrix (for each
iteration) to a text file (input file name)-output.gnet-coefficient-matrix.

• OUTPUT MISCLOSURES [precision]: Output the observation misclosures
(for each iteration) to a file (input file name)-output.gnet-residuals.

• OUTPUT MISCLOSURES: Output the parameter corrections (foreach itera-
tion) to a file (input file name)-output.gnet-corr, using optional precision.

• OUTPUT MESSAGES: Output the adjustment messages to a file (input file
name) - Messages.txt.

• OUTPUT ITERATIONS [INLINE]: Output the iteration count to the console.
If inline is specified, then the current iteration count willoverwrite the previous
iteration count (using the backspace character). Otherwise, each iteration is
output on a separate line.

• DEBUG: Set the adjustment debug flags.

• WAIT: Waits until a certain kind of file in a pre-defined directory structure is
generated.

The Scene Description Language allows a user to describe a scene for the explained
self-calibrating bundle adjustment in a readable and convenient way. This SDL is
similar to the well known languages PovRAY (2006); VRML97 (2006). The SDL
consists of identifiers, reserved keywords, floating point expressions, strings, special
symbols and comments. The identifiers can be grouped to objects and used in dif-
ferent combination. The establishing of a camera exposure is described in 4.10(a).
4.10(b) zooms into the structure of a camera and explains theincluded tags. The core
parses the SDL to an interpreter, which translates the plaintext files. Through the
parsing of the files messages will appear, which guide the user through the whole
process of the underlying bundle adjustment.
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4.3 SIMULATION OF A SYNCHRONIZED MULTI CAMERA NETWORK

(a) (b)
Fig. 4.10 (a) Designing an exposure station. The exposure station is defined through an
unknown point (position), some exposure attitudes, and a specific camera model. (b) The
figure zooms into the structure of the defined close-range camera.

4.3 SIMULATION OF A SYNCHRONIZED MULTI CAMERA
NETWORK

We setup some simulation configurations to judge about the determinability of all
interior orientation elements and the additional parameters. To setup a virtual camera
model, we have defined the following parameters:

• image size in horizontal and vertical direction

• pixel size in vertical and horizontal direction

• camera constant

• two clipping planes (near-far)

The virtual camera can be implemented for OpenGL based rendering. Different con-
versions between the defined camera system and the OpenGLGL MODELVIEW
have to be implemented. Through the defined parameters a projection matrix, like
described in Section 4.1.1.2, can be constructed. It shouldbe mentioned, that no
calibration matrixK is introduced. The structure of this matrix is shown in 4.16.

PTRAFO [3x4] = GST[3x3] ·P[3x4] (4.53)

GST =





sx 0.0 −dx
0.0 sy −dy
0.0 0.0 1.0



 (4.54)

wheresx= 2/(imagewidth) andsy= 2/(imageheight) describe the horizontal and
vertical scaling anddx= 1 anddy= 1 the horizontal and vertical shift. Additionally,
we have to include the clipping plane into the GL model view definition and describe
a zratio= 2/(zmax− zmin). If the clipping plane is parallel to the image plane, we
include at the third column position of thePTRAFO

T matrix

clip =
[

0 0 −zratio −(1.0−zration+zmin∗zratio)
]T

(4.55)

There are some other methods to set-up a virtual camera, e.g.gluPerspective, glu-
LookAt, or gluFrustum(Robins, 2007). Nevertheless, the method described above
is the most flexible one. It allows the user to set-up any virtual camera and stack it
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4 DEVELOPMENT OF A FULLY AUTOMATIC GEOMETRIC CALIBRATION SYSTEM

Name BASLER A620 Series/IEEE1394
Resolution 1280x1024
Sensor Type/Size 2/3” Progressive Scan CMOS
Pixel Size 6.7µm x 6.7µm
Max. Frame Rate at Full Res.24 fps.
C/M Mono

Table 4.2 Vision important characteristics of the CMOS sensor (Basler, 2007)

together to a compact 4x4 projection matrix.

In our project we simulate Basler A620f cameras with a focal length of∼ 6[mm]
and a square pixel size of∼ 0.0067[mm] with a sensor size of∼ 8.6x6.9[mm].
The figure 4.11 plots the precision values forZ with different mean intersection an-
gles. For our camera model a mean intersection angle of e.g. 20[degrees] give a
∼ 4.62[mm] precision inZ direction. For this calculation we assume a model size of
2x2x2[m3] and therefore with the given sensor size we get a image scale number of
233. The image detection precision is set to 1[pixel].
The approximations for the relative orientation are calculated with direct linear trans-
formation of relative orientation elements (RDLT). The theoretical background of
RDLT is described in detail in section 4.1.2.2, where the duality of the solution is
solved through the calculation of the distance between the vectors from the image
point to the projection center in the first coordinate systemand the corresponding
one in the second. The smaller distance is an indicator, thatthe solution is the correct
one. Another indicator is theZ coordinate, which should be regarding to the defin-
tion of the coordinate system, negative. We setup a simulation of 30 object points
and therefore 10 spatial distances.
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Fig. 4.11 The relative precision of the Z values (in optical axis direction) with a scale of 1 : 233,
an image measurement precision (from point detector) of 0.007[mm] = 1[pixel] and a mean
intersection angle varying between 1 and 90[deg].

68



4.3 SIMULATION OF A SYNCHRONIZED MULTI CAMERA NETWORK

Fig. 4.12 The starting relative orientation network.

Fig. 4.13 Introducing spatial distance as constraints.

The estimated values of precision give an excellent starting point for setting up the
covariance matrix for the unknown 3D points in the unified least squares approach. If
we adjust the relative orientation and introduce additionally the spatial distances with
an uncertainty of 1[mm] we get a mean precision of all unknown points, including the
exposure stations, ofstdX ≈ 1.51[mm],stdY ≈ 1.44[mm], andstdZ ≈ 2.98[mm]. The
precision values at every point are visualized through ellipsoids in figure 4.12 and
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4 DEVELOPMENT OF A FULLY AUTOMATIC GEOMETRIC CALIBRATION SYSTEM

# wands σ̂c[mm] σ̂xp [mm] σ̂yp [mm] σ̂sc σ̂k1 stdX [mm] stdY[mm] stdZ[mm]
10 0.431 0.522 0.983 0.0065 0.00009 1.479 1.171 2.567
40 0.051 0.031 0.155 0.0015 0.00011 0.643 0.551 1.301
100 0.041 0.021 0.085 0.0012 0.00010 0.591 0.488 1.107

Table 4.3 Simulation of a three camera network with standard deviations of the significant
parameters.

4.13. If we introduce a third camera and station, we can solvefor all the additional
parameters (the significant ones are shown):

• σ̂c: average standard deviation from all stations of the cameraconstant

• σ̂xp: average standard deviation from all stations of principaldistance inx di-
rection

• σ̂yp: average standard deviation from all stations of principaldistance iny di-
rection

• σ̂sc: average standard deviation from all stations of scale factor

• σ̂k1: average standard deviation from all stations of radial distortion k1

• stdX :average standard deviation from all stations inX

• stdY:average standard deviation from all stations inY

• stdZ:average standard deviation from all stations inZ

The standard deviations are listed in table 4.3. The standard deviations of the param-
eters change between∼ 10 and∼ 40 wand positions significantly; after∼ 40 wand
positions the estimations are stable.

Fig. 4.14 The simulated three camera network.

The standard deviations are listed in table 4.4. Similar tests have been carried out
by (Maas, 1998). He setup a variety of simulations, where he assumes an accuracy
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4.4 GEOMETRIC CALIBRATION OF SYNCHRONIZED MULTI CAMERA NETWORKS

# wands σ̂c[mm] σ̂xp [mm] σ̂yp [mm] σ̂sc σ̂k1 stdX [mm] stdY[mm] stdZ[mm]
5 0.153 0.153 0.064 0.00414 0.00074 1.219 2.315 1.639
6 0.060 0.060 0.028 0.00140 0.00031 0.533 1.224 0.630
7 0.026 0.035 0.016 0.00051 0.00016 0.263 0.558 0.255
8 0.020 0.020 0.012 0.00048 0.00014 0.232 0.521 0.250
10 0.013 0.017 0.009 0.00022 0.00009 0.151 0.332 0.141
16 0.006 0.010 0.006 0.00014 0.00014 0.097 0.264 0.099
25 0.004 0.007 0.004 0.00011 0.00003 0.075 0.232 0.082
50 0.003 0.005 0.003 0.00006 0.00002 0.067 0.210 0.069
100 0.002 0.003 0.002 0.00004 0.00001 0.064 0.212 0.066
200 0.001 0.002 0.002 0.00003 0.00001 0.062 0.213 0.065
400 0.001 0.002 0.001 0.00002 0.00001 0.061 0.204 0.064

Table 4.4 Simulation of different wand positions in (Maas, 1998). Through an introduction of
a different orientation in the coordinate system, the Y and Z direction is switched.

of 1/40th[pixel] and an accuracy of 0.01[mm] for the reference bar. The sensor size
is ∼ 8.6x6.6[mm] and the square pixel size 0.011[mm]. The observed object space
is 1.7x1.5x1.0[m3]. The free network adjustment could be solved after introducing
5 wands at well distributed positions and it converges after∼ 25 wand position to
stable standard deviations.
Our analysis of simulations has shown, that stable results can be achieved with a
total of ∼ 40 reference bar locations/orientations, which are preferably randomly
distributed over the observation volume. The number differs from (Maas, 1998),
because of the different precision assumptions for the introduced observations. It is
also mentioned, that a random arrangement should be preferred instead of a regular
one. The length of the wand can be changed according to the object space, which
may be calibrated.

4.4 GEOMETRIC CALIBRATION OF SYNCHRONIZED MULTI
CAMERA NETWORKS

The simulation of the camera setup has shown, that a solutionof the camera model
can be achieved. Therefore we used two different camera types, namely Industrial
Camera and Web Camera, to show different cases in practice. These cases provide
an overview of the difficulties, which appear with differentquality of cameras and
different setups of a multi-camera network.

4.4.1 Industrial Cameras

The simulated network 4.3 is realized through a multi-camera network of Basler
CMOS cameras. The camera specifications are summarized in 4.7. One camera
network is shown in Figure 4.16. After moving the wand (14 positions in space)
and establishing of the correspondences, all additional parameters could be solved
(Fig. 4.15). The standard deviation ofstdX = 0.93[mm],stdY = 0.66[mm] andstdZ =
1.06[mm] is determined. The image coordinate precision is∼ 0.2[pixel]. Due to well
situated light sources, as shown in Figure 4.16, the point detection precision is better
then the simulation tests performed in 4.3 and therefore a better precision of object
points is achieved. A similar network with all six cameras ina half circular setup is
established (Fig. 4.18). The results of the calibration arelisted in Tab. 4.5 and the
correlation matrices can be found in Tab. 4.6.
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4 DEVELOPMENT OF A FULLY AUTOMATIC GEOMETRIC CALIBRATION SYSTEM

Fig. 4.15 Adjusted network of the industrial camera setup. After 14wand positions in space,
the multi camera setup can be solved.

Fig. 4.16 Set-up of a camera synchronized multi-image acquisition system.
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4.4 GEOMETRIC CALIBRATION OF SYNCHRONIZED MULTI CAMERA NETWORKS

Camera 1 Adjusted Values for Interior Orientation Standard Deviation
c 6.1755 1.427e-003
px -0.0660 8.916e-004
py 0.0592 7.555e-004
k1 -5.72563e-003 1.687e-005
k2 -1.91864e-005 2.138e-006
k3 -5.12912e-006 9.084e-008
p1 -1.65333e-005 9.550e-006
p2 -6.09098e-005 8.918e-006
sc -1.93278e-005 2.643e-005
sh -1.66039e-004 2.136e-005
Camera 2
c 6.1910 1.505e-003
px -0.1064 7.565e-004
py 0.0009 1.008e-003
k1 -5.53770e-003 1.604e-005
k2 -2.39354e-005 1.967e-006
k3 -4.39790e-006 7.415e-008
p1 -3.36252e-005 8.032e-006
p2 -1.31813e-004 1.019e-005
sc -1.55073e-005 1.953e-005
sh -1.45695e-004 1.702e-005
Camera 3
c 6.2162 1.273e-003
px 0.1012 5.541e-004
py -0.1390 7.167e-004
k1 -5.54260e-003 2.229e-005
k2 -3.17803e-005 3.191e-006
k3 -3.57639e-006 1.381e-007
p1 3.57393e-005 5.967e-006
p2 1.82173e-005 7.642e-006
sc 4.20887e-005 2.362e-005
sh -9.95734e-006 1.273e-005
Camera 4
c 6.2121 1.082e-003
px -0.1319 6.178e-004
py -0.0647 7.802e-004
k1 -5.57765e-003 2.022e-005
k2 -3.37819e-005 3.224e-006
k3 -3.68714e-006 1.650e-007
p1 9.20183e-006 6.892e-006
p2 -2.30024e-005 8.765e-006
sc 1.99697e-004 1.556e-005
sh -6.04346e-005 1.482e-005
Camera 5
c 6.2213 1.659e-003
px -0.0282 6.184e-004
py 0.0140 6.191e-004
k1 -5.68922e-003 3.636e-005
k2 -4.16178e-005 5.916e-006
k3 -3.32310e-006 2.879e-007
p1 2.54660e-005 6.580e-006
p2 -1.61925e-005 7.158e-006
sc 2.13703e-005 2.220e-005
sh 7.37504e-005 1.180e-005
Camera 6
c 6.1989 1.248e-003
px -0.1079 6.840e-004
py -0.1856 1.049e-003
k1 -5.55742e-003 2.305e-005
k2 -1.20562e-005 4.200e-006
k3 -5.10356e-006 2.311e-007
p1 3.17029e-005 7.554e-006
p2 4.64085e-005 1.122e-005
sc -9.40385e-006 1.534e-005
sh -2.06118e-004 1.435e-005

Table 4.5 Camera constant c, principal points px, py, additional parameters
k1,k2,k3, p1, p2,sc,shand their standard deviations.
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4 DEVELOPMENT OF A FULLY AUTOMATIC GEOMETRIC CALIBRATION SYSTEM

Camera 1 c px py k1 k2 k3 p1 p2 sc sh
c 1.000 0.459 0.074 -0.243 0.001 -0.008 -0.410 0.063 0.434 0.113
px 1.000 0.212 -0.277 0.147 -0.128 -0.960 -0.126 -0.048 0.437
py 1.000 -0.104 0.035 -0.030 -0.228 -0.874 -0.589 -0.137
k1 1.000 -0.913 0.852 0.318 -0.054 -0.129 -0.162
k2 1.000 -0.980 -0.157 0.007 0.027 0.090
k3 1.000 0.145 -0.008 -0.035 -0.088
p1 1.000 0.075 0.053 -0.527
p2 1.000 0.687 0.333
sc 1.000 0.124
sh 1.000
Camera 2 c px py k1 k2 k3 p1 p2 sc sh
c 1.000 0.309 0.284 -0.205 -0.092 0.097 -0.297 -0.088 0.284 0.212
px 1.000 0.096 -0.179 0.084 -0.074 -0.961 -0.058 0.038 0.271
py 1.000 -0.082 0.003 -0.016 -0.081 -0.927 -0.371 -0.208
k1 1.000 -0.889 0.803 0.186 0.013 -0.045 -0.127
k2 1.000 -0.971 -0.056 -0.011 -0.044 0.034
k3 1.000 0.052 0.028 0.051 0.000
p1 1.000 0.036 -0.030 -0.271
p2 1.000 0.403 0.277
sc 1.000 0.107
sh 1.000
Camera 3 c px py k1 k2 k3 p1 p2 sc sh
c 1.000 0.128 0.375 0.140 -0.207 0.145 -0.141 -0.343 0.712 0.143
px 1.000 0.120 -0.003 -0.010 0.001 -0.976 -0.117 0.092 0.363
py 1.000 0.003 -0.052 0.032 -0.116 -0.950 -0.038 0.051
k1 1.000 -0.947 0.885 -0.005 0.023 -0.028 -0.029
k2 1.000 -0.981 0.021 -0.021 -0.037 0.017
k3 1.000 -0.011 0.051 0.002 -0.027
p1 1.000 0.110 -0.108 -0.372
p2 1.000 0.030 -0.053
sc 1.000 0.128
sh 1.000
Camera 4 c px py k1 k2 k3 p1 p2 sc sh
c 1.000 0.021 0.253 0.071 -0.121 0.084 0.014 -0.111 0.318 0.182
px 1.000 -0.118 -0.067 0.075 -0.067 -0.922 0.126 -0.097 0.423
py 1.000 -0.085 0.005 -0.009 0.088 -0.914 -0.386 -0.373
k1 1.000 -0.928 0.867 0.159 -0.041 0.000 -0.118
k2 1.000 -0.981 -0.080 0.043 -0.002 0.054
k3 1.000 0.072 -0.043 -0.003 -0.046
p1 1.000 -0.193 0.145 -0.495
p2 1.000 0.397 0.483
sc 1.000 0.227
sh 1.000
Camera 5 c px py k1 k2 k3 p1 p2 sc sh
c 1.000 0.112 0.072 0.279 -0.284 0.207 -0.089 0.002 0.743 0.095
px 1.000 0.080 0.027 -0.015 0.003 -0.980 -0.063 -0.002 0.322
py 1.000 0.054 -0.092 0.095 -0.077 -0.937 -0.158 -0.054
k1 1.000 -0.944 0.884 -0.016 -0.118 0.127 0.018
k2 1.000 -0.981 0.003 0.130 -0.176 0.001
k3 1.000 0.007 -0.139 0.129 -0.009
p1 1.000 0.066 0.010 -0.333
p2 1.000 0.177 0.073
sc 1.000 0.068
sh 1.000
Camera 6 c px py k1 k2 k3 p1 p2 sc sh
c 1.000 0.228 0.449 0.084 -0.162 0.156 -0.110 -0.252 0.229 0.008
px 1.000 0.166 -0.098 0.079 -0.080 -0.933 -0.131 -0.067 0.209
py 1.000 -0.042 -0.033 0.027 -0.146 -0.941 -0.300 -0.368
k1 1.000 -0.934 0.870 0.146 0.024 -0.011 -0.052
k2 1.000 -0.983 -0.082 0.010 -0.012 0.033
k3 1.000 0.088 0.001 0.016 -0.018
p1 1.000 0.110 0.116 -0.228
p2 1.000 0.327 0.456
sc 1.000 0.075
sh 1.000

Table 4.6 Camera correlation matrices.
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Fig. 4.17 The adjusted network of six camera stations and 393spatial distances.

Fig. 4.18 Close up look of the the moving wand in the adjusted network of six camera stations.
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4 DEVELOPMENT OF A FULLY AUTOMATIC GEOMETRIC CALIBRATION SYSTEM

Fig. 4.19 Frame number 501, 801, and 1201. Every column represents one camera (six
in this example). The image coordinates together with the frame numbers are saved. This
information is the required input for the following least squares adjustment.
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4.5 CONSIDERATIONS

Name IIDC FireWire Digital Camera
Resolution 640x480
Sensor Type/Size SONY Wfine* 1/4“ CCD”
Pixel Size 5.6 µmx 5.6 µm
Max. Frame Rate at Full Res.30 fps. Mono; 15 fps. Color (RGB24)
C/M Color or Mono
Optics 4.65 mm; built−in

Table 4.7 Vision important characteristics of the FireWire UniBrain sensor.

Fig. 4.20 The simultaneous detection of light positions in a web camera setup.

4.4.2 Web Cameras

For the orientation and calibration six FireWire Unibrain web-cameras are used. The
technical specifications for the camera are listed in Tab. 4.7. The noise, motion blur,
not exact synchronization of the video sequence makes a moving wand as calibration
device impossible. A sequentially switched LED moved through object space is em-
ployed (Fig. 4.20). An obvious advantage of these ”moved single-point” methods is
their simplicity, as detection in image sequences can be easily done in real time and
the determination of homologous points is trivial, since every frame consists of one
feature. The orientation of the cameras could be achieved and the network is shown
in Fig. 4.21.
A disadvantage, however, is the limited suitability of the method for self-calibration:
While lens distortion parameters can be determined, the interior orientation of the
cameras cannot be reconstructed from the information of a single moved point (Tab.
4.8). The self-calibration cannot be done, because the network’s datum is not fully
defined.

4.5 CONSIDERATIONS

We achieved an automation of the calibration and orientation of our stationary multi
image system through a well defined scene description language. The term multi im-
age refers to multiple images acquired from different positions in space describing
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Fig. 4.21 The adjusted network of six web camera stations with light positions randomly
distributed.

CAMERA 1 CAMERA 2

Parameter Value Std Value Std
k1 -4.71651e-003 5.419e-004 4.30306e-003 3.824e-004
k2 -1.96283e-003 3.040e-004 -1.71310e-003 2.005e-004
k3 4.45607e-004 5.318e-005 3.75491e-004 3.185e-005
p1 -1.05476e-003 8.686e-005 3.33625e-004 8.038e-005
p2 -2.08585e-004 7.156e-005 -1.84637e-003 5.735e-005

CAMERA 3 CAMERA 4
k1 -3.09492e-003 4.519e-004 -3.73150e-003 5.201e-004
k2 - - - -
k3 1.68513e-004 5.047e-005 2.22993e-004 5.205e-005
p1 7.15559e-004 6.403e-005 -1.95027e-003 9.258e-005
p2 - - -8.34618e-004 7.641e-005

CAMERA 5 CAMERA 6
k1 3.60023e-003 3.256e-004 2.93603e-003 3.478e-004
k2 - - - -
k3 2.15562e-004 2.680e-005 2.21856e-004 2.998e-005
p1 -2.04565e-004 6.370e-005 5.56301e-004 5.945e-005
p2 5.16106e-004 4.784e-005 -1.28029e-004 4.007e-005

Table 4.8 Calibration parameters for Cameras 1−6 and the significant lens distortion param-
eters.

the same scene and multi-image sequence is associated with multi images acquired
during the time interval. The camera calibration and orientation is based on stationary
cameras and moving targets, which are fixed on a wand. Different wands can be used
and through an additional approximation step the cameras can be combined with the
well known Vicon Motion Capture system. The synchronized image sequence acqui-
sition character is used to get multi-view correspondencesof the image coordinates.
Through the known distances between the spheres/targets ofthe moving wand, ad-
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ditional constraints can be introduced and allow to solve the linear equation system
with all necessary additional parameters of interior orientation. Some simulated tests
have shown, that after around eight well distributed positions of the moving wand in
a synchronized three camera-setup system all additional parameters can be solved.
The mentioned method may be used with different sensors and focal lengths and can
be tuned to achieve high accuracy for industrial cameras.
The main advantages of the proposed method are:

1. The flexible volume of interest: for any kind of application (in our case hu-
man motion capture and surface measurements) a volume of interest can be
established.

2. No pre-calibration of the synchronized multi camera system has to be done.

3. The tracking of points and the finding of correspondences can be achieved in a
robust way.

4. The achieved point cloud is well distributed and ideal forthe stability of the
network.

5. The introducing of additional constraints (spatial distances) leads to a strong
network configuration.

6. Through the tracking/detection methods different wands(targets) can be used.
This allows to calibrate the camera system with the same shutter setup like for
surface measurement and motion analysis.

The main disadvantages of the proposed method are:

1. The moving of the calibration device causes motion blur. This blur influences
the quality and accuracy of the image point detection operator.

2. The illumination must be in a way, that the signalized points of the calibra-
tion device can be detected. This setup is often not useable for further image
matching and texturing processes.

3. The hardware synchronization must be exact, otherwise the correspondences
cannot be dedicated correctly.
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Chapter 5

Investigations in Human Body
Surface Measurement
and Motion Analysis

The realistic modeling and animation of humans is one of the most difficult tasks
in the vision and graphic community. In particular, human body modeling from
video sequences is a challenging problem that has been investigated a lot in the last
decade. Recently the demand of 3D human models is drastically increased for ap-
plications like movies, video games, ergonomics, e-commerce, virtual environments
and medicine. A complete human model consists of the 3D shapeand the move-
ments of the body. The 3D shape is generally acquired with active sensors, while
the movements are captured with motion capture systems. Videogrammetry is an
alternative technique able to provide, at the same time, 3D shape and movement in-
formation. Most of the research activities in this area is focusing on the problem of
tracking a moving human (human motion analysis) through an image sequence, using
a single camera, multiple views or special equipment for thedata acquisition. Many
techniques use a probabilistic approach, trying to fit a predefined 3D model to the
image data. The issues involved in creating virtual humans are the acquisition of the
body shape, the acquisition of the movements information and the animation. In the
animation and graphic community, the modeling of the statichuman figure is often
divided in layers:

• a skeleton, consisting of rigid bones mounted on a wireframeskeleton,

• a muscle layer,

• a fat layer and

• a skin layer, represented by a geometric mesh, spline patches or subdivision
surfaces.

Different representations of virtual characters are present in the literature and the ma-
jority consists only of a skeleton and a skin layer. One of themost used articulated
3D representation for animated character is the H-Anim. It is an International Stan-
dard that defines the H-Anim as an abstract representation (in VRML97 language)
for modeling 3D human figures; it describes a standard way to represent and animate
humanoids and it is a simple design for 3D Internet applications. The H- Anim does
not define a particular shape for a virtual character but specifies how such charac-
ters should be structured for the animation. Then the animation is generally based
on its skeleton and can be performed using any manual manipulation, keyframing or
motion capture data.

81



5 INVESTIGATIONS IN HUMAN BODY SURFACE MEASUREMENT AND MOTION ANALYSIS

We define a process to reconstruct an human surface and track human motion. To
define the human body in each image of the snychronized cameras we have to clas-
sify between foreground (projection of human body) and background (none moving
objects). The spatial and temporal character of the video sequence is fully used. The
foreground/background subtraction algorithm is dependent on the base line of the
multi camera setup. If there is a small baseline between neighbouring sensors we use
disparity maps to define the foreground and background. In anall around network
with a small number of cameras where automatic identification of correspondences
cannot be derived, a fully geometry based approach is introduced. The whole phase
of foreground/background classification is called advanced medi-picture algorithm.
The second phase consists of the model based reconstructionwith an articulated prim-
itive model. This model has an underlying hierarchical stick figure and is based on
the HAnim Model. The attached quadrics, which are easy to model to different prim-
ivites (like ellipsoids, cylinders,...), are used as approximative surfaces for a model
based multi image least squares approach. Additionally, ifthe correspondence prob-
lem cannot be solved (wide-baseline), we use a visual hull approach. The visual
hull approach is an image based method, but it relies on initial frames for the fore-
ground/background subtraction. The visual hull method is programmed by Franco
Boyer and is used as an open source tool. We have adopted and implemented the
silhouette extraction in an efficient way.
The third phase includes human tracking, which can be understood as the detection
and reconstruction in every frame and the determination of correspondences in a
temporal way. As shown in this work, both methods are used andfurther developed.
The first method can be used in applications, where the surface reconstruction in
every frame is important and not the trajectory. Therefore the frames can be threated
independently. The trajectory of keypoints can be established through the frame-to-
frame tracking-fitting approach.

5.1 FOREGROUND/BACKGROUND SEGMENTATION IN VIDEO
SEQUENCES

Background subtraction is a widely used approach for detecting moving objects in
videos from static cameras. The character of video sequences enables to achieve
temporal information about the scene of interest. The object, which should be de-
tected, known asmoving objector foreground imageis saved as a binary image. We
are using different informations from the temporal as well as the spatial character of
the scene in combination with single and multiple static cameras and introduced 3D
geometric primitives. In addition we take advantage of a training period, which forms
a background model in a statistical and 3D sense. The methodsand combination of
different approaches are summarized in Figure 5.1. In the following section 5.1.1 we
review existing methods.

5.1.1 Introduction and Review of Existing Methods

The main idea of the approach is that of detecting the moving objects from the dif-
ference between the current frame and a reference frame, often called background
image, or background model. As a baris, the background imagemust be a represen-
tation of the scene with no moving objects and must be kept regularly updated so as
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5.1 FOREGROUND/BACKGROUND SEGMENTATION IN VIDEO SEQUENCES

Fig. 5.1 Overview of the used methods for background and foreground segmentation.

to adapt to the varying luminace conditions and geometry settings. Several methods
for performing background subtraction have been proposed in the recent literature.
All of these methods try to effectively estimate the background model from the tem-
poral sequence of the frames. However, there is a wide variety of techniques, which
are summarized in the following paragraph:

• Running Gaussian Average:Wren et al. (1997) have proposed to model the
background independently at each(i, j) pixel location. The model is based
on ideally fitting a Gaussian probability density function (pdf) on the lastn
pixel-values. To avoid fitting this pdf from scratch at each new frame timet, a
running average is computed instead as:

µt = α It +(1−α)µt−1 (5.1)

whereIt is the pixels current value andµt the previous average;α is an em-
pirical weight often chosen as a tradeoff between stabilityand quick update.
Although not stated explicitly in (Wren et al., 1997), the other parameter of the
Gaussian pdf, the standard deviationσi , can be computed similarly. In addition
to speed, the advantage of than runnning average is given by the low memory
requirement: for each pixel, this consists of the two parameters (µt ,σt) instead
of the buffer with the lastn pixel values. There is a very efficient implementa-
tion of the “Running Gaussian Average” in Intel’s OpenCV Library (OpenCV,
2006).

• Temporal Median Filter:Various authors have argued that other forms of tem-
poral average perform better than that shown in (Wren et al.,1997). Lo and
Velastin (2000) proposed to use the median value of the lastn frames as the
background model. In addition, (Cucchiara et al., 2003) proposed to compute
the median on a special set of values containing the lastn, sub-sampled frames
andw times the last computed median value. This combination increases the
stability of the background model. The main disadvantage ofa median-based
approach is that its computation requires a buffer with the recent pixel values.
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5 INVESTIGATIONS IN HUMAN BODY SURFACE MEASUREMENT AND MOTION ANALYSIS

Moreover, the median filter does not accommodate for a rigorous statistical de-
scription and does not provide a deviation measure for adapting the subtraction
threshold.

• Mixture of Gaussians:Over time, different background objects are likely to
appear at a same(i, j) pixel location. When this is due to a permanent change
in the scene’s geometry, all the models reviewed so far will,more or less
promptly, adapt so as to reflect the value of the current background object.
However, sometimes the changes in the background object arenot permanent
and appear at a rate faster than that of the background update. A typical exam-
ple is that of an scene with noise due to illuminance changes.In these cases,
a single-valued background is not an adequate model.In Stauffer and Grimson
(1999), Stauffer and Grimson raised the case for a multi-valued background
model able to cope with multiple background objects. Actually, the model
proposed in (Stauffer and Grimson, 1999) can be more properly defined an
image model as it provides a description of both foreground and background
values. Stauffer and Grimson describe the probability of observing a certain
pixel value,x, at timet by means of a mixture of Gaussians:

P(xt) =
K

∑
i=1

ωi,t η(xt −µi,t ,σi,t) (5.2)

with each of theK Gaussian distributions meant to describe only one of the
observable background or foreground objects. For equation5.2 to become a
model of the background alone, a criterion is required to provide discrimina-
tion between the foreground and background distributions.In (Stauffer and
Grimson, 1999) it is given like this:

– all the distributions are ranked based on the ratio between their peak am-
plitude ωi , and standard deviation,σi. The assumption is that the higher
and more compact the distribution, the more likely it belongs to the back-
ground.

– the firstG distributions in ranking satisfying

P(xt) =
G

∑
i=1

ωi > T (5.3)

with T an assigned threshold, are accepted as background.

• Kernel Density Estimators:An approximation of the background pdf can be
given by the histogram of the most recent values classified asbackground val-
ues. However, as the number of samples is necessarily limited, such an approx-
imation suffers from significant drawbacks: the histogram,as a step function,
might provide poor modeling of the true, unknown pdf, windowing the pdf
function. In order to address such issues (A. et al., 2000) have proposed to
model the background distribution by a non-parametric model based on Kernel
Density Estimation (KDE) on the buffer of the lastn background values. KDE
guarantees a smoothed, continuous version of the histogram.

• Mean-shift based estimation:Mean-shift based estimation (Han et al., 2004) is
a gradient-ascent method able to detect the modes of a multimodal distribution
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together with their covariance matrix. It is an iterative method, where the step
decreases towards convergence.

• Combined estimation and propagation:The mean-shift mode detection from
samples is used only at initialisation time (Han et al., 2004). Later, modes are
propagated by adapting them with the new samples:

PDF(x) = α(newmode)+ (1−α)(∑existingmode) (5.4)

These heuristic procedures are used for merging the existing modes. The num-
ber of modes is not fixed a priori.

• Eigenbackgrounds:Principal Component Analysis (PCA) by way of eigenvec-
tor decomposition is a way to reduce the dimensionality of a space. PCA can
be applied to a sequence ofn frames to compute the eigenbackgrounds (Oliver
et al., 2000).

• Color similarity criterion: The method described in Mester et al. (2001) com-
pares the color values at pixels in a reference (background)image, and a given
image. In particular, all color values within a small windowaround a pixel,
here always a 3x3 neighbourhood, are stacked into row vectorsxb resp. xf
for the background resp. the given image, where the latter will typically con-
tain some additional foreground objects. In Mester’s analysis, change detec-
tion amounts to assessing whetherxb andxf are colinear. If they are (the null
hypothesis), no change is judged to be present and the background is still vis-
ible at that pixel in the given image. If not, the pixels are considered to have
different colors, and a foreground pixel has been found. A fast GPU based
implementation can be found in (Griesser, 2005; Griesser etal., 2005).

Fig. 5.2 Using simple absolute differences between an empty scene image and the moving
object frame.

In applications using fixed cameras with respect to the static background (e.g. station-
ary surveillance cameras) a very common approach is to use background subtraction
to obtain an initial estimate of moving objects. Basically,background subtraction
consists of comparing each new frame with a representation of the scene background
and differences usually correspond to foreground objects.
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Ideally, background subtraction should detect real movingobjects with high accu-
racy, limiting false negatives (objects pixels that are notdetected) as much as possi-
ble; at the same time, it should extract pixels of moving objects with the maximum
responsiveness possible, avoiding detection of transientspurious objects, such as cast
shadows, static objects, or noise. In particular the detection of cast shadows as fore-
ground objects is very common, producing undesirable consequences. For example,
shadows are mostly included in the outline of the human body,generating a single
object (called BLOB-Binary Large Objects in relation to thebinary image structure)
as output of the background subtraction. To distinguish theshadows from the person
in the segmented image the following property is assumed:

• the texture (intensity values) of the shadow is correlated with the corresponding
texture (intensity values) of the background image

5.1.2 Using the Character of Video Sequences

The algorithm to be implemented uses background extraction. We have chosen the
MediPicture algorithm as the first step of extraction, because it

• uses a statistical model to define the empty background.

• is fast adaptable to different image sequences.

• reacts fast on changes between consecutive frames.

Most of the available background extraction algorithms usea statistical representation
of the so called “empty scene” during a certain training period. This representation
consists of three images created by an algorithm as described in (Haritaoglu et al.,
1998). It models minimum and maximum intensity values of allthe pixels, and max-
imum intensity differences between consecutive frames observed during the trainings
period. It compares the value of each pixel in the current frame with the mean value.
If the absolute difference between the pixel value and the mean is greater than some
multiple k of the standard deviation then the pixel is classified as not background.
Otherwise the pixel is classified as foreground.S is an array containingN consec-
utive images,Sk(i, j) is the intensity of a pixel(i, j) in the k-th image ofS, σ(i, j)
and λ (i, j) is the standard deviation and median value of intensities atpixel (i, j)
in all images inS. The initial background model for a pixel(i, j) is formed by a
three-dimensional vector

• the minimumm(i, j) and maximumn(i, j) intensity values

• the maximum intensity differenced(i, j) between consecutive frames observed
during this trainings period





m(i, j)
n(i, j)
d(i, j)



 =





min(Sz(i, j))
max(Sz(i, j))

max|Sz(i, j)−Sz−1(i, j)|



 (5.5)

wherez are frames satisfying|Sz(i, j)−λ (i, j)| ≤ 2σ(i, j) . This constraint forces
stationary pixels to the background model. After the training period, an inital back-
ground modelB(i, j) is obtained.
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Fig. 5.3 One binary image mask determined with the medi picture algorithm.

Fig. 5.4 One frame of the background/foreground classification. In the first step this method
uses the so called Medi-Picture algorithm only. The effect of shadows and reflective material
cannot be compensated.

Additionally we use the fact, that the pixels of the background in the shadow of the
object have the same brightness values relative to the neighboring pixels. Therefore,
for each pixel previously classified as not-background a normalized correlation test
can be used. If a neighborhood region centered atp in the current image correlates
well with the corresponding region in the background image then classify the pixelp
as background.
The process of temporal correlation and the refinement of this method is described as
follows: Let B(i, j) be the background image formed by the MediPicture algorithm,
and I(i, j) be an image of the video sequence. For each pixel (i, j) belonging to the
foreground, consider a(2N + 1)x(2N + 1) templateTi j such thatTi j (n,m) = I(i +
n, j +m), f orN ≤ n≤ N,N ≤ m≤ N Then, theNCCbetween templateTi j and image
B at pixel(i, j) is given by:

NCC(i, j) =
REL(i, j)

EB(i, j)ET(i, j)
(5.6)

where
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Fig. 5.5 The temporal correlation scores between the empty scene (background image) and
two human body frames. The effects of reflective material are still present.

REL(i, j) =
N

∑
n=−N

N

∑
m=−N

B(i +n, j +m)Ti j (n,m) (5.7)

EB(i, j) =

√

√

√

√

N

∑
n=−N

N

∑
m=−N

B(i +n, j +m)2 (5.8)

ET(i, j) =

√

√

√

√

N

∑
n=−N

N

∑
m=−N

Ti j (n,m)2. (5.9)

For a pixel(i, j) in a shadowed region, theNCC in a neighboring regionTi j should
be large, in other words spoken close to one, and the energyET(i, j) of this region
should be lower than the energyEB(i, j) of the corresponding region in the back-
ground image. Therefore, a pixel(i, j) is classfied as shadow if:

NCC(i, j) ≥ LNCC (5.10)

and
ET(i, j) < EB(i, j). (5.11)

whereLNCC is a fixed threshold. IfLNCC is low, several foreground pixels correspond-
ing to moving objects may be misclassified as shadows. On the other hand, selecting
a larger value forLNCC results in less false positives, but pixels related to actual shad-
ows may not be detected. To get more information out of the differences between the
background image and the forground model we introduce a moresophiscated model
than normalized cross correlation. We are using the affine transformation as model
extended with a radiometric parameter to model temporal illumination changes.
The least squares estimation model is described briefly here; for a complete detailed
description the reader is referred to the reference (Gruen,1985).
Assumed are two image windows (calledimage patches) given as discrete functions
f (u,v), g(u,v), wherein f is thetemplate, g is thesearchimage window in a consec-
utive frame of the vidoe sequence andu,v are the image coordinates. Since the two
image windows are not identical, the comparison of them results in:

f (u,v)−e(u,v) = g(u,v) (5.12)

whereine(u,v) is the true error vector. The idea ofleast squares matching(LSM)
is as follows: equation 5.12 is treated as a nonlinear observation equation which
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models the vector of observationf (u,v) with a functiong(u,v), whose location in
the search image needs to be estimated. In order to account for the different viewing
angles, image shaping parameters in form of an affine transformation (equation 5.13)
must also be estimated. Additionally, a radiometric correction factor is introduced to
correct different lighting conditions.
The affine transformation is applied with respect to an initial positionu0,v0 :

u = a0 +a1 ·u0 +a2 ·v0

v = b0 +b1 ·u0 +b2 ·v0.
(5.13)

After linearization of the functiong(u,v), equation 5.12 becomes:

f (u,v)−e(u,v) = g(u0,v0)+
∂g(u0,v0)

∂u
·du+

∂g(u0,v0)

∂v
·dv+ rs. (5.14)

With the simplified notation:

gu =
∂g(u0,v0)

∂u
, gv =

∂g(u0,v0)

∂v

and adding the differentiation of equation 5.13, equation 5.14 results in:

f (u,v)−e(u,v) = g(u0,v0)+guda0 +guu0da1 +guv0da2+
+gvdb0 +gvu0db1 +gvv0db2 + rs.

(5.15)

Combining the parameters of equation 5.15 in the parameter vectorx

xT = (da0,da1,da2,db0,db1,db2, rs) (5.16)

and discretizing the equation 5.14, i.e., having a number ofn pixels in the image
windows, the coefficients in the design matrixA and the vector differencel become:

A =







1gu
1gu · 1u 1gu · 1v 1gv

1gv · 1u 1gv · 1v 1
...

...
...

...
...

...
...

ngu
ngu · nu ngu · nv ngv

ngv · nu ngv · nv 1







lT =
(

1 f − 1g, . . . ,n f − ng
)

(5.17)

where

iu,i v local coordinates of the pixeli in the (not transformed) image window,
igu,

i gv discretized horizontal and vertical gradients at the pixeli,
i f ,i g grey values of the pixeli in the template and in the search image window.

For the search image, the value ofig is bilinearly resampled at the affinely trans-
formed position (equation 5.13) according to:

g(x,y) =

(

sgn·g(x,y1)+
y−y1

y2−y1

)

· (g(x,y2)−g(x,y1)) (5.18)

89



5 INVESTIGATIONS IN HUMAN BODY SURFACE MEASUREMENT AND MOTION ANALYSIS

Fig. 5.6 The programmed GUI for background/foreground classification. Better classification
through the correlation with background and introduction of object space information.

where

x,y position to be resampled,
x1,y1,x2,y2 the support points for resampling,
g(x,y1),g(x,y2) the linear (to x) resampled grey values, from equation 5.19,
sgn sign(g(x,y2)−g(x,y1)) .

Linear resampling in x is computed as:

g(x) =

(

sgn·g(x1)+
x−x1

x2−x1

)

· (g(x2)−g(x1)) (5.19)

where
x position to be resampled,
x1,x2 the support points for resampling,
sgn sign(g(x2)−g(x1)) .

Introducing the weight coefficient matrix of the observations, the Gauss-Markov least
squares estimation model leads to:

x̂ =
(

ATA
)−1AT l solution vector,

v = Ax̂− l residual vector,

σ̂2
0 = 1

n−7vTv variance factor,

Q = σ̂2
0 ·

(

ATA
)−1

covariance matrix,
σ̂2

i = Qii variance of single parameters.

(5.20)

For many applications the explained steps lead to useable foreground/background
masks. In our case, the background and the light conditions are varying, some re-
flective/metallic material happens to be in the scene and thecamera sensors are very
sensible according to illumination changes, making some additional steps necessary.

5.1.3 Using Additional Geometric Information of Object Spa ce

A 3D ground plane (Fig. 5.7) is used to define a clipping plane to shrink the search
space for the shadow removement. This approach is useful forwide baseline camera
configurations.
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Fig. 5.7 Introducing more object information from the scene. The object points describing a
plane used for shadow removement.

(a) (b)

(c) (d)
Fig. 5.8 Quadrics attached to stick model (a), back-projected search region (b), boundary of
the primitives (c), and refinement through a standard snake approach (d).
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Fig. 5.9 Disparity Map of Frame #77visualized in 3D.

For short baseline setup, the disparity maps are produced with a multi stereo ap-
proach, based on max flow and graph cut (Sebastien, 1999). Thedisparity maps are
rectified to speed up the process of finding correspondences in a dynamic program-
ming way.

Fig. 5.10 Rectified images in space.

This algorithm solves the n-stereo correspondence problemwith a global 2D op-
timization by transforming it into a maximum-flow problem ina graph. The cost
function is changed to employ cross-correlation information. The disparity map (Fig.
5.12(c)) serves as a binary mask and erases distant edges (Fig. 5.12(d)) in the gra-
dient image (Fig. 5.12(b)). This approach is implemented in a very efficient way in
Kolmogorov (2008).
Another search area is introduced through some geometric primitives, which are
modeling the human body parts in a very rough way. We have chosen quadrics,
because they have a general mathematical description and can be easily modelled for
different sizes and lengthes of limbs. The back-projected quadrics (in image space
cones) are the inital positions for a standard snake approach (Kaas et al., 1998), which
is used for silhouette determination. It is very hard to detect the edges precisely, es-
pecially in the precense of self-occlusion. Although the disparity map is used as a
mask for the egdes (Fig. 5.8(b)), there are still some remaining unwanted features.
We dilate an image and then erode the dilated image using the same structured ele-
ment (ellipse) for both operations. We use this structuringelement, because it fills
holes detected as foreground and eliminates noises appropriate as well as smoothing
the border of the segmented foreground. The features, whichare not connected to the
main object (body), can be easily eliminated through morphological operations. The
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Fig. 5.11 The multi image disparity map and the detected foreground pixels. Showing frame
#77,#85 and #92 of the image sequence.

remaining “outliers” and the exaggeration of the edges leadto partly wrong results
for the refining snake approach (Fig. 5.8(d)) ; right hand).

5.1.4 Summary

We have developed an approach for the segmentation of foreground and background
pixels of a video sequence. The method uses the consecutive images of an empty
background to derive a robust statistical model and additonally uses the temporal dis-
parity map to get background information. This learning andthe decision procedure
are defined in the MediPicture algorithm. Additionally different clipping reagions,
like geometric primitives or ground plane introduction to the scene, are used to get
rid of shadow effects. The approach can be used only, if thereis a wide-baseline
setup. If correlation between synchronized images can be found, a disparity map is
produced and used as a distance mask to flag background pixels. The combination
of disparity map with simple geometric primitives, like quadrics shown in Fig. 5.12,
and morphological closing Fig. 5.13 brought the most stableand reliable results. The
approach is not useable for real-time application and therefore has to be run in a post-
processing step together with the modeling and tracking after image acquisition. The
algorithm consists of individual steps and each individualstep has been analysed in
literature regarding to performance and reliability (Placement et al., 2005; Goldlucke
and Magnor, 2003). Nevertheless, a comparision has been worked out to fit the algo-
rithm into standard classification methods for foreground and background seperation:
Speed/Performance:

• Fast: average, median, running average, subtraction

• Intermediate: Mixture of Gaussians, KDE, eigenbackgrounds, mean-shift

• Slow: standard mean-shift,advanced medi-picture algorithm

Memory requirements:

• High: average, median, KDE, mean-shift,advanced medi-picture algorithm

• Intermediate: Mixture of Gaussians, eigenbackgrounds

• Low: running average, subtraction
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(a) (b)

(c) (d)
Fig. 5.12 Image of the reference camera (a). Gradient Filter (b) and derived disparity map
through maximum flow (c). Applying a disparity map as a mask for the gradient filtered image
(d).

Fig. 5.13 Using morphological closing to clean the foreground.
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Accuracy and Reliability:

• High: advanced medi-picture algorithm; useful for repeatable acquisitions

• Intermediate: Mixture of Gaussians, eigenbackgrounds, running average, mean-
shift; very much depending on evironment

• Low: subtraction, median, average

5.2 MODEL BASED HUMAN BODY SURFACE MEASUREMENT
AND MOTION ANALYSIS

5.2.1 Body Models

The human shape is very a complex object to approximate through primitives. For
this sub section we analyse different representations for human body approximation.
If motion capture analysis has to be done, different models can be introduced to
describe the movement of joints. Depend on the application and the required number
of keypoints in the tracking process, different models can be considered.

5.2.1.1 Stick Figure Nearly all body models are based on an underlying stick
figure representation . A tree-like hierarchy of joints represents the intersection of
links, which are an abstract representation of body parts. One of those models is ex-
plained in Fig. 5.15. This hierarchy is called thearticulated structure. To standardize
the common representations for humanoids the Web3D Consortium established the
Humanoid Animation Specification (H-Anim, 2007). This International Standard,
ISO/IEC19774 specifies the abstract form and structure of humanoids. The main
purposes to setup such a standard are

• It specifies a systematic system for representing humanoidsin a network-enabled
3D graphics and multimedia environment. Conceptually, each humanoid is a
articulated character that can be embedded in different representation systems
and animated using the facilities provided by the representation system.

• Further, this International Standard specifies the semantics of humanoid ani-
mation as an abstract functional behaviour of time-based, interactive 3D, mul-
timedia articulated characters.

• It does not define physical shapes for such characters but does specify how
such characters can be structured for animation.

• It is intended for a wide variety of presentation systems andapplication, and
provides wide latitude in interpretation and implementation of the functional-
ity.

The used H-Anim Fig. 5.14 body model consists of approximately 10000 polygons
and it contains every human body part as a separate object. The rigid binding of ev-
ery part of the skin with the corresponding skeleton segments is faster compared to
the laser polygonal model. Furthermore, in the areas of intersections, the polygonal
objects have been extended and rounded inwards to intersectwith the neighboring
parts. This allows the body parts to rotate around the jointswithout revealing gaps
and to preserve the continuity of the skin surface. Due to this functionality, no de-
formation control is necessary and the skeleton with the attached skin can be easily
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Fig. 5.14 HANIM Model. The structure of the joints and the limbs is according to the HAnim
standard (Remondino, 2006b).

Fig. 5.15 Showing the programmed GUI for background/foreground classification. The
method uses the so called Medi-Picture algorithm with additional information about the ob-
ject environment.

generated. The important advantage of this type of polygonal geometry is that the
model describes every human body part separately. Therefore the task of binding the
photogrammetric skeleton to each body model part is easier and faster, as it requires
no editing after binding. In the joint areas, the body parts are extended and rounded
under the surface of the neighboring part, avoiding discontinuities in joint rotations.
Moreover deformers are no more required to control the skin behavior in such areas.
In addition, the polygon count is much lower, reducing significantly the rendering
times. A typical H-Anim model can hold approximately 30−40 times less polygons
than a laser scanning polygonal model. Such virtual characters on the other hand do
not describe in details real existing persons and they cannot be accurately applied to
any case of human motion. HAnim human models are less realistic than laser scan-
ning polygonal model and describe with very low geometry thehuman shape. Finally
the low number of polygons is not sufficient to describe smalldetails of the body and
renderings from close distance can reveal an unnaturally smoothed skin.
The Humanoid object is a container for the components that define the skeleton,
geometry and landmarks of the H-Anim humanoid figure. These components, which
include the Joint, Segment, Site and Displacer objects, specify the majority of the
details of the H-Anim humanoid figure, while the other fields of the Humanoid object
specify information about the author, copyright, and usagerestrictions of the model.
The interface of the Humanoid object and the fields which allow the functionality of
the object are defined in Fig. 5.16.
The bboxCenterandbboxSizefields specify a bounding box that encloses the chil-
dren of the Humanoid object. These fields are hints and if defined may be used
for optimization purposes. A default bboxSize value,(−1,−1,−1), implies that the
bounding box is not specified and, if needed, shall be calculated by the browser.
Thecenterfield specifies a translation offset from the origin of the local coordinate
system(0,0,0). The rotation field specifies a rotation of the coordinate system of
the humanoid figure. Thescalefield specifies a non-uniform scale of the humanoid
figure coordinate system and the scale values shall be greater than zero. Thesca-
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Fig. 5.16 Object interface (Prototype) Humanoid of Humanoid animation (H-Anim)

leOrientationspecifies a rotation of the coordinate system of the humanoidfigure
before the scale (to specify scales in arbitrary orientations). ThescaleOrientation
applies only to the scale operation. Thetranslation field specifies a translation to
the coordinate system of the entire humanoid figure. Theskeletonfield contains the
HumanoidRoot Joint object. The Humanoid object is considered the parent object of
the HumanoidRoot Joint object and defines a coordinate spacefor the HumanoidRoot
Joint object. Thus, the Humanoid object’s transformation affects the Joint object hi-
erarchy in theskeletonfield. A hierarchy of Joint objects is defined for each H-Anim
humanoid figure within theskeletonfield of the Humanoid object and a hierarchical
definition of joints is present even when the geometry of the humanoid figure is not
defined within theskeletonfield. Theskeletonfield contain can also contain zero or
more Site objects which allow landmarks to be established with respect to the overall
humanoid figure, but which will not be affected by the movement of any of the Joint
objects. Thejoints field contains a list of references, one for each Joint objectde-
fined within theskeletonfield hierarchy of the Humanoid object. The order in which
the joints are listed is irrelevant since the names of the joints are stored in the Joint
objects themselves. The segments field contains a list of references, one for each
Segment object defined within the skeleton field hierarchy ofthe Humanoid object.
The order in which the segments are listed is irrelevant since the names of the seg-
ments are stored in the Segment objects themselves. The sites field contains a list
of references, one for each Site object defined within the skeleton field hierarchy of
the Humanoid object. The order in which the sites are listed is irrelevant since the
names of the sites are stored in the Site objects themselves.The viewpoints field has
a different functionality and behaviour than the joints, segments and sites fields. The
viewpoints field can contain zero or more Site object definitions. The Site objects
defined within this field are affected by the transformationsapplied to the Humanoid
object, but are not affected by any of the transformations performed on the skeletal
hierarchy defined within the skeleton field. The purpose of these Site objects is to
define locations for virtual cameras in the reference frame of the Humanoid object.
Site objects that are defined in this manner are intended to beused as attachment
points from which a certain viewing perspective can be seen (such as viewing the
face or profile of the human figure). The skin field contains oneor more indexed
face set definitions. Those indexed face set definitions utilize the point and normal
data that is defined within theskinCoordandskinNormalfields, respectively, of the
Humanoid object. This field is defined as an opaque type for which the specific rep-
resentation is defined by each binding to a presentation system. TheskinCoordfield
contains a single sequence of points which are used by the internal mechanisms of

97



5 INVESTIGATIONS IN HUMAN BODY SURFACE MEASUREMENT AND MOTION ANALYSIS

Fig. 5.17 Object interface (Prototype) Joint. It is the fundamental building block that repre-
sents body parts.

the Humanoid object to create the appropriate surface deformations as well as by the
indexed face set definitions within the skin field which do theactual rendering of the
surface geometry. The skinNormal field contains the normal data definition which
is used by the internal mechanisms of the Humanoid object to create the appropriate
surface deformations as well as the indexed face set definitions within the skin field,
which contains the actual surface geometry that is rendered.
The center field specifies a translation offset from the root of the overall humanoid
body description and is not intended to receive events in most cases. Since all of the
Joint objects have their centre values defined in the same coordinate frame, the length
of any segment can be determined by calculating the distancebetween the parents
joint centre and the childs Joint object centre. The exception will be segments at
the ends of the fingers and toes, for which the end effector Site objects within the
Segment object shall be used. The rotation field specifies a rotation of the coordinate
system of the Joint object as a quaternion. The scale field specifies a non-uniform
scale of the humanoid figure coordinate system and the scale values shall be greater
than zero. ThescaleOrientationspecifies a rotation of the coordinate system of the
humanoid figure before the scale. ThescaleOrientationapplies only to the scale
operation. The translation field specifies a translation to the coordinate system of the
entire humanoid figure. TheskinCoordWeightfield contains a list of floating point
values between 0.0 and 1.0 that describe an amount of weighting that should be used
to affect a particular vertex from the skinCoord field of the Humanoid object. Each
item in this list has a corresponding index value in the skinCoordIndex field of the
Joint object indicating exactly which coordinate is to be influenced.Theulimit and
llimit fields of the Joint object specify the upper and lower joint rotation limits. Both
fields are three-element float sequence containing separatevalues for theX, Y andZ
rotation limits. Theulimit field stores the upper (i.e. maximum) values for rotation
around theX, Y andZ axes. Thellimit field stores the lower (i.e., minimum) values
for rotation around those axes. The default values for each of these fields is the
null set indicating that the joint is unconstrained. ThelimitOrientation field gives
the orientation of the coordinate frame in which the ulimit and llimit values are to
be interpreted. ThelimitOrientation describes the orientation of a local coordinate
frame, relative to the Joint object centre position described by the center field. The
stiffnessfield, if present, contains values ranging between 0.0 and 1.0 that provide
an inverse kinematics system how much each degree of freedomshould scale the
calculated joint rotation at each step of the inverse kinematics solver. The value in
the stiffness field is used as a scaling factor around the corresponding axis (X, Y, or
Z for entries 0, 1 and 2 of the stiffness field). Each Joint object shall have a name
field that is used for identifying the object. Within the local scope of a Humanoid
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Fig. 5.18 The Segment object is a container for information about a segment of the body.

Fig. 5.19 The Site object identifies locations that serve as landmarks for attaching semantics.

object, each Joint object can be referenced by its name alone. The name field is the
only field which must be defined, all the other fields are optional. However, it should
be noted that those fields are still required to be part of the interface, even if none of
the actual Joint objects define values for those fields. The displacers field contains a
list of Displacer objects that are used to morph the deformable mesh using the morph
targets defined in the Displacer objects. See the Displacer object reference for more
information. The person creating a humanoid may wish to add additional joints to
the body. The body remains humanoid in form, and is still generally expected to have
the basic joints described in Fig. 5.20 of a humanoid. The basic joints are known as
the basic Joint object set to which additional Joint objectsmay be added.
ThebboxCenterand bboxSize fields specify a bounding box that encloses the chil-
dren of the Segment object. This is a hint that may be used for optimization pur-
poses. A defaultbboxSizevalue of(−1,−1,−1) indicates that the bounding box is
not specified and, if needed, shall be calculated by the implementing environment.
Within the local scope of a Humanoid object, each Segment canbe referenced by its
name alone. However, when referencing a Segment object within a larger or global
scope, the name of the Humanoid object should be added as a distinguishing prefix.
The name field is the only field required; all the other fields are optional. However,
those fields are part of the interface even if none of the actual Segment objects define
values for those fields. The mass field is the total mass of the segment. Thecen-
terOfMassfield is the location within the segment of its centre of mass.A value of
−1 for centerOfMass specifies that no mass value is available.ThemomentsOfIner-
tia field contains the moment of inertia matrix. The first three elements are the first
row of the 3x3 matrix, the next three elements are the second row, and the final three
elements are the third row. The coord field is used for Segmentobjects that have de-
formable meshes and shall contain coordinates referenced from the IndexedFaceSet
for the Segment object.
The name field shall be present so that the Site can be distinguished from other Site
objects. Within the local scope of a Humanoid object, each Site can be referred to
by its name alone. However, when referring to a Site object within a larger or global
scope, the name of the Humanoid object shall be added as a distinguishing prefix.
Depending on the intended purpose, the prefix of the Site objects name field should
be altered to appropriately describe its function. If used as an end effector, the Site
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Fig. 5.20 The Displacer object is a container for information that specifies the allowable dis-
placements of portions of an H-Anim figure.

object shall have a name consisting of the name of the Segmentto which it is attached
with a “tip” suffix appended. Site objects that are used to define viewpoint locations
shall have a “view” suffix appended. Site objects that are notend effectors and not
camera locations shall have an “pt” suffix. When a Site objectis created, only the
name field shall be specified. The other fields are optional Thecenter field specifies
a translation offset from the root of the overall humanoid body description and is not
intended to receive events in most cases. Since all of the Site and Joint objects have
their center values defined in the same coordinate frame, thelength of any segment
can be determined by calculating the distance between the parents Joint object center
value and the childs Joint object center value or in the case of segments at the ends of
the fingers and toes, the end effector Site objects within theSegment object shall be
used. The rotation field specifies a rotation of the coordinate system of the Site object.
Thescalefield specifies a non-uniform scale of the Site object coordinate system and
the scale values shall be greater than zero. ThescaleOrientationspecifies a rotation
of the coordinate system of the Site object before the scale.The scaleOrientation
applies only to the scale operation. The orientation is specified as a quaternion. The
translationfield specifies a translation to the coordinate system of the Site object.
EachDisplacer object shall have a name field required for identifying the object.
All the other fields are optional. Within the local scope of a Humanoid object, each
Displacer object can be referred to by its name alone. The displacements field, if
present, provides a set of 3D values that are added to the neutral or resting position of
each of the vertices referenced in the coordIndex field of theassociated mesh. These
values correspond one-to-one with the values in the coordIndex array of the mesh.
The values shall be maximum displacements, and the application shall scale them
using the value of the weight field before adding them to the neutral vertex positions.
To reduce the number of degrees of freedom (DOFs) and to be able to robustly esti-
mate the skeleton’s position, we use one ellipsoid attachedto each bone in the skele-
ton. The ellipsoids attached to the skeleton have a fixed position and orientation with
respect to their enclosing joints and are assumed to be cylindrically symmetric around
the longest axis. Their center lies in the middle of the bone and their axis coincides
with the axis of the reference joint’s local coordinate system. The origin and the an-
gles of each ellipsoid are calculated in an incremental manner, since the position and
orientation of parts which are further down the hierarchy tree depend on the posi-
tions and orientations of all previous joints. For example the forearm depends on the
upper arm which depends on the shoulder and so on until the root of the hierarchy
is reached. Thanks to this incremental parameter calculation, the actual number of
parameters for each body part differs. As described in (Plaenkers, 2001) the model’s
shape and pose are parameterized by a combined state vector:

θ = { sw,sl ,sr ,sg} (5.21)

which models the volume of the body parts(sw,sl ), the proportions of the helper
surfaces(sl ) as well as the angular configuration(sr) and the global positioning in
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Fig. 5.21 Quadrics are attached to the stick model. These implicit primitives serve as refer-
ence surface for the fitting process.

space(sg). The state of the skeleton is described by the state variables in (sl ,sr).
The skeleton is modeled in a hierachical manner and its topology is defined by a
generic model. The state variablessl control the proportions of the body parts and the
motion state insr control the model’s pose by specifying the values for each degree
of freedom. The lengths of the segments can be obtained from anthropometric data,
like motion capture databases or from the literature. The latter one is more general
and follows the studies performed by Leonardo Da Vinci and Michelangelo on the
human figure. It represents the human figure as an average of eight heads high. A
coefficienti is added to these lengths to model the variation of the human size from
the average(i = 1). Therefore the height is 8i, the torso is 2i, the upper legs are 2i,
etc. The proportions are fixed for a given instance of the bodymodel. They reflect
the posture of the body with respect to its rest position.
There are many ways to parameterize rotations. The primary applications of rota-
tions in graphics are to encode orientations and describe and control the motion of
rigid bodies and articulations in transformation hierarchies. Hierarchies, the back-
bone of most character animation systems, require not only free rotations, but also
constrained one, two, and three degree-of-freedom (DOF) rotations whose angular
range of motion is limited to more faithfully model the motion of, e.g. human joints.

5.2.1.2 Real world polygonal models Laser scanners are able to generate re-
alistic and detailed 3D models of real persons and they are used in particular for
video-game and movie applications. Usually the generated polygonal models have
very high geometrical resolution and this is significant when high-end and realistic
visualization is required. On the other hand the models produced by laser scanning
generally describe the whole human body in one geometric piece which can generate
some difficulties in the animation phase. At first the part of the body, controlled by
each limb of the skeleton, must be defined, requiring some manual editing and cor-
rections. Then a control of the deformations areas where limbs are rotating around
the joints must be added. This is necessary since the polygonedges around the joints
are stressed with larger deformations in case of rotations.As a result the body poses
and shape become unnatural and this becomes more apparent when realistic shadows
are applied. Moreover intersections between polygons produce shadowed disconti-
nuities around the joints. Eventually deformation controlcan be achieved by two
approaches:
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Fig. 5.22 Articulated structure of the used body model. The names of the joints are labelled.

1 smooth skinning.

2 rigid/solid skinning with local grid deformers on sensitive areas. The applica-
tion of both approaches requires considerable time and increases the computa-
tion time for rendering each frame.

5.2.2 Initialization of the Body Model

The tracking system is initialized through a graphical userinterface. This interface
allows the user to manually adapt the generic quadric model to the images and save
the information of the hierarchical structure.
The correctness of the initial position is of immense importance for the following
labelling of the 3D points to correspondent limbs. The user interface is programmed
in a platform independent way.

5.2.3 Model Based Human Motion Analysis

5.2.3.1 Fitting Process For the fitting process we use a least squares scheme that
minimizes the distance between the global implicit surfacefield function and the 3-D
points (Plänkers et al., 1999; Plänkers and Fua, 2001; Pl¨ankers, 2001b,a; Schrotter
et al., 2005; Schrotter, 2005a,b). These object points are the result of the forward
intersection of corresponding interest points.S is an implicit surface defined by a set
of field functions

S(θ) = {xεℜ3,F(x,s) = L} (5.22)

whereF = ∑di , i = 1..N is the sum of individual field distance functions andL is
a certain threshold. The state vectors = {sw,sl ,sr ,sg} describes the shape and the
motion of the stick model. It consists of:

• Shape parameters:sw = {sw
b,b = 1..B}...the width of the body parts; .sl =

{sl
b,b = 1..B}..the length of the body parts

• Motion parameters:sr = {sr
j, f , j = 1..J, f = 1..N}...the rotational degree of

freedom of joint j of the articulated skeleton for all framesf ; sr = {sf
g, f =

1..N}...the six parameters of global position and orientation ofthe model in the
world frame for all framesf .
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GlobalPosition 1 1 1
HumanoidRoot 0 0 0
HumanoidRoot2 0 0 0
sacroiliac 0 -11.353028 20.271
l hip 102.797997 -182.709961 -33.514
l knee 102.797997 -569.030175 -33.514
l ankle 102.797997 -975.372833 -33.514
l subtalar 94.699998 -1011.770832 -18.550003
l midtarsal 105.093995 -1027.209831 66.648998
l metatarsal 114.680993 -1036.507834 130.149002
r hip -102.797997 -182.709961 -33.514
r knee -102.797997 -569.030175 -33.514
r ankle -102.797997 -975.372833 -33.514
r subtalar -94.699998 -1011.770832 -18.550003
r midtarsal -105.093995 -1027.209831 66.648998
r metatarsal -114.680993 -1036.507834 130.149002
vl5 0 -6.353028 20.271
vl4 0 0.646972 20.271
vl3 0 8.646972 20.271
vl2 0 27.617065 20.757
vl1 0 48.067016 20.76
vt12 0 70.447021 20.765999
vt11 0 95.447021 19.415001
vt10 0 120.447021 18.237
vt9 0 148.937011 15.533999
vt8 0 175.687011 10.184999
vt7 0 201.347046 4.452
vt6 0 226.907104 0.946
vt5 0 249.73706 -1.661
vt4 0 271.727051 -3.284
vt3 0 292.24707 -3.631
vt2 0 312.437134 -1.559
vt1 0 334.867065 1.567
vc7 0 363.347046 5.905
vc6 0 395.197021 12.195001
vc5 0 424.927002 20.012001
vc4 0 454.877075 27.991001
vc3 0 487.476928 32.085003
vc2 0 521.906982 31.364002
vc1 0 561.666992 27.073
skullbase 0 600.25708 18.445
l sternoclavicular 33 380.357055 90.099998
l acromioclavicular 159.599991 402.256958 48
l shoulder 177.399979 401.557007 -12.000002
l elbow 177.399979 104.25044 -12.000002
l wrist 177.399979 -162.900004 -12.000002
l thumb1 153.650986 -186.350016 19.384001
l thumb2 150.554978 -211.032023 55.043003
l thumb3 148.000977 -231.39506 84.461994
l index0 168.448975 -188.767069 4.719996
l index1 158.996979 -255.930033 27.722996
l index2 158.996979 -297.114054 27.722996
l index3 158.996979 -319.764994 27.722996
l middle0 173.152985 -189.774027 -5.064002
l middle1 164.320969 -259.567057 5.486996
l middle2 164.320969 -308.206034 5.486996
l middle3 164.320969 -337.390055 5.486996
l ring0 174.851975 -189.433024 -13.292002
l ring1 164.83899 -257.780069 -13.292002
l ring2 164.83899 -296.87504 -13.292002
l ring3 164.83899 -323.290018 -13.292002
l pinky0 174.260971 -188.673075 -21.018002
l pinky1 164.23198 -249.84202 -33.082003
l pinky2 164.23198 -278.366007 -33.082003
l pinky3 164.23198 -297.639017 -33.082003

Table 5.1 Human default positions to start with (first part). These positions can be itendified
in figure 5.22 and a graphical user interface is programmed to overcome the initialization step
in figure 5.24.
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r sternoclavicular -33 380.357055 90.099998
r acromioclavicular -159.599991 402.256958 48
r shoulder -177.399979 401.557007 -12.000002
r elbow -177.399979 104.25044 -12.000002
r wrist -177.399979 -162.900004 -12.000002
r thumb1 -153.650986 -186.350016 19.384001
r thumb2 -150.554978 -211.032023 55.043003
r thumb3 -148.000977 -231.39506 84.461994
r index0 -168.448975 -188.767069 4.719996
r index1 -158.996979 -255.930033 27.722996
r index2 -158.996979 -297.114054 27.722996
r index3 -158.996979 -319.764994 27.722996
r middle0 -173.152985 -189.774027 -5.064002
r middle1 -164.320969 -259.567057 5.486996
r middle2 -164.320969 -308.206034 5.486996
r middle3 -164.320969 -337.390055 5.486996
r ring0 -174.851975 -189.433024 -13.292002
r ring1 -164.83899 -257.780069 -13.292002
r ring2 -164.83899 -296.87504 -13.292002
r ring3 -164.83899 -323.290018 -13.292002
r pinky0 -174.260971 -188.673075 -21.018002
r pinky1 -164.23198 -249.84202 -33.082003
r pinky2 -164.23198 -278.366007 -33.082003
r pinky3 -164.23198 -297.639017 -33.082003

Table 5.2 Human default positions to start with (second part).

Fig. 5.23 User Interface and fitting of articulated stick model to 3D data.
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GlobalPosition
sacroiliac
l hip
l knee
l ankle
l subtalar
l midtarsal
l metatarsal
r hip
r knee
r ankle
r subtalar
r midtarsal
r metatarsal
vl5
vt1
vc7
skullbase
l sternoclavicular
l acromioclavicular
l shoulder
l elbow
l wrist
l middle0
l middle1
l middle2
l middle3
r sternoclavicular
r acromioclavicular
r shoulder
r elbow
r wrist
r middle0
r middle1
r middle2
r middle3

Table 5.3 Choose the joints of interest.

Name: Transforml elbow
Parent: lshoulder
Type: Euler
Trans: 297.30657
Fixed: 1
Constraint: none
Width: 60.00000
Fixed: 1
Constraint: none
Rot: -1.076653778 0.282527623 0.152799696
Fixed: 1 1 1
Constraint: none
Solid: 1
ASOB 9 (values describing the shape)
Fixed: (values describing fixed or not fixed 0/1 in the fitting)

Table 5.4 Describing the shape of the soft objects and their hierarchical tree structure. The
example shows the approximation of the left elbow.
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Fig. 5.24 Initialization of the articulated skeleton. Both arms are approximated by quadrics.

We can writenobs observation equations of the form

F(xi ,s) = L+vi, i = 1...nobs (5.23)

and minimize it under the assumptionvTPv= min. The vectorv describes the resid-
uals andP is the weight matrix of the observations. The distance function, d(x,s),
implies the transformation of the implicit surfaces, caused by the attachment to the
articulated skeleton

d(x,s) = xT ·Ss
T ·Qs

T ·Qs ·Ss ·x (5.24)

whereQ andS are 4x4 matrices that represent the quadric’s shape and its skeleton-
induced transformation, andx is a 3D point. A biometric constraint is additionally
introduced to trim the range of the joint angles in between a certain maximum and
minimum value. The covariance matrices of the independently solved geometrically
constrained multi photo image matching object points are injected into the weight
matrix of the minimization problem. Therefore, every 3D point gets a specific weight
depending on its accuracy. Through this approach, the covariance matrices of the
matching process and therefore the accuracy of the 3D pointsare introduced into the
least squares minimization framework.

5.2.4 Model Based Human Surface Measurement

We use an approximation of the human body and derive startingvalues from the
solid object. To determine the correspondences of the givenpoints on search images,
we have used a flexible and robust matching algorithm (Geometrically Constrained
Cross-Correlation) method in order to take advantage of themultiple images. This
method is used and developed originally for aerial cases (Zhang, 2005), but through
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Fig. 5.25 The HANIM model moving in respect to the extracted 3D joints.

Fig. 5.26 Showing the template image (bottom) and the three search images (top). The
images are courtesy of D’Apuzzo (HomoMetrica, 2007).

some adoptions in the sensor model definition, we are able to handle close range
cases (Schrotter and Zhang, 2006). The algorithm is an extension of the standard
Cross-Correlation technique and is based on the concept of multi-image matching
guided from object space and allows reconstruction of 3D objects by matching all
available images simultaneously, without having to match all individual stereo-pairs
and merge the results. We consider an image triplet, as shownin Fig. 5.27. The mid-
dle image is chosen as th e reference image and denoted asI0, the other two images
are search images and denoted asIi, i = 1,2. In this case, we have two stereo pairs,
that is, the pairI0− I1 and I0 − I2. For a given pointp0 in the reference image, we
can establish the image rayCp0 (hereC denotes the instant perspective center related
to point p0), on which the correspondence o fp0 in object space should lie, with the
known image orientation parameters. By intersectin g the ray Cp0 with a horizontal
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Fig. 5.27 Guiding the object points with 3D planes and finding the highest correlated image
coordinates. The figure is taken from Zhang (2005); applied to linear array aerial cameras.

plane defined by a given approximate heightZ0, we obtainP0 (X0, Y0, Z0) in object
space. The approximate heightZ0 may have an incremen t∆Z, such that the correct
position ofP0 in object space should lie betweenPmin andPmax, with height values of
Z0−∆Z andZ0 + ∆Z respectively, along the image rayCp0. If we back-project the
points betweenPmin andPmax onto the search images, the corresponding segments of
the quasi-epipolar lines for the pointp0 can be easily defined. The correct matchespi ,
i = 1,2 in the search imagesIi , i = 1,2 must lie along its corresponding quasi-epipolar
line segments. LetI0(p) andIi(p) be the image intensity values of the reference and
the ith search image respectively. In the reference image, we definea correlation
window W around the pointp0. We assume, that an approximate primitive (plane)
is known either as a horizontal plane f rom matching results at a higher level of the
image pyramid and following forward intersection. If we project this window onto
the approximate primitive through the so-called mono-restitution procedure, we can
obtain a piece of surface patch in object space. Then, we back-project this surface
patch onto the search images, generating such the corresponding image window in
the search images. This process is named “correlation window warping procedure“.
Through this reshaping procedure, a square correlation window in the reference im-
age can be correlated with windows of different size, shape and orientation in the
search images. Therefore, multiple images with different im age scale and orienta-
tion can be matched straightforward. The distortions caused by primitive relief and
imaging geometry can be compensated. Now the Normalized Correlation Coefficient
(NCC) value between the corresponding correlation windows in the reference image
and theith sea rch image can be defined, with respect to the heightZ for p0, as:

NCCi(p0,Z) =
(∑s∈W(I0(s)− Ī0)× (Ii(si(Z))− Īi))
√

((I0(s)− Ī0)2)
√

(Ii(si(Z))− Īi)2
(5.25)

Ī0 =
1

m×n ∑
s∈W

(I0(s)), Īi =
1

m×n ∑
s∈W

(Ii(si(Z))) (5.26)

Where,W denote the correlation window in the reference image ands a pixel in this
window respectively;m andn denote the dimension of the correlation windowW.
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si(Z) denotes the corresponding point tos in the ith search image. As mentioned
before,si(Z) can be computed through the correlation window warping procedure.
The intensity values for pointsi(Z) are interpolated from the ith search image by
using the bilinear interpolation method. As can be seen fromequation (1), the value
of NCCi is defined with respect to the valueZ, which could be any value between
Z0 − ∆Z and Z0 + ∆Z. Thus, given a point in the reference image, as well as its
approximated heightZ0 and an increment∆Z in object space, theNCC functions for
all individual stereo pairs are defined within a unique framework. We then follow
the procedure proposed by Okutomi and Kanade (1993), instead of computing the
correct match of pointp0 by evaluating the individualNCC functions between the
referenceI0 and search imageIi, i = 1,2, we define the sum ofNCC(SNCC) for point
p0, with respect toZ, as:

SNCC(p0,Z) =
1
2

2

∑
i=1

(NCCi(p0,Z)) (5.27)

Therefore, by finding the valueZ : ZI [Z0−∆Z,Z0+ ∆Z] which maximize theSNCC
function, we can obtain the true height value for pointp0. Here, the height incre-
ment∆Z determines the search distance along the corresponding quasi-epipolar lines.
Through the definition of theSNCCfunction, which simply accumulates theNCC
functions of cross-correlation from all the stereo pairs, the correct match or correct
height in object space for a given point in the reference image can be obtained. In
general, the matching candidates show maxima in theSNCCfunction and each peak
of the functionSNCCcorresponds to an object point with a certain height value. In
theGC3 algorithm, these object points are defined as the matching candidates for the
given point. The method can be easily extended to a more general case, which is
suitable forn+1 (n≥ 1) images (Fig. 5.26 and Fig.??). As results, for each feature
point on the reference image, one or several matching candidates are computed. The
correct match is determined by taking the following qualitymeasures:

1. The correct match should have clear and sharp maximumSNCCvalue. So if
there is a unique candidate or if there are more than one candidates and the
value of the secondSNCCpeak is less than half or one third of that of the first
SNCCpeak, the peak that have the largestSNCCvalue should represent the
final correct match;

2. Using the same matching parameters, the point can be matched from search
images to the reference image and if the differences betweenthese inverse
matching and the normal one is less than 1.5 pixels in image space, the candi-
date is the correct match.

The average standard deviations of the achieved surface measurements in every frame
arestdX = 1.4[mm], stdY = 1.8[mm], andstdZ = 4.1[mm].
For the shown human face application it is relatively easy toproduce a nice surface
model since:

• there are projected random (unique) patterns on the human skin, making match-
ing robust

• the approximation for the surface (plane) has a close distance to the real object
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Fig. 5.28 Motion Capture, Surface Measurement/3-D reconstruction at frame #77, #85, and
#92 (fom left to right column) of the video sequence. The attention of tracking and surface
measurement is focused on the complicated movement of the arms (Schrotter, 2005a).

Fig. 5.29 3D scan line. The line is built through the projection center of the template patch
and the 3D approximation of the point on the surface of the ellipsoid

• the camera calibration is excellent and therefore the 3D scan line is a great
representative for the epipolar lines in the images.

To use this algorithm for the introduced articulated skeleton (Section 5.2.1.1), we
have to use a more sophisticated approach. We refine the showed algorithm and use
the affine transformation ( introduced in 5.1.2 ) to make the results more reliable. We
introduce an additional visibility factor, which gives us information about which 3D
”helper point“ is visible in which image. The 3D scan line is shown in Figure 5.29.
The regular sampling of 3D point of the articulated skeletonare the approximative
values for the search range along the 3D line, which is formulated through the pro-
jection center and the regular sampled quadric surface points. The sampled structure
is visualized in Figure 5.30.
Therefore we need a rendering engine, which does z-Buffering and a reliable desci-
sion making about visibilty in difficult poses.
To do so, we use a ”Facet-ID” image. It is generated by encoding the index of each
facet as a unique color, and projecting the surface into the image plane, using a stan-
dard hidden-surface algorithm. Thus, when a sample-point from facet is projected
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Fig. 5.30 Sampled points of the quadrics. The points are regularly sampled from the ellipsoid.

Fig. 5.31 Views of the synthetic points projected into the image plane.

Fig. 5.32 Producing the mesh through simple Delaunay triangulation using Qhull (QHull,
2008).

into an image, the index is compared to the index stored in theFacet-ID image at
that point. If they are the same, then the sample-point is visible in that image; oth-
erwise, it is not (Fua and Leclerc, 1995). For each frame the Facet-ID is generated
by encoding the index of each facet as a unique color depending on the distance and
viewing angle of the virtual camera, and projecting the surface into the image plane
using a standard Z-buffer algorithm. We use RGB images to store the Facet-ID im-
age. A RGB image with 8 bit per channel can store 224 unique colors. We can thus
handle up to 16777216 facets for every point of view. We use these ray-casted (syn-
thetic) images (Figure??) to determine, which surface points are occluded in a given
view. It has been shown in (Sauerbier et al., 2006), that thisalgorithm can be used
for many different visualization purposes. There is much more information included
in the FID-image and in (Sauerbier et al., 2006) we used the histogram of the facet
area in the corresponding image plane to choose about the source and the resolution
of the orthoimage.
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Fig. 5.33 Fitting of an H-ANIM character onto the recovered 3D data using the extracted
key-points. (Remondino et al., 2004)
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Fig. 5.34 Projected 3D points shown in perspective images.

The back-projected visible 3D points are displayed in 5.34.The point cloud has a
very low noise level, and therefore a 3D triangulation can take place. The triangula-
tion is produced with QHull, which is a free available open source meshing library
(QHull, 2008). The reconstructed mesh is shown in Figure 5.32.
If we include the visibilty and focus on one 3D scan line, we see the clear minimum of
sigma0. Thesigma0 values for one particular scan line are shown in Figure 5.35 and

the accuracy of parameters forx,y assxy =
√

s2
x +s2

y are presented in Figure 5.36. The

accuracy of the 3D point cloud is presented through every 100th reconstructed 3D
point (Figure 5.37). Figure 5.37 shows the consequences of the camera configuration.
Since the cameras have a small base line in between, the 3D error ellipsoids are
streched perpendicular to the baselines of the camera configuration set up.
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Fig. 5.35 The value of sigma0 between different images. Every line in the graph shows the
sigma0 value along the 3D scan line. The ordinate represents the values of sigma0. The sum
of all sigma0 between different images shows a clear minimum.

Fig. 5.36 The movement of the patches during the iterations. The graph is showing the

sxy =
√

s2
x +s2

y of the scanline.
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Fig. 5.37 The error ellipsoids for every 100th point of the surface. The ellipsoids are made
off the sx,sy, and sz values of the matching process. The values are scaled with a factor 10 to
make the proportions of the ellipsoid visible.

Fig. 5.38 Adding image information to the facets of the mesh.
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Fig. 5.39 Multiple views of the same object. The intersection of the generalized cones gen-
erated by each image build a volume which is guaranteed to contain the object.

5.3 SHAPE FROM SILHOUETTE

Through the limited number of cameras we are also focusing onwide baseline appli-
cations. In other words spoken, we use the silhouette information for reconstruction
of a visual hull (Boyer and Franco, 2003). Visual hulls are object shape approxi-
mations, which can be determined from object silhouettes inimages. With multiple
views of the same object, we can intersect the generalized cones generated by each
image, to build a volume which is guaranteed to contain the object. Such approxi-
mations capture all the geometric information given by the image silhouettes. The
limiting smallest volume obtainable in this way is known as the visual hull of the
object. Visual hulls are extensively used in a number of modeling applications in-
cluding human modeling systems. Their popularity is largely due to the fact that
straightforward approaches exist and are easy to implement.

5.3.1 Review of Methods

Silhouettes were first considered by (Baumgart, 1975) who proposed to compute
polyhedral shape approximations by intersecting silhouette cones. The term visual
hull was later coined by Laurentini (Laurentini, 1994) to describe the maximal vol-
ume compatible with a set of silhouettes. Following the workof (Baumgart, 1975), a
number of modeling techniques based on silhouettes have been proposed. Algortihms
for ”Shape from Silhouette” can be roughly devided into three groups:
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• Volumetric Reconstruction using Voxels: This technique divides the working
volume into a discrete grid of smaller volumes, so called voxels, and projects
them successively onto the image planes of available cameraviews. Voxels
lying outside of the silhouette in at least one view do not belong to the in-
tersection of the cones and can be discarded. Due to their simplicity, voxel
based procedures have been used for body tracking and modeling. Voxel based
methods have the drawback that they tend to be expensive as a high number of
voxels must be projected into the image planes. (Hasenfratzet al., 2003) ex-
ploit hardware acceleration to speed up the projections andachieve real-time
reconstructions using the GPU. However, the resolution of their voxel space is
limited by the memory of the graphics card. Some other methods use Octree
representations and compute the reconstructions from coarse to finer resolu-
tion. In contrast to simple voxel spaces, Octrees allow adaptive resolution with
lower memory consumption.

• Polyhedral Visual Hull: A surface based approach to compute the Visual Hull
(Laurentini, 1994; Boyer and Franco, 2003) from silhouettes in image space.
It is computed from a polygonal representation of the silhouettes and applies
constructive solid geometry (CSG) to compute the intersection of the corre-
sponding polyhedra. The polyhedral visual hull offers better accuracy than
voxel based procedures as the method does not work on discretized volume.

Moreover, the resulting triangle mesh is perfectly suited for rendering on graph-
ics hardware.

• Space Carving and Photo Consistency: Space carving is a volumetric recon-
struction technique, which uses color consistency as well as silhouettes (Ku-
tulakos and Seitz, 1998; Seitz and Deiyer, 1999). Current space carving al-
gorithms rely on dividing the scene into rectangular regions labelled voxels.
At each pass the set of voxels on the surface of the proposed reconstruction
must be determined and each of these voxels tested in order tocalculate which
cameras it would be visible to. Each surface voxel is then tested to deter-
mine whether it is consistent with the input images of the cameras to which
it would be visible. Traversing the data-structure requires significant execu-
tion time, largely due to the manner in which the scene space is divided and
the symbolic representation of this division. The voxel-based representation
used in the state-of-the-art space-carving algorithm alsosuffers from the vari-
ation in resolution caused by the perspective projection ofscene space into the
images. Significantly more voxels are required to representthe space further
away from a particular camera. Similarly, the resolution ofvoxel space is com-
promised for parts of the scene closest to the camera becausea single voxel
will map to multiple pixels. The proposed algorithm uses an image-based rep-
resentation of scene space to avoid these limitations. Information representing
the structure of the scene is attached to pixels in the image space. Conse-
quently, the recoverable model resolution is coupled to that of the input images,
thus achieving the most detailed reconstruction possible given the inputs. One
of the advantages of this approach is that certain calculations involving this
image-based representation may be carried out using operations implemented
by commonly available graphics rendering hardware, thus achieving signifi-
cant improvements in speed of execution. The goal of space-carving based ap-
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Fig. 5.40 One frame of the a five multi-station synchronized camera setup.

proaches to scene reconstruction is to recover scene shape from several images
taken by calibrated cameras in the case where no assumptionsare made about
the scene or the relative orientation of the cameras . The methods do not require
correspondence information but instead rely on testing thephoto-consistency
of scene points to generate a reconstruction. Space carvingthus generates re-
constructions which would reproduce the input images when re-projected into
the original cameras. Such reconstructions are said to be photo-consistent with
the input images. In order to be able to test photo-consistency we first need
to be able to identify which parts of a proposed reconstruction would be visi-
ble in which cameras, and the point in the image at which they would appear.
This has been labelled the visibility problem. A number of methods have been
proposed to solve the visibility problem for space carving.The fundamental
problem is that of discerning which elements of the model areoccluded by
other points in the scene in the view of a particular camera. This typically re-
quires a search over the un-carved voxels, the order of whichis quadratic in the
number of scene elements. A number of alternative scene representations have
been considered, but these representations generally shift the complexity to an-
other area of the algorithm, or compromise the quality of thereconstruction.
The same visibility challenge exists, however, when rendering an image of a
three-dimensional scene. This is well understood within the field of computer
graphics . We propose to utilise the corresponding hardware-based solutions
to this problem.

5.3.2 Used method

As mentioned above, several methods are available to reconstruct the visual hull of
scene objects. We choose to use surface-based methods, thatis we aim to recover
the scene objects’ shape as a triangle-mesh surface. Recallthat the visual hull, with
a finite number of viewpoints, is the result of a generalized cone intersection. It
is important to realize that all surface information of the visual hull is implicitly
contained in the contours of silhouettes in the images. Thisis because silhouettes
backproject to viewing cones in space, and that the visual hull surface consists of
cone intersection primitives. Namely, each images silhouette contour will contribute
to the visual hull surface in the form of a strip, that is the cone surface fragment lying
inside all other viewing cones.
Computing such geometry components is made easier by discretizing the silhouette
contours in images, that is by building a polygonal representation of these contours.
Such a representation induces a set of polyhedral viewing cones, and therefore a
polyhedral visual hull. All the geometry of the contours, and therefore of the viewing
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Fig. 5.41 Generating binary masks for silhouettes. This masks are generated through back-
ground/foreground subtraction using the character of video sequences.

cones, implicitely reduces to the knowledge of the contour polygons vertices and
their positions. As such, each contour vertex contributes to the visual hulls explicit
representation, i.e. its triangle-mesh surface. The contribution for a single contour
vertex lies along this vertexs viewing line, the line which backprojects from this
vertex into space with respect to the viewpoint in which it isdefined.
Such a contribution is the part of this viewing line that belongs to the visual hull: it
is the part of the viewing line which is inside all viewing cones in space. Or equiva-
lently, it is the segments along this viewing line which project inside the silhouettes
in all other images. These segments are called viewing edges, as they happen to be
edges of the final visual polyhedron. The viewing edges are a set of segments on
the visual hull surface. They form an incomplete representation of the visual hull
and work remains to be done to retrieve the surface information, the triangle mesh
description of the visual hull. In order to achieve this goalthis method aims at in-
crementally recovering the missing geometry. As seen previously, the viewing edges
give us an initial subset of the visual hull geometry. However, this does not account
for all edges and points of the visual hull polyhedron. Typically, triple points, points
of the surface which are the locus of three viewing cone intersections, project on each
images silhouette contour, at an arbitrary point. In general, this projection point does
not coincide with any vertex of the 2D silhouette contour polygon. For this reason,
these triple points are not computed as part of the initial viewing edge vertex set.
For a complete visual hull, one must therefore compute not only the missing triple
points, but also the missing edges connecting triple pointsto the already computed
viewing edges. Due to the discrete nature of the visual hull,it is possible to incre-
mentally recover these edges and triple points. Information about previously created
edges is collected to infer the position and direction of neighbouring edges. This
enables the algorithm to incrementally follow and reconstruct the missing geometry.
Once the complete mesh is recovered, faces of the visual hullpolyhedron surface are
extracted, by walking through the complete oriented mesh while always taking left
turns at each vertex, so as to identify each faces 2D contours.
The steps to reconstruct a visual hull with the ”polyhedral”method can be described
as:

• compute viewing edges

• since this only partially accounts for all surface geometry, the second steps goal
is to incrementally compute the missing surface points and edges

• identify faces in the mesh and build the triangle set.

We have reconstructed a visual hull with 5 cameras (Fig. 5.42). The model consists of
602 vertices and 1196 facets. The virtual human body is calculated on a 3.2GHz CPU
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Fig. 5.42 Reconstruction of the 3D point cloud and the polyhedra with the method described
in (Boyer and Franco, 2003).

Fig. 5.43 Reconstruction of the visual hull with five cameras (textured wireframe and solid
model). The model consists of 602 vertices and 1196 facets. The virtual human body is
calculated on a 3.2GHz-CPU of an Intel Pentium IV with OS-FC4smp in around 120[msecs]
(nearly 10fps). The texture is automatically assigned through an in-house developed texture
mapping software (Sauerbier et al., 2006).
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of an Intel Pentium IV with OS-FC4smp in around 120[msecs], which are around
10fps.
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Chapter 6

Conclusions

6.1 SUMMARY OF THE RESULTS

We have presented a fully automatic camera calibration system and have investigated
in background subtraction, model based human body measurement and tracking and
finished the research with the applying of the visual hull concept from (Boyer and
Franco, 2003). The following list summarizes the achievements of this work:

• Programming and documentation of a flexible scene description language and
parser for synchronized multi station geometric network adjustment

• Investigations in model based approaches for background subtraction, body
measurement, and tracking.

• Setup of a low cost camera system for surveillance purpose.

• Experiments for a hardware synchronized camera system (NorPixTM) and a
low cost web camera (UniBrainTM) - software synchronized - system based on
firewire technology.

6.1.1 Calibration

One topic of this work is the implementation of the fully automatic geometric calibra-
tion software. The method needs a wand moving through objectspace. Dependent
on the volume size and accuracy requirements different wands can be used. Assum-
ing a static multi station network every frame serves as snapshot for builing a well
defined point cloud. We have developed a scene description language to achieve the
most flexible way of data collection. Moreover, the data can be distributed over the
network and different operating systems can be introduced.The idenfication of the
points is established through standard point detection operators implemented through
python scripts, which are running locally on every workstation in the intranet. These
identified points together with the frame number are used to establish relative ori-
entations and to setup a network. These approximations are taken to setup a bundle
adjustment network, allowing multiple command line switches to lead the process.
The approximations are first viewed in a OpenGL 3D viewer and can be analysed
for further runs or stopped, if an error occured. This first mile stone in the geomet-
ric calibration procedure allows the user to inspect the correctness of the collection
process. The unified bundle adjustment determines the network and outputs all rele-
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vant geometric calibration protocols as text and graphicalreport. The self-calibration
procedure adjusts the following interior orientation and additional parameters:

• Focal length

• Principal point offset

• Radial lens distortion (k1, k2, k3)

• Decentring distortion (p1, p2)

• Affinity and shear (b1, b2)

Netrebko has been programmed in ANSI C/C++, and makes use of the Standard Tem-
plate Library (STL). The code is divided into several libraries, and the only external
library required is the freely-available Boost C++. The code has been documented
through the standard Doxygen code-documentation system.
The code has three primary modules:

• Adjustment parsing engine

• single or multiple text input

• Output (text, HTML, OpenGL, and MATLABTM)

The proposed method can be applied to measure either the surface of a static human
body part or the moving surface of a dynamic event. In the latter case, the gained
3-D data can be of two different types: surface measurement 3–D point cloud or a
3D mesh of a visual hull for each recorded time step or surfacetracking in form of a
vector field of 3-D trajectories (position, velocity and acceleration).
To demonstrate the multiple functionality of these methods, a hardware synchronized
system at CVLAB(EPFL) and a low cost web cam system are used.

6.1.2 Data Acquisition

The accurate measurement of a human body part starts with an adequate acquisition
of the required data, i.e., multi-images (multiple images acquired from different posi-
tions in the space describing the same scene) in case of static surface measurement or
multi-image sequences (multi-images acquired during a time interval) in case of dy-
namic surface measurement or surface tracking. In the latter case, the multi-images
have to be obviously acquired simultaneously. Nevertheless, also in case of static
surface measurement of human body parts, it is recommended to synchronize pre-
cisely the multiple cameras because the human body cannot beconsidered as a static
object; in fact, a person always moves slightly unconsciously (e.g., breathing, muscle
contractions). The precision of the synchronization of themultiple imaging devices
plays therefore an essential role for the accuracy potential of the measurement.
Different systems can be used to acquire multi-image sequences with different levels
of quality depending on the used cameras. With decreasing accuracy potential, these
are: multiple synchronized machine vision progressive scan CCD cameras, multiple
synchronized machine vision interlaced CCD cameras or multiple digital video cam-
corders synchronized using a clapper. For surface measurement purposes without
tracking, only multi-images are required. In this case alsothe following systems can
be used for the acquisition (with decreasing accuracy potential): multiple digital still
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cameras, a single digital still camera acquiring in different position or multiple digital
web cameras.
A precise synchronization of the multiple imaging units is possible only by the two
machine vision acquisition systems. Systems based on multiple digital still cameras
and systems using digital web cameras can be set up to acquiremulti-images simulta-
neously. However, the cameras cannot be electronically synchronized to each other;
the maximum time delay which can occur between the acquisition of the different
images is therefore half a frame (i.e., 0.04 seconds). The same synchronization ac-
curacy can be achieved with systems using multiple video camcorders, aligning the
audio signals of the different sequences. The systems basedon a single camera can
evidently not acquire simultaneously multi-images, in some cases the larger time de-
lay can however be acceptable (e.g., when high accuracy of the measurements is not
required and if the human body part can be immobilized).
The lens and optical system of the camera also play a role for the quality of the
acquired images. Machine vision lenses are preferable because of the smaller dis-
tortions. However, consumer market products (e.g., video camcorders, digital still
cameras) can also be used for measurement purposes without agreat loss of accu-
racy (D’Apuzzo and Maas, 1999), correcting the larger distortions with a thorough
calibration procedure.

6.1.3 Foreground/Background Segmentation

The image sequence character and the knowledge of additional spatial information
about the “empty scene” and/or the human body approximationallow to make useful
combinations with useful results. The spatial and temporalcharacter of the video se-
quence is fully used. The foreground/background subtraction algorithm is dependent
on the base line of the multi camera setup. If there is a small baseline between neigh-
bouring sensors we use disparity maps to define the foreground and background. In
an all around network with a small number of cameras where automatic identifica-
tion of correspondences cannot be derived, a fully geometrybased approach is intro-
duced. This approach needs an inital scene and stores the frames in a temporal buffer
to access previous frames. In both methods (disparity basedgradient and geometry
based approach) a previous medi-picture algorithm is run. Through the presented
combination of methods we try to be sensitive for different illumination conditions
in laboratory environments.

6.1.4 Model Based Human Body Modeling

The human body reconstruction is based on a model based approach.
The model based reconstruction methods are using an articulated primitive model.
This model has an underlying hierarchical stick figure and isbased on the HAnim
Model. The attached quadrics, which are easy to model to different primivites (like
ellipsoids, cylinders,...), are used as approximative surfaces for a model based multi
image least squares approach. Additionally, if the correspondence problem cannot
be solved (wide-baseline), we use a visual hull approach. The visual hull approach is
an image based method, but it relies on initial frames for theforeground/background
subtraction. The visual hull method is programmed by FrancoBoyer and is used
as an open source tool. We have adopted and implemented the silhouette extraction
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in an efficient way. We can achieve a model of 602 vertices and 1196 facets on a
3.2GHz CPU (Intel Pentium IV) in around 10fps.

6.1.5 Model Based Human Tracking

Human tracking can be understood as:

• Detection and reconstruction in every frame independently

• Determination of correspondences in a temporal way.

As shown in this work, both methods are used. The first method can be used in appli-
cations, where the surface reconstruction in every frame isimportant. Therefore the
frames can be threated independently. The trajectory of keypoints can be established
through the frame-to-frame tracking-fitting approach. It should be mentioned, that a
high framerate or small movements are assumed. The algorithm depends heavily on
similar pixel patterns of previous frames of the video sequences.

6.2 SUGGESTIONS FOR FURTHER RESEARCH

6.2.1 Data Acquisition and Calibration

Concerning the image acquisition systems, further research can be directed toward
two different interesting goals: high quality or low cost. For an high quality acquisi-
tion system the number of cameras has to be extended to a minimum of eight cameras,
allowing a more complete imaging of the full human body. Machine vision progres-
sive scan cameras are the best choice for multi-image acquisition systems. The data
acquisition frame work should be based on a open source operating system to imple-
ment necessary scripts easily and build on a stable and reliable system. Additionally,
the CMOS cameras can be programmed on the camera chip directly. Therefore, the
pre-processing of point detection can be implemented on thecamera chip. The real
time issue could be satisfied since CMOS cameras support windowing of areas of
interest. This step would free the CPU and GPU of every workstation in the intranet
and opens the way to high quality real time mesh reconstruction. Additionally, the
3D reconstruction could be achieved, if the network consists of workstations with
high-end graphical processing units. An idea of such a system is given in (Figure
6.1).
Many laptops are equipped with onboard video cameras. A second camera form-
ing a stereo system could be be easily implemented allowing various applications
(e.g security - identification, verification; video games - applying individual faces in
computer games).

6.2.2 Matching Process and Surface Measurement

The implementation of a fast multi-image matching process in an unique least squares
process is an interesting task for further research. The main problem to solve is the
definition of a robust and fast method to remove the irrelevant images from the set
of images used in the process. Since the cameras are usually placed concentric to
the human body part, it is in fact probable that regions of theinterested part are not
imaged by all the cameras. A smart strategy has therefore to be defined to select the
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Fig. 6.1 Ideas for a future real-time multi-station sensor network based on an open source
operating system and on-chip programmable CMOS cameras. The processing steps are dis-
tributed on different hardware devices and therefore the work-load is splitted.

relevant images before entering the least squares procedure.
A second interesting aspect that could be further investigated is the integration of
neighborhood conditions. In this work, a neighborhood filter was implemented to
detect false matching results. Furthermore, it could be interesting to use the smooth
characteristic of the human body surface to integrate the neighborhood in the least
squares process allowing the matching of multiple neighboring points in an unique
process (Gruen and Zhang, 2002), making the results more robust and increasing
the success rate in the regions with lack of texture. Moreover, new techniques for
evaluating the matching results have to be investigated.
It would also be nessecary to compare the results achieved bythe proposed method
with commercially available measurement systems like laser scanners and coded light
approaches. Methods for the comparison of the different data have to be investigated.

6.2.3 Tracking Process

The tracking process can be improved through the matching process. The same sug-
gestions described in the previous section can therefore beapplied for the tracking
process.
In case of full body tracking or tracking of articulations, to increase the level of au-
tomation of the entire process, a full automatic, reliable extraction of the silhouette
of the human body or the contour of human body parts has to be implemented. A
thorough illumination of the subject and laboratory conditions, such as an uniform
background, could limit the shadow effects as well as the noise caused by other per-
sons or moving objects present in the scene.
Additional cues that could be extracted from the vectorfieldof trajectories resulting
from the improved tracking process are the extraction of rotation axes and angles of
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the different articulations. The definition of the key-points could be extended for this
purpose.
For the extraction of the more elaborated data, it is strongly recommended to in-
crease the number of the used cameras, so that also very complex movements can
be acquired from the front as well as sideways and from the back. This will lead to
further problems for the tracking process, which has also tobe generalized for the
use of a variable number of cameras.
For future studies of this work it is recommended to do a comparison of the results
with reference data. Test sequences should be acquired simultaneously both with
the multi-image acquisition system and with a precise optical motion capture system
available commercially. It would be of great interest to compare the accurate mo-
tion capture measurements with the results achieved by the developed method and
accuracy estimates against ground truth could be determined.

128



Bibliography

A., E., D., H., L.S., D., 2000. Non-parametric model for background subtraction. In:
ECCV 2000. pp. 751–767.

Akca, D., Remondino, F., Novk, D., Hanusch, T., Schrotter, G., Gruen, A., January
29-30 2007. Performance evaluation of a coded structured light system for cul-
tural heritage applictions. In: Videometrics VIII, Proc. of SPIE-IS&T Electronic
Imaging, vol. 6491, San Jose (California), USA.

Anai, T., Chikatsu, H., 1999. Development of human motion analysis and visual-
isation system. International Archives of Photogrammetryand Remote Sensing
32 (5-3W12), 141–144.

Anai, T., Chikatsu, H., 2000. Dynamic analysis of human motion using hybrid
video theodolite. International Archives of Photogrammetry and Remote Sensing
33 (B5), 25–29.

Anil, A., Gabor, B., 2001. Body modeling. Semester work, Computer Sciences De-
partment, EPF Lausanne, Lausanne, Switzerland.

Australis, 2007. Photometrix pty. ltd (last accessed in 04-07).

Baarda, W., 1968. A testing procedure for use in geodetic networks. Netherlands
Geodetic Commission, Publication on Geodesy, 2(5).

Badler, N., 2000. Animation 2000+. IEEE Computer Graphics and Applications
20 (1), 28–29.

Baker, P., Aloimonos, A., 2003. Calibration of a multicamera network. In: In R. Pless,
J. Santos-Victor, and Y. Yagi, editors, Omnivis 2003: Omnidirectional Vision and
Camera Networks.

Balder, N., Palmer, O., Bindiganavale, R., 1999. Animationcontrol for real time
virtual human. Comm. ACM 42 (8), 65–73.

Bartl, J., Fira, R., Hain, M., 2001. Inspection of surface bythe moire method. Mea-
surement Science Review 1 (1), 29–32.

Basler, 2007. http://www.baslerweb.com/ (last accessed in 01-2007).

129



BIBLIOGRAPHY

Baumgart, B., 1975. A polyhedron representation for computer vision. In AFIPS
National Computer Conference.

Beyer, H., 1992a. Geometric and radiometric analysis of a CCD-camera based pho-
togrammetric close-range system. Ph.D. thesis, Instituteof Geodesy and Pho-
togrammetry, ETH Zurich, Switzerland, Mitteilungen No. 51.

Beyer, H., 1992b. Geometric and radiometric analysis of a ccd-camera based pho-
togrammetric close-range system. Ph.D. thesis, Instituteof Geodesy and Pho-
togrammetry, ETH Zurich, Switzerland, mitteilungen No. 51.

Bhatia, G., Smith, K., Commean, P., Whitestone, J., Vannier, M., 1994. Design of a
multisensor optical surface scanner. SPIE Proc. 2355, 262–273.

Blue-C, 2008. Ethz blue-c project. http://blue-c.ethz.ch/, accessed 20.4.2008.

Boulic, R., Fua, P., Herda, L., Silaghi, M., Monzani, J.-S.,Nedel, L., Thalmann, D.,
1998. An anatomic human for motion capture. In: Proc. of EMMSEC’98. Bor-
deaux, France.

Boulic, R., Thalmann, D., Molet, T., Haung, Z., 1997. An animation interface de-
signed for motion capture. In: Proc. of Computer Animation ’97 Conference. IEEE
Press., pp. 77–85.

Boyer, E., Franco, J.-S., June 2003. A hybrid approach for computing visual hulls of
complex objects. In: Computer Vision and Pattern Recognition, Vol. I, p. 695-701.

Bradtmiller, B., Gross, M., 1999. 3d whole body scans: measurement extraction soft-
ware validation. In: Proc. of Conference on Digital Human Modeling for Design
and Engineering. Hague, The Netherlands.

Breuckmann, 2007. Breuckmann gmbh. http://www.breuckmann.com, last accessed
12.4.2007.

Brown, D., 1971. Close-range camera calibration. Photogrammetric Engineering and
Remote Sensing 37 (8), 855–866.

Brunsman, M., Daanen, H., Robinette, K., 1997. Optimal postures and positioning
for human body scanning. In: Proc. of Int. Conference on Recent Advances in 3-D
Digital Imaging and Modeling. Ottawa, Canada, pp. 266–273,12-15 May.

Burke, J., Bothe, T., Osten, W., Hess, C., 2002. Reverse engineering by fringe pro-
jection. In: Interferometry XI: Applications. Vol. 4778. pp. 312–324.

Burnsides, D., 1997. Software for visualisation, analysisand manipulation of
laser scan images. Paper 3023-15 ASC-97-0378, Amstrong Laboratory, Wright-
Patterson Air Force Base, Ohio, USA.

Carceroni, R. L., Padua, F. L. C., Santos, G. A. M. R., Kutulakos, K. N., 2004. Linear
sequence-to-sequence alignment. In: Proceedings IEEE Conference on Computer
Vision and Pattern Recognition. pp. 746–753.

Carranza, J., Magnor, C. T. M., Seidel, H., 2003. Free-viewpoint video of human
actors. In: ACM SIGGRAPH. pp. 569–577.

Caspi, Y., Irani, M., 2000. A step towards sequence-tosequence alignment. In: IEEE
Conference on Computer Vision and Pattern Recognition. USA, pp. 682–689.

130



BIBLIOGRAPHY

Caspi, Y., Simakov, D., Irani, M., 2002. Feature-based sequence-to-sequence match-
ing. In: Workshop on Vision and Modelling of Dynamic Scenes.Denmark.

Certain, A., Stuetzle, W., 1999. Automatic body measurement for mass customisa-
tion of garments. In: Proc. of Second Int. Conference in 3-D Digital Imaging and
Modeling. Ottawa, Canada, pp. 405–412.

Cham, T.-J., Rehg, J., 1999. A multiple hypothesis approachto figure tracking. In:
Proc. of IEEE Conf. on Computer Vision and Pattern Recognition. Vol. 2. Fort
Collins, USA, pp. 239–245.

Cheung, G., Kanade, T., Bouguet, J.-Y., Holler, M., 2000. A real time system for
robust 3d voxel reconstruction of human motions. In: Proc. of IEEE Conf. on
Computer Vision and Pattern Recognition. Vol. 2. South Carolina, USA, pp. 714–
720.

Cheung, G. K. M., Baker, S., Kanade, T., 2003. Shape-from-silhouette of articulated
objects and its use for humanbody kinematics estimation andmotion capture. In:
ACM SIGGRAPH. pp. 77–84.

Craig, J., 1989. Introduction to robotics mechanics and control. Addison-Wesley Pub-
lishing Company.

Cronk, S., Fraser, C., Hanley, H., December 2006. Automatedmetric calibration of
colour digital cameras. The Photogrammetric Record 21, 312–328.

CSEM, 2007. Centre suisse d’electronique et de microtechnique.
http://www.csem.ch, last accessed 12.4.2007.

Cucchiara, R., Grana, C., Piccardi, M., Prati, A., 2003. Detecting moving objects,
ghosts and shadows in video streams. In: IEEE Trans. on Patt.Anal. and Machine
Intell., vol. 25, no. 10. pp. 1337–1342.

Cyberware, 2007. Cyberware inc., http://www.cyberware.com (last accessed in 04-
07).

Daanen, H., Brunsman, M., Taylor, S., Nurre, J., 1997. Absolute accuracy of the
cyberware wb4 whole body scanner. In: Ellson, R., Nurre, J. (Eds.), Three-
Dimensional Image Capture, Proc. of SPIE. Vol. 3023. San Jose, USA, pp. 6–12.

D’Apuzzo, N., 1997. Automated measurement of human faces. first step: the face
mask. In: Proc. of 2nd ARIDA/SGPBF Workshop on Image Sensingand its Ap-
plications. Zurich, Switzerland, october 3.

D’Apuzzo, N., 2000. Motion capture by least squares matching tracking algorithm.
In: Proc. of AVATARS’2000. Lausanne, Switzerland.

D’Apuzzo, N., 2002. Surface measurement and tracking of human body parts from
multi image video sequences. ISPRS Journal of Photogrammetry and Remote
Sensing 56 (5-6), 360–375, theme Issue ”Medical Imaging andPhotogrammetry”.

D’Apuzzo, N., 2003a. Human body motion capture from multi-image video se-
quences. In: El-Hakim, S., Gruen, A., Walton, J. (Eds.), Videometrics VIII, Proc.
of SPIE. Vol. 5013. Santa Clara, USA, pp. 54–61.

131



BIBLIOGRAPHY

D’Apuzzo, N., 2003b. Surface measurement and tracking of human body parts from
multi station video sequences. Ph.D. thesis, Institute of Geodesy and Photogram-
metry, ETH Zurich, Switzerland, mitteilungen No. 81.

D’Apuzzo, N., 2007. 3d body scanning technology for fashionand apparel industry.
In: Videometrics IX, Proc. of SPIE-IS&T Electronic Imaging. Vol. 6491.

D’Apuzzo, N., Maas, H.-G., 1999. On the suitability of digital camcorders for virtual
reality image data capture. In: El-Hakim, S., Gruen, A. (Eds.), Videometrics VI,
Proc. of SPIE. Vol. 3641. San Jose, USA, pp. 259–267.

Dekker, L., Douros, I., Buxton, B., Treleaven, P., 1999. Building symbolic informa-
tion for 3d human body modeling from range data. In: Proc. of the Second Int.
Conf. in 3-D Digital Imaging and Modeling. Ottawa, Canada, pp. 388–397.

Delamarre, Q., Faugeras, O., 1999. 3d articulated models and multi-view tracking
with silhouettes. In: Proc. of the 7th IEEE Int. Conf. on Computer Vision. Vol. 1.
Kerkyra, Greece, pp. 716–721.

Deutscher, J., Blake, A., Reid, I., 2000. Articulated body motion capture by annealed
particle filtering. In: Proc. of IEEE Conf. on Computer Vision and Pattern Recog-
nition. Vol. 2. South Carolina, USA, pp. 126–133.

Doubek, P., Svoboda, T., Gool, L. V., April 2003a. Monkeys — asoftware architec-
ture for viroom — low-cost multicamera system. In: Crowley,L., J., Piater, H., J.,
Vincze, Markus, Paletta, Lucas (Eds.), Computer Vision Systems, Third Interna-
tional Conference, ICVS 2003. Springer, pp. 386–395.

Doubek, P., Svoboda, T., Van-Gool, L., 2003b. Monkeys -a software architecture
for viroom - low-cost multicamera system. In: 3rd International Conference on
Computer Vision Systems. pp. 386–395.

E-Measurement, 2007. E-measurement solutions ltd., http://www.e-tape.co.uk (last
accessed in 04-07).

EPFL-CVLAB, 2008. Epfl computer vision laboratory. http://cvlab.epfl.ch/, accessed
20.4.2008.

Ertaud, J., Savatier, X., Schmidt, W., Thomine, J., Dujardin, F., 1999. Multivision
determination of the volume of human body segments and implementation of a
dynamic model. Human Movement Science 18 (5), 647–654.

ETHZ-BIWI, 2008. Ethz computer vision laboratory. http://www.vision.ee.ethz.ch/,
accessed 20.4.2008.

Finsterwalder, S., 1899. Die geometrischen grundlagen derphotogrammetrie. Jahres-
bericht Deutscher Mathematik 6, 1–44.

Flannery, Teukolsky, Vetterling, 1992. Numerical Recipes: The Art of Scientic Com-
puting. Cambridge University Press, United Kingdom, 2nd edition.

Förstner, W., 1976. Statistical test methods for blunder detection in planimetry block
triangulation. In: XIII ISP Congress, Commission III. Helsinki.

Franco, J.-S., Lapierre, M., Boyer, E., 2006. Visual shapesof silhouette sets. In:
3DPVT ’06: Proceedings of the Third International Symposium on 3D Data Pro-
cessing, Visualization, and Transmission (3DPVT’06). IEEE Computer Society,
Washington, DC, USA, pp. 397–404.

132



BIBLIOGRAPHY

Fraser, C., 2006. Evolution of network orientation procedures. In: Proceedings of the
ISPRS Commission V Symposium/Dresden.

Fua, P., Gruen, A., D’Apuzzo, N., Plänkers, R., 2002. Markerless full body shape and
motion capture from video sequences. International Archives of Photogrammetry
and Remote Sensing 34 (B5), 256–261.

Fua, P., Gruen, A., Plänkers, R., D’Apuzzo, N., Thalmann, D., 1998. Human body
modeling and motion analysis from video sequences. International Archives of
Photogrammetry andRemote Sensing 32 (B5), 866–873.

Fua, P., Herda, L., Plänkers, R., Boulic, R., 2000. Human shape and motion recovery
using animation models. International Archives of Photogrammetry and Remote
Sensing 33 (B5), 253–268.

Fua, P., Leclerc, Y. G., 1995. Object-centered surface reconstruction: Combining
multi-image stereo and shading. International Journal of Computer Vision 16, 35–
56.

Gavrila, D., Davis, L., 1996. 3d model-based tracking of humans in action: a multi-
view approach. In: CVPR. pp. 73–80.

Goldlucke, B., Magnor, M. A., 2003. Joint 3d-reconstruction and background
separation in multiple views using graph cuts. In: CVPR. Vol. 1. pp. 683–688.
URL http://ieeexplore.ieee.org/xpls/absall . jsp?arnumber =
1211419

Gravila, D., Davis, L., 1996. 3-d model based tracking of humans in action: a multi-
view approach. In: Proc. Conference on Computer Vision and Pattern Recognition.
San Franciso, USA, pp. 73–80.

Griesser, A., August 2005. Real-time, gpu-based foreground-background segmenta-
tion. Tech. Rep. 269, Computer Vision Lab, ETH Zuerich.

Griesser, A., Roeck, S. D., Neubeck, A., Gool, L. V., November 2005. Gpu-based
foreground-background segmentation using an extended colinearity criterion. In:
Greiner, G., Hornegger, J., Niemann, H., Stamminger, M. (Eds.), Proceedings of
Vision, Modeling, and Visualization (VMV) 2005. IOS Press,pp. 319–326.

Griesser, A., Van Gool, L., June 2006. Automatic interactive calibration of multi-
projector-camera systems. In: Conference on Computer Vision and Pattern Recog-
nition Workshop, PROCAMS.

Gruen, A., 1985. Adaptive least squares correlation: a powerful image matching tech-
nique. South African Journal of Photogrammetry, Remote Sensing and Cartogra-
phy 14 (3), 175–187.

Gruen, A., Beyer, H., 2001. System calibration through self-calibration. In A. Gruen
and T.S. Huang, editors, Calibration and Orientation of Cameras in Computer Vi-
sion, Information Sciences 34.

Gruen, A., Zhang, L., 2002. Automatic dtm generation from three-line-scanner (tls)
images. International Archives of Photogrammetry and Remote Sensing 34 (A3),
131–137.

133



BIBLIOGRAPHY

Grün, A., 1978. Progress in photogrammetric point determination by compensation
of systematic errors and detection of gross errors.

H-Anim, 2007. Humanoid animation specification. Last accessed 12.4.2007.

Han, B., Comaniciu, D., Davis, L., 2004. Sequential kernel density approximation
through modepropagation: applications to background modeling. In: Proc. ACCV
- Asian Conf. on Computer Vision. pp. 751–767.

Haritaoglu, I., Harwood, D., Davis, L., 1998. W4: Who? when?where? what? a real
time system for detecting and tracking people. In: Proc. of the 3rd Int. Conference
on Face and Gesture Recognition. Nara, Japan.

Hartley, R. I., Zisserman, A., 2000. Multiple View Geometryin Computer Vision.
Cambridge University Press, ISBN: 0521623049.

Hasenfratz, J.-M., Lapierre, M., Gascuel, J.-D., Boyer, E., 2003. Real-time capture,
reconstruction and insertion into virtual world of human actors. In: In Proc. of
Vision, Video and Graphics. pp. 49–56.

Hasler, N., Stoll, C., Rosenhahn, B., Thormählen, T., Seidel, H.-P., 2009. Technical
section: Estimating body shape of dressed humans. Comput. Graph. 33 (3), 211–
216.

Hastedt, H., Luhmann, T., Raguse, K., 2005. Threedimensional acquisition of high-
dynamic processes with a single-camera system and stereo-beam splitting. In: Op-
tical 3-D Measurement Techniques VII. Zuerich, pp. 175–184.

Herda, L., Fua, P., Plaenkers, R., Boulic, R., Thalmann, D.,2000. Skeleton-based
motion capture for robust reconstruction of human motion. In: Proc. of Computer
Animation 2000. IEEE CS Press.

Hilton, A., Gentils, T., 1999. Virtual people: capturing human models to populate
virtual wolrds. In: IEEE Int. Conf. on Computer Animation. pp. 174–185.

HomoMetrica, 2007. http://www.homometrica.ch (last accessed in 05-2007).

Horiguchi, C., 1998. Bl (body line) scanner. the development of a new 3d measure-
ment and reconstruction system. International Archives ofPhotogrammetry and
Remote Sensing 32 (B5), 421–429.

HumanSolutions, 2007. Xfit army, http://www.human-
solutions.com/download/pdf/xfitarmy en.pdf (last accessed mai 2007.

Intellifit, 2007. Intellifit. http://www.intellifit.com/ (last accessed in 01-07).

Inversions, S., 2008. http://www.facegen.com/. Accessed20.4.2008.

Iwai, Y., Ogaki, K., Yachida, M., 1999. Posture estimation using structure and motion
models. In: Proc. of 7th IEEE Int. Conf. on Computer Vision. Vol. 1. Kerkyra,
Greece, pp. 214–219.

iWitness, 2007. Photometrix pty. ltd (last accessed in 04-07).

Jojic, N., Turk, M., Huang, T., 1999. Tracking self-occluding objects in dense dispar-
ity maps. In: Proc. of 7th IEEE Int. Conf. on Computer Vision.Vol. 1. Kerkyra,
Greece, pp. 123–130.

134



BIBLIOGRAPHY

Jones, P., West, G., Brooke-Wavell, K., 1993. Interrogation of 3d body data for ap-
plications in manufacturing industries. In: Application of Computers to Manufac-
turing Engineering. Directorate of the Science and Engineering Research Council,
Sheffield University, Sheffield, USA, pp. 20–25.

Jordan, P., Willneff, J., D’Apuzzo, N., Weishaupt, M., Wistner, T., Auer, J., 2001.
Photogrammetric measurement of deformations of horse hoofhorn capsules. In:
El-Hakim, S., Gruen, A. (Eds.), Videometrics and Optical Methods for 3D Shape
Measurement, Proc. of SPIE. Vol. 4309. San Jose, USA, pp. 204–211.

Ju, X., Siebert, J. P., 2001. Individualizing human animation models. In: Proc. of
Eurographics 2001. Manchester, UK.

Kaas, M., Witkin, A., Terzopoulos, D., 1998. Snakes: activecontour models. IJCV
1 (4), 763–768.

Kadaba, M., Stine, R., April 12-15 2000. Real-time movementanalysis: techniques
and concepts for the new millenium. In: 5th Annual Gait and Clinical Movement
Analysis Meeting. Rochester, USA.

Kahlmann, T., Ingensand, H., 2006. Calibration of the fast range imaging camera
swissranger for use in the surveillance of the environment.In: SPIE Paper 6396-5
at Security and Defence Europe. Stockholm.

Kahlmann, T., Remondino, F., Guillaume, S., January 29-30 2007. Range imag-
ing technology: new developments and applications for people identification and
tracking. In: Videometrics VIII, Proc. of SPIE-IS&T Electronic Imaging, vol.
6491, San Jose (California), USA.

Kakadiaris, I., Metaxas, D., 1996. Model-based estimationof 3d human motion with
occlusion based on active multi-viewpoint selection. In: CVPR. pp. 81–87.

Kinzel, W., Behring, R., 1995. Initializing the recognition of moving persons. Inter-
national Archives of Photogrammetry and Remote Sensing 30 (5W1).

Kitahara, I., Saito, H., Akimichi, S., Onno, T., Ohta, Y., Kanade, T., 2001. Large-
scale virtualized reality. In: In Computer Vision and Pattern Recognition, Techni-
cal Sketches.

Kolmogorov, V., 2008. Blossom v: A new implementation of a minimum cost perfect
matching algorithm. Tech. rep., University Collesge London.

Kutulakos, K., Seitz, S., 1998. A theory of shape by space carving. Tr692, Computer
Science Dept., U. Rochester.

Laurentini, A., 1994. The visual hull concept for silhouette-based image understand-
ing. In: IEEE Transactions on PAMI. Vol. 16(2). pp. 150–162.

Lee, W.-S., Magnenat-Thalmann, N., 2000. Fast head modeling for animation. Image
and Vision Computing 18 (4), 335–364.

Lei, C., Yang, Y.-H., 2005. Line feature based multiple video synchronization.

Lo, B., Velastin, S., 2000. Automatic congestion detectionsystem for underground
platforms. In: Proc. of 2001 Int. Symp. on Intell. Multimedia, Video and Speech
Processing. pp. 158–161.

135



BIBLIOGRAPHY

Lu, J.-M., Wang, M.-J. J., 2008. Automated anthropometric data collection using 3d
whole body scanners. Expert Syst. Appl. 35 (1-2), 407–414.

Maas, H.-G., 1998. Image sequence based automatic multi-camera system calibra-
tion techniques. International Archives of Photogrammetry and Remote Sensing
32 (B5), 763–768.

Mahoney, D., May 2000. A new track for modeling human motion.Computer Graph-
ics World , 18–20.

Marschner, S., Westin, S., Lafortune, E., Torrance, K., Greenberg, D., 1999. Image-
based brdf measurement including human skin. In: Proc. of Eurographics Work-
shop on Rendering. pp. 131–144.

Marshall, S., Whiteford, D., Rixon, R., 2001. Assessing theperformance of 3d whole
body imaging systems. In: Proc. 6th Numerisation 3D/Scanning 2001 Congress.
Paris, France.

McKenna, P., 1999. Measuring up. http://www.af.mil/news/airman/0296/measurin.htm,
accessed 8.7.2002.

Mester, R., Aach, T., Dmbgen, L., 2001. Illumination-invariant change detection us-
ing a statistical colinearity criterion. In: Proc. 23rd DAGM Symp.

Mikhail, Ackermann, 1976. Mikhail, Edward M., and Ackermann, Friedrich E. 1976.
Observations and Least-Squares. IEP Series Civil Engineering, New York.

Mikhail, E. M., Bethel, J. S., McGlone, J. C., 2001. Introduction to modern pho-
togrammetry. pub-WILEY.

Narayanan, P., Rander, P., Kanade, T., 1998. Constructing virtual words using dense
stereo. In: Proc. of the Sixth Int. Conf. on Computer Vision.Bombay, India, pp.
3–10.

Norpix, 2007. Digital video recording software. http://www.norpix.com/, last ac-
cessed 12.4.2007.

Novak, D., 2007. 3d reconstruction of a real scene with post cards. Master project,
IGP Institute of Geodesy and Photogrammetry, ETHZ, Zurich,Switzerland.

Ohno, H., Yamamoto, M., 1999. Gesture recognition using character recognition
techniques on two-dimensional eigenspace. In: Proc. of 7thIEEE Conf. on Com-
puter Vision. Vol. 1. Kerkyra, Greece, pp. 151–156.

Okada, R., Stenger, B., 2008. A single camera motion capturesystem for human-
computer interaction. IEICE - Trans. Inf. Syst. E91-D (7), 1855–1862.

Okutomi, M., Kanade, T., 1993. A multiple-baseline stereo.In: IEEE Transactionson
on Pattern Analysis and Machine Intelligence, Vol. 15(4). pp. 353–363.

Oliver, N. M., Rosario, B., Pentland, A. P., 2000. A bayesiancomputer vision system
for modeling human interactions. In: IEEE Trans. on Patt. Anal. and Machine
Intell., vol. 22, no. 8. pp. 831–843.

OpenCV, 2006. Open source computer vision library.
http://www.intel.com/research/mrl/research/opencv/ (last accessed 01-06).

136



BIBLIOGRAPHY

Optotrak, 2007. Ndi: Optotrak certus motion capture system.
http://www.ndigital.com/research/certus.php (last accessed may 2007).

Paquet, E., Rioux, M., 1999. Neferiti: a query by content software for three-
dimensional models database management. Image and Vision Computing 17 (2),
157–166.
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