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Abstract
There are many applications where it is useful to know the location and/or orientation of
people or objects as they move through space. For example, head and hand position can
be used as input to drive a virtual reality application, or the joint motion of a dancer can
be captured to drive the movement of an animated figure. Among various motion tracking
technologies, systems using cameras as optical sensors have been the subject of intensive
research for years due to their non-intrusive nature and their immunity to ferromagnetic
distortion. A network of cameras allows for a larger working volume, higher tracking
accuracy, more robustness and greater flexibility, but also introduces a variety of interesting
problems. The architecture of such systems needs to be designed to be scalable to a large
number of cameras. The added complexity of such systems makes it difficult to calibrate
all of the cameras into a single global coordinate frame in a scalable fashion, and also
introduces the problem of how to optimally place cameras to maximize the performance of
the tracking system.
In this dissertation, we have designed and implemented M-Track, a scalable tracking architecture for real-time motion tracking with tens of cameras. Its one-processor-per-camera
design enables the parallel processing of high-bandwidth image data. The employment of a
central estimator based on an extended Kalman filter allows the smooth and asynchronous
integration of information from camera-processor pairs. Since camera synchronization is
not required, this architecture results in easier deployment, and enables the employment of
heterogeneous sensors including cameras with different resolutions and frame rates. The
architecture also supports tracking of multiple features and automatic labeling of these
features, even when some feature points are temporarily occluded. Three end-to-end applications are built upon this architecture to demonstrate the usefulness of the system.
v

Next, we present a scalable wide-area multi-camera calibration scheme. A large number
of asynchronous cameras can be calibrated into a single consistent coordinate frame by
simply waving a bright light in front of them. This can be achieved even when cameras are
arranged with non-overlapping working volumes and when no initial estimates of camera
poses are available. There is no need for the construction of a universally visible physical
calibration object, and the method is easily adaptable to working volumes of variable size
and shape.
We then propose a quantitative metric for evaluating the tracking quality given a multicamera placement configuration. Even though occlusion of tracked objects has a huge
impact on motion tracking, previous work only uses the 3D uncertainty caused by limited
camera resolution to evaluate quality. Our metric considers both camera resolution and the
likelihood of target occlusion. In the formulation of the metric, we propose a novel probabilistic model that estimates the dynamic self-occlusion of targets and verify its validity
through experimental data. Finally, we analyze various camera placement configurations
using our proposed metric and show the impact on camera placement requirements when
considering either only resolution or both resolution and occlusion.
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Chapter 1
Introduction
1.1 Applications of motion tracking
There are many applications where it is useful to know the location and/or the orientation
of people or objects as they move through space. This type of motion tracking, sometimes
called 6 degree-of-freedom (DOF) position tracking, has been used in military applications
for years1 . Recently, motion tracking has been found very useful for virtual reality (VR)
and entertainment industry applications. The main distinction between motion tracking in
VR and entertainment applications and in military applications is that the subjects being
tracked are usually human or human held objects. For example, in a VR application, the
head and hand positions of a user can be used to control computer-generated images so that
they are always rendered from the point of view of the user and in response to the user’s
hand gestures. In entertainment, since it is labor intensive to manually animate figures
whose intended motion is complex, the motions of an actor can be applied to an animated
figure via tracking the motions of all relevant joints and body parts. This tracking process,
called motion capture in the entertainment industry, can also be applied to other domains.
For example, the captured motion of a top athlete can be used in training or sports medicine.
Figure 1.1 shows a few examples of such applications.
The requirements on the performance of real-time motion tracking systems based on
1

In this thesis, the term motion tracking refers to the tracking of target position, orientation, and their
derivatives including velocity, angular velocity, etc.

1
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(b)
(a)
Figure 1.1: Example applications of position trackers. (a) Motion capture of a dancer’s
movement; (b) Tracking of user head position as input to drive the display of a virtual
reality system.
accuracy, resolution, responsiveness, range, and robustness are important for most applications. VR and entertainment applications have additional requirements due to the variety of
environments in which the systems need to be deployed, including many types of humaninhabited environments. These requirements are based on non-intrusiveness to the subjects
being tracked, support for multiple targets, and flexibility of deployment and configuration.
A more detailed description of these requirements is provided below:
Accuracy and resolution These are indicators of the exactness of the reported target positions by a system, where a target can be considered as a distinct object or as a portion
of an object that can have a distinct position or orientation relative to the rest of the
object. Accuracy is the maximum error of a reported position from its real position
and it measures how “correct” it is. For example, a system with an accuracy of 5
millimeters indicates that a reported position is within



millimeters of the actual

position. This is one of the key measures of performance for a motion tracker, since
poor position accuracy (and thus poor accuracy of estimation of other motion parameters) can cause erroneous responses from a VR system or generation of distorted
motion for animated figures. A related measure is resolution, which is the minimum
target position change that the system can detect. While good accuracy depends on
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good resolution, good resolution does not guarantee good accuracy.
Reponsiveness This is usually measured by the system latency, the time lag between the
movement of the target and the report of the new position, and the data rate, the
number of computed positions (and other motion parameters) per second. VR applications are interactive and require low latency, while motion capture applications
must capture details of high speed movements and require high data rates.
Non-intrusiveness A tracking system inevitably needs to deploy sensors and other devices
in the environment and/or on the target. However, when tracking for VR applications
or motion capture, the target being tracked is usually human, or objects held and
moved by humans (these objects are called “props”). A system with a lot of cumbersome devices and wires attached on or around the person can be very distracting and
obtrusive to his intended movements. In order for the system to be frequently usable,
it is important for the human to be able to focus on his task and move freely. This
means that the tracking system should be instrumented and architected so that it is as
non-intrusive as possible.
Range This is the size of the working volume in which the motion needs to be accurately
reported. The exact requirements on the range are application dependent. Since the
target motion in VR and entertainment applications is usually associated with human
movements, the range should be at least room size. There are many other future
applications that require a much larger range, such as tracking players on a football
field. The tracking system should be architected to be scalable to any large working
volume.
Support for multiple targets The ability to monitor the movement of multiple targets is
important for many applications. For example, an “intelligent” meeting room might
need to observe movements of multiple people in the room and respond; or in motion
capture, usually the motions of multiple body parts need to be recorded. Systems
that permit the independent determination of the positions of multiple objects are
desirable. Different applications may also require different levels of multi-target
support. This support can vary from simply the output of multiple positions for every
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frame to the distinguishing (or “labeling”) of each target and the determination of
time-coherent traces for each labeled target.
Robustness A practical system must be able to withstand the noise, interference and uncertainty of the real world. These factors could cause erroneous position reports or
even throw off the system totally by causing it to lose or confuse targets. One particularly serious type of interference is when a sensor is blocked or occluded from
receiving the signal from the emitter. Noise and interference may not only come from
objects in the environment, but can also come from other targets. It is important to
design a system to be resistant to these error sources.
Flexibility This refers to all kinds of factors that affect a system’s ability to be easily
deployed and configured for various applications and its ability to be reconfigured
or upgraded over the course of its use. For example, applications may have variable
tracking resolution requirements for different subspaces of the working volume; a
system employing multiple sensors may desire to use sensors of different resolution,
speed and even category. These sensors also may not be synchonized. Moreover,
before tracking can be performed, a system needs to be configured with priors such
as sensor locations and other parameters, a process that is usually time-consuming
itself. Therefore, when a sensor needs to be added, replaced or removed, it would be
desirable to be able to incrementally reconfigure the system. One important aspect of
flexibility is scalability, a system’s ability to accommodate increase in various system
parameters such as the number and type of cameras, number of targets, range, etc.
To summarize, a good motion tracker for VR and entertainment applications should
provide high accuracy, good responsiveness, large range, and support for multiple targets
while being non-intrusive, robust and flexible. This thesis addresses design of motion tracking systems for these kinds of applications.

1.2 Sensor technologies
Motion trackers use four main categories of motion sensors: optical, magnetic, acoustic
and mechanical [52]. Currently the two major sensor types used in VR and entertainment
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applications are optical and magnetic.
Magnetic trackers have fixed emitters in the working volume, and have sensors mounted
on the target. These trackers estimate the position of the target by measuring the change in
the magnetic field as the target (sensor) is moving. Multiple targets are supported by the
time-division multiplexing of multiple emitter-sensor pairs. However, the magnetic field
is subject to distortions caused by ferrometallic objects and objects that generate electromagnetic fields such as transformers and computer screens. This distortion increases with
emitter power.
Optical trackers employ optical sensors to detect visual features from images of the
target. The sensors vary from photodiodes to ordinary video cameras, and the signals being detected vary from emitted lights controlled by the tracker to readily available ambient
lights. Usually markers such as small bright light emitters, reflective balls, or paint of a
particular color needs to be attached or applied to the targets to make them more distinguishable for the sensor. Optical trackers compute the 3D positions of the targets based on
the geometric relationship between the detected feature locations on the image (2D) and
the sensor positions (3D) known a priori.
Compared to magnetic sensors, optical sensors are more widely used for VR and entertainment tracking applications for the following reasons. They are (a) inherently more
accurate because they don’t suffer from ferromagnetic distortion; (b) much less intrusive,
because the markers attached to the target are usually much smaller and less cumbersome
than those for magnetic trackers; and (c) have bigger range because optical signal can
reach farther and emitter power can be increased without the increase of distortion. The
main disadvantages of systems based on optical sensors are that they are subject to occlusion and that they have difficulty distinguishing between multiple targets. However, they
are the preferred sensor technology because accuracy, non-intrusiveness and range are vital
to these applications. Moreover, good system design not only can leverage and extend the
advantages of the sensors, but also compensate for their limitations, thus satisfying more
advanced application requirements. The main goal of this thesis is to provide insights into
multiple facets of system design issues for camera-based trackers.
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1.3 Motivation for a network of cameras
1.3.1 Benefits
Though individual optical sensors have perhaps the best sensor accuracy and range properties, advanced applications with increased accuracy, range and robustness requirements
necessitate the use of many sensors, or a network of sensors (or cameras in the context
of this thesis). Figure 1.2 shows a conceptual illustration of a tracking system with many
cameras. A network of cameras has the following benefits.
Better coverage and resolution can only be achieved by employing many cameras. For
example, if one wants to track the motion of a soccer player in a stadium or to extract
the motion of people in a building with a complex floor plan, it is impossible to perform
such tasks with only one camera, since a camera has limited range and resolution. Since
a camera has a fixed number of pixels, one can either achieve larger coverage but lower
resolution by using a wide angle lens, or achieve higher resolution but smaller coverage
with a narrow angle lens, but not both. In addition, there is a distance-resolution tradeoff:
as the distance from a target to the camera increases, its size on the camera image plane
decreases, and as a result tracking resolution and accuracy decreases. Larger coverage for
a given resolution can only be achieved by combining the ranges of many cameras placed
and/or aimed at different locations. By “many”, we mean tens of cameras or even more.
Since the term “multi-camera” has been used in the computer vision literature mostly to
refer to 2-5 cameras, in this dissertation we use the term many-camera to refer to such
systems to emphasize the different design space from previously described multi-camera
systems.
System robustness can also be improved with the use of many cameras because of the
reduction of camera occlusion. Occlusion is the phenomenon where a feature is visually
blocked from a camera by objects called occluders. Occluders can be objects in the scene
or the target itself. When occlusion occurs and no camera sees a feature, it is impossible
to calculate its 3D postion. It is intuitive that the more cameras that are deployed in the
scene, the less occlusion there should be, since features occluded from one camera could
be seen by cameras located elsewhere. In addition, in a practical system other factors (such
as power failure) could cause a camera to stop functioning. More cameras provide more
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Priors
(camera poses,
focal lengths, ...)

Target motion parameters
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Video of targets
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Figure 1.2: Schematic of a many-camera tracking system. Tens of cameras observe moving
targets. The tracking system determines the 3D positions of the targets based on detection
of their 2D positions in the camera images and on some prior knowledge such as where all
the cameras are located. Cameras can be asynchronous and have heterogeneous parameters.
They are also subject to occlusion.
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redundancy. With a sufficient number of cameras, proper system design can ensure that the
failure of any one or more cameras will not result in the failure to track the target anywhere
in the working volume.
Another consideration for using a network of cameras is cost. Though one may argue
that future technology might enable us to build a “super-sensor” with exceptional range and
resolution, a system composed of many off-the-shelf commodity cameras is usually more
cost-effective than one with a smaller number of custom, high performance sensors.

1.3.2 Issues to be solved
As described from the previous section, a tracking system can improve some aspects of
its performance by employing a network of cameras. However, there are issues remaining
to be addressed. Moreover, the use of a network of many cameras also introduces other
challenges in system design. These are described below.
Though by employing many cameras one can extend the range and resolution of a
system, the tracking accuracy of a system is dependent on many other factors. For one
thing, as mentioned and seen in Figure 1.2, in order to compute target position, the system
needs to know the pose (i. e. position and orientation) and other optical parameters (such
as focal length) of all cameras as priors. The process of measuring and determining these
geometric and optical parameters is called calibration, which usually has to be done before
the actual tracking can be performed. The accuracy of target position directly depends on
the accuracy of camera calibration. For advanced applications with large and geometrically
complex working volumes, traditional calibration methods may not handle certain complex
camera layouts. There needs to be a calibration scheme that can handle a wide and complex
coverage area.
Target position accuracy also depends on the accurate measurement of 2D target location on the image plane of a camera. However, cameras inherently have a range-distanceresolution trade-off, and they are subject to occlusion. Poorer resolution means larger error
in the measurement of the feature’s 2D position on the image, and therefore less accurate
3D position. Occlusion of a feature prevents a camera from getting any information about
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this feature at all. Both phenomena may cause more error and uncertainty in the determination of the feature’s 3D position. From Figure 1.2 it is not hard to see that the severity
of these phenomena are affected by where cameras are located relative to the targets and
occluders, and by their other settings such as their fields of view. Therefore, in order to
achieve accurate and robust tracking, it is important to explore what configurations2 to set
for all of the cameras in order to achieve minimum 3D position error (or best accuracy) for
a given motion tracking task.
A third factor that affects the accuracy is how a system handles asynchronous measurements. By “asynchronous” we mean that cameras do not all take pictures at the same time.
Many published multi-camera tracking algorithms assume that all cameras take their measurements simultaneously, which requires physically wiring and sending a synchronization
signal to every camera. This is a non-trivial engineering nuance, especially when the number of cameras is large [80]. Asynchronous data from multiple cameras causes algorithms
that assume synchonized cameras to report erroneous motion information. Therefore, it is
desirable to have a tracking system architecture and associated algorithms that are able to
support a large number of asynchronous cameras.
Support for multiple targets remains an issue for camera-based tracking systems. As
mentioned in Section 1.1, this is needed by many motion tracking applications. However
there is an inherent trade-off between detecting a feature in a scene and identifying it. For
example, a simple feature such as a point is easier and faster to detect from an image than
other more complex types of features, but is harder to distinguish from other feature points.
Most current motion capture systems have a low level of support for multiple targets: the
systems just output a set of positions per frame, and leave the labeling to manual labor
later– a very tedious, time-consuming process. A system architecture that has a higher
level of support for multiple targets leads to a more efficient end-to-end motion recovery
pipeline.
Flexibility, and especially scalability, is an issue that arises and becomes increasingly
important when the number of cameras in a system becomes large. First, the calibration
2

The configuration of a camera refers both the location and orientation at which the camera is placed
as well as its optical parameter settings. For the sake of simplicity, we will use the imprecise term camera
“placement” to refer to the setting of both the geometric and optical parameters of a camera.
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of many cameras using traditional methods quickly becomes labor intensive and timeconsuming, which makes the deployment and configuration of a system difficult. In order
to deploy a many-camera system efficiently, there needs to be a camera calibration scheme
that can scale to support of a large number of cameras with minimum labor. Second, with
many cameras it is possible to allow variable placement density of cameras so that spatially varying tracking resolution can be achieved, which constitutes one aspect of system
flexibility. However, there needs to be a systematic and quatitative way to compute where
cameras should be laid out to achieve such variable coverage resolution. Third, in terms
of system architecture, it is important not only to allow asynchronous cameras, but also to
allow heterogeneous cameras. “Heterogeneous” means that the cameras may have different ranges, resolutions, and frame rates. As the number of cameras becomes large, this is
not an unreasonable assumption. The use of heterogeneous cameras not only makes the
the system more flexible, but also could effectively leverage the advantages of each kind.
Another aspect of system flexibility is its upgradability. With a large number of cameras, it
is extremely important to have a system architecture that supports the incremental addition,
deletion, and upgrade of a subset of the cameras.
Responsiveness is another performance measure that needs to be considered with the
increase of the number of cameras. More cameras means more raw data to process, and
more overhead for communication, thus potentially leading to either longer latency or an
increase in unprocessed (wasted) data. It is desirable that the a system is scalable in terms
of its processing power and maintains its responsiveness as the number of camera increases.
In this dissertation a scalable many-camera tracking architecture is proposed, together
with a novel camera calibration scheme and a formulation and study of the selection of
optimal camera configurations. This work addresses how to improve the level of accuracy,
flexibility and multi-target support for a many-camera tracking system through good system
design, specifically through improved camera calibration, camera placement, and system
architecture. Several applications are implemented to demonstrate the system’s overall
capability, and the various performance aspects described earlier. Though some care is
taken to assure that the system is responsive enough for the demonstrated applications, the
general issue of system responsiveness is not the focus of this thesis.
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1.4 Related work
In this section we review some previous work in multi-camera tracking, especially from the
perspective of the amount of support provided for a large number of asynchronous cameras
and for labeling of multiple features or targets. Previous work directly related to calibration
of a network of cameras or camera placement is discussed separately in Chapters 3 and 4,
respectively.
Computer vision-based human motion tracking systems can be divided into two general types: those that are developed by research institutions and those that are developed
and commercialized by industry. Systems developed by the two communities have very
different focuses.
The motion capture systems that are developed by computer vision researchers are usually focused on addressing issues relating to the modeling aspect of the problem. (A comprehensive survey from this perspective can be found in [53].) A usual assumption is that
no marker is attached on the person to be tracked; therefore, a lot of work is devoted to how
to segment useful features of the target from the background based on solely the natural
appearance of the target and how to represent the segmented entities. For example, the
extracted features can range from edges [39] and silhouettes [7, 71, 34], to “blobs” that are
regions of coherent color [19, 43, 38] or inter-frame flow[44]. One state of the art system
is the Pfinder system and its extension developed by Wren et al. [89, 90], in which the human body is tracked using statistical models to segment the image into blobs. Using these
natural and complex features not only reduces the intrusiveness of the system but also may
make it easier to distinguish among multiple features because they are described by more
parameters. However, since these features are more complex than points, the segmentation
and extraction steps take significant processing and usually do not provide the frame rate
that VR and entertainment applications require. Because these features are usually coarse
and imprecise, they are less suitable for applications that have a high accuracy requirement
on the position data, such as the tracking of a user’s eye position to render a image from that
point of view. Most of these systems consist of only 2-5 synchronized cameras with limited
range and do not address the camera synchronization issue. Neither do they address the use
of heterogenous cameras. In addition, since most of these systems have very few cameras,
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target occlusion is very likely to occur, but most of the work reports results for cases where
all of the feature points are seen. It is not reported how often target occlusion occurs, and
how the system would perform in this case of temporary lack of full information about the
target. We consider occlusion an important and unavoidable issue in camera-based tracking
and address it explicitly. We employ a large number of cameras and integrate their information separately (see Section 2.2.3.1), provide a way of predicting target motion in the
case of temporary feature point occlusion though the use a target dynamic model (see Section 2.2.3.2) and explicitly design the camera layout to reduce the likelihood of occlusion
(see Chapter 4).
One research system that employs many cameras is the Virtualized Reality system developed at Carnegie Mellon University [56, 48, 68, 80, 74]. In that system more than 30
cameras are mounted on a dome-like structure (and later, in a room), and are synchronized to record what is happening in the work volume. Target information such as shape,
motion, etc. are then estimated through post-analysis of the recorded data from the cameras. Though this system is not intended for our desired real-time motion tracking, the
experience that the researchers obtained and reported nonetheless provides useful insight
into the issues involved in building a system involving many cameras. One issue that they
specifically reported is how much effort was required to synchronize a large number of
cameras [49]. This is the basis for our belief that support of asynchronous cameras is one
important criterion for a scalable tracking architecture.
A tracking system that does address asynchronous input is the head tracker developed
at the University of North Carolina (UNC)[87, 86, 88, 4, 3, 31]. In this system the sensors (photodiodes) are mounted on the person and observe outward infrared light-emitting
diodes (or beacons) mounted on the ceiling. At any time only one beacon is seen, and therefore only partial information about the target position is received. Welch [88] proposed
a specific way of using the Kalman filter called single-constraint-at-a-time (SCAAT) to
combine these partial observations that are obtained sequentially and asynchronously. The
researchers also mentioned that this formulation would also allow the use of heterogenous
sensors. In our system, we use many cameras that look inward at the target(s), so the sensor types, properties and models are quite different from theirs. Similar to SCAAT, we also
employ a Kalman filter in a way that enables partial measurements to be integrated at a
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given time to deduce the global state (motion) information. This enables proper integration
of measurements from asynchronous and heterogenous cameras. However, unlike SCAAT,
which purposely takes a single measurement at time to generate a state estimate even if the
measurements were taken synchronously, M-Track groups multiple measurements that are
indeed taken simultaneously together (but are still subsets of all possible measurements)
and estimate global motion from these multiple measurements. In addition, the tracking
system reported in [88] has time-division-multiplexed usage of beacons, e. g. at any one
time there is only one beacon on, so it is not clear if and how multiple target points can be
supported.
Commercial motion capture systems [17, 77] have a different focus from research systems. Because they need to be deployed and used in a variety of environments, these systems are focused on being real-time, robust, and accurate. They require the attachment of
active or passive markers on the target so that they can segment these point features easily
and quickly, with a small increase in the system’s intrusiveness. They usually employ many
(10s or 20s of) cameras to obtain a large working volume and to reduce occlusion. However, cameras are still required to be synchronized, and not much effort has been reported
in addressing asynchronous and heterogenous cameras. Moreover, these systems provide
very limited support of tracking of multiple points. Point features are simple and it is difficult to distinguish one from another. Most systems usually just output a set of 3D positions
per frame and leave the correlation and labeling of these points to post (manual) processing.
Many man-hours are needed to manually correlate the 3D positions of one frame to those
in a subsequent frame. This becomes even more challenging and time-consuming when
some points disappear and reappear from one frame to the next due to occlusion.
Due to the large number of cameras that our system needs to support and the potentially
large amount of data to be processed in real-time, we have decided to adopt the commercial
systems’ basic approach to use simple point features in our system, the M-Track. This
allows fast and robust 2D feature extraction. The M-Track has also been architected so
that it can accommodate a large number of asynchronous cameras, and provide support
of the automatic tracking and labeling of multiple points, resulting in greater flexibility
and scalability than current state-of-the-art commercial motion capture systems. We have
also developed a scalable algorithm to efficiently calibrate such systems, and a quantitative
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model to help optimize multi-camera placement configurations. The M-Track architecture
is described in Chapter 2, and the calibration and placement of many cameras are described
in Chapters 3 and 4, respectively.

1.5 Contributions of this dissertation
The contributions of this dissertation include the following:



the formulation and experimental verification of a many-camera calibration scheme
that enables the calibration of a wide area system of asynchronous cameras with
respect to a single global coordinate system. It is simple and does not require the
physical construction of a large calibration object. This method is especially useful
for the calibration of a many-camera system in which not all cameras see a common
area, a configuration where traditional methods cannot be applied directly. Moreover,
the method also allows incremental calibration as cameras are being added to the



system.
the formulation and experimental verification of a quality metric for comparing various camera configurations, as a first and necessary step toward optimal camera layout. The metric takes into account the 3D position error caused by both occlusion
and limited image resolution. As part of the formulation of the metric, a novel probabilistic model is proposed that estimates the dynamic self-occlusion of targets and



its validity is verified through experimental data.
the determination of design trade-offs between resolution and occlusion based on



simulation of various many-camera configurations using the above quality metric.
the design of a system architecture for real-time motion tracking that is scalable to
the number of cameras. Its one-processor-per-camera structure allows parallel processing of high-bandwidth input image data. The use of an central estimator based on
Extended Kalman Filtering (EKF) not only allows asynchronous input from multiple
cameras, but also enables smooth, incremental integration of information from local
camera-processor pairs. This results in easier deployment than for systems requiring
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synchronization among all cameras, and enables the employment of heterogeneous
sensors, including cameras with different resolutions and frame rates. In addition,
the temporal correlation that EKF provides allows the continuous automatic labeling
of multiple features in subsequent frames once they are labeled in the first frame.



the development of several motion tracking applications utilizing a 2D tracking system or a 3D wide-area tracking system based on the above architecture.

1.6 Organization of this dissertation
The remainder of this dissertation is organized as follows: Chapter 2 describes the hardware
and software architecture of the many-camera tracking system and the applications built
based upon this architecture. Chapter 3 presents the scalable camera calibration scheme that
works well with wide-area many-camera systems. Chapter 4 describes the quality metric
for camera placement and shows simulation results that illustrate the impact of occlusion
and limited resolution on optimal camera placement. Chapter 5 discusses some interesting
future research directions in many-camera tracking.

Chapter 2
M-Track: A Scalable, Asynchronous
Architecture
2.1 Introduction
As described in Chapter 1, a goal of this dissertation is the design of a tracking system
architecture that meets the various requirements posed by VR and entertainment applications. In this chapter we describe M-Track, a scalable, asynchronous architecture that we
have developed to meet these requirements. Compared to previous work, it can track with
a much larger number of cameras, and the cameras need not be synchronized. It can also
track multiple feature positions in real-time and allows the continuous automatic labeling
of these features in subsequent frames once they are labeled in the first frame, which many
current motion capture systems do not support. We have implemented three end-to-end
VR and motion capture applications where the tracker is integrated with other modules
that utilize its output motion data. We demonstrate the validity and usefulness of this architecture by showing that the performance of the enabled applications meets application
requirements.
The rest of the chapter is organized as follows. Section 2.2 describes in detail the MTrack architecture, and how it supports asynchronous and heterogenous cameras as well
as multiple targets. Section 2.3 describes three applications that use M-Track. Section 2.4
provides a summary of this chapter.
16
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Figure 2.1: Overview diagram of the M-TRACK architecture.

2.2 M-Track architecture
2.2.1 General overview
A high level overview diagram of the M-Track architecture is shown in Figure 2.1.
A large number of cameras are distributed across a wide working volume to observe a
target with point features. The video stream from each camera is digitized and processed
by a dedicated CPU. Each processor has a computer vision based “feature tracker” running
on it that is in charge of detecting and locating the target feature points in the image. This
process, the client, is 2D and happens in the image-space for each camera. The client needs
to be able to do the following:
1. It should be able to distinguish target features from the background in a robust and
flexible manner. In our implementation, bright LEDs are attached to the targets
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and thresholding is used to distinguish them from the background. Because lighting changes in the operating environment could change the average brightness of
the background and other bright objects may exist in the scene, a combined absolute/relative thresholding scheme is used to improve the robustness of the feature
detection process.
2. It should be able to perform real-time tracking. To enable this, subsampling is used
to reduce the latency of the 2D processing in the case of a slow processor.
The results of the 2D image analysis from various clients are sent asynchronously to
a central processor called the server. The central server runs an estimator that integrates
the 2D information from various different cameras and estimates the 3D state of the target,
such as its position and orientation. This target state information is then sent to some enduser application, such as a visualization program, that will update its displayed contents
according to the target’s position or pose. Besides the basic 2D to 3D inference, this central
state-space estimator also needs to be able to do the following:
1. It should have some filtering capability to smooth the input data, which inevitably
contains thermal noise from the camera and quantization noise from the 2D processing stage.
2. It should be able to handle asynchronous input. Since the 2D information from various cameras arrives at different times, each representing a possibly partial observation of the target state, it should be able to update state information in a sequential
fashion.
3. It should be able to support input from heterogenous clients.
4. It should be able to track multiple independent targets.
5. It should introduce as little latency as possible because our goal is to do real-time
tracking.
Based on the above criteria, we have chosen to use an Extended Kalman Filter (EKF),
a well-known tool for parameter estimation from noisy data, as our estimator. This filter
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operates in a prediction-update cycle. It can take 2D measurements from one camera at a
time, thereby enabling asynchronous and heterogeneous camera support, and incrementally
estimate the target position and orientation. It can smooth noisy data, and the incremental
update process is time-efficient. Most important, the temporal correlation between feature
points of different frames enables the support of asynchronous cameras and the tracking
and labeling of multiple independent points.
The network interconnecting the clients and the server must take the following issues
into account as well:
1. Since the multiple independently running clients and the server need to communicate
with each other via a regular packet-switched network, a common communication
protocol needs to be designed to enable exchange of data and control information.
The protocol also needs to support convenient manual configuration of the system.
2. Though Kalman filtering does not require that all clients perform their measurements
synchronously, it does require that all clients have a universal notion of time. The
technique used for providing this universal notion of time must be sufficiently robust
to prevent time drift between any client and the server.
3. The variable delay through the network also causes out-of-order packets arriving at
the server. An approach must be used to prevent use of out-of-order packets, keeping
in mind that the real-time tracking requirement on the server places a premium on
low latency.
In the following sections we describe in detail the various modules of the M-Track: the
2D feature tracking in image-space at distributed clients, the state-space estimator, and the
networking module.

2.2.2 Distributed image-space processing
The input end of M-Track consists of a number of clients, each being a camera-processor
pair. Each camera observes a fraction of the working space, but all cameras combined
observe the whole space. Video streams from each camera are sent to the processor and
a computer vision algorithm is run to locate the interesting point features. The locations
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Figure 2.2: A video frame from a camera with the detected LEDs marked with yellow
crosses. The background appears to be very dark compared to the LEDs because we have
put a red filter in front of each camera lens so that much of the light outside the passband
of the LED is attenuated. The use of only an absolute threshold is not flexible, and the use
of only a relative threshold can result in a very low threshold setting that is not robust to
noise.
of the point features in the image, as well as other information about the point feature that
could be useful for later stages, such as size, color, etc. are then sent to the server.
In our implementation, a large number of NTSC cameras are mounted to cover the
working area. Video streams from the cameras are digitized up to 60Hz either by an SGI
Indy or a Matrox Meteor II digitizing board on a PC. Bright red or white LEDs are attached
to various parts of the target as the “markers” to be detected by the client software. Since
the LEDs usually appear much brighter than the background objects, the basic algorithm
to locate the feature points is very simple. We can just use thresholding and classify any
pixel that is brighter than a threshold 

as “bright”. As images of LEDs typically occupy

more than one pixel on the camera CCD, we additionally aggregate regions of neighboring
“bright” pixels into a single observed measurement. We then take the mean location of
participating pixels as the observed location. If needed, the size of the aggregated area
can also be calculated. Figure 2.2 shows the video of one camera with the detected LED
locations overlaid.
In practice, two issues need particular attention when the above basic algorithm is put
into use: threshold determination and latency reduction.
As previously mentioned, a pixel is classified as a potential marker if its pixel value is
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larger than a threshold. But what should the threshold value be? The choice of an absolute value in advance does not work well because the average brightness of the background
varies depending on the lighting condition of the tracking environment. For example, a
low threshold might not work when one turns on all the lights in the room. Background
brightness also varies spatially. For example, a monitor in the environment can appear as
bright as the LED in the image. One could also use a relative threshold scheme, where
a background image is taken at the beginning of the tracking program when no LED
is in the scene. The background image becomes the basis for a per-pixel thresholding
scheme. In other words, pixels are classified if they are brighter than their corresponding background image pixels by  . But in the case where the background is very dark,

the could result in a very small threshold. The danger of having a very low threshold is
that this causes spurious marker detection due to slight lighting change or noise in the



background. Given all these considerations, we use a combined relative/absolute threshold
scheme. More specifically, let the background image be denoted as
are the 2D image coordinates. At tracking time, a pixel

pixel if 

 "!#$%&



   , where

and

is classified as an LED

where we call  the relative threshold and '% the

absolute threshold. What this formula says is that an LED pixel must be brighter than the

background by  , and be at least as bright as % . Figure 2.3 shows a scanline of a back-

ground image and, given the relative and absolute thresholds, the final per-pixel threshold
function.
The use of background-based thresholds works well in most situations, as long as the
brightness of the background does not vary greatly with time. However, this scheme doesn’t
work when there are computer monitors in the background. This is because the content
on the monitor is time-varying. Areas of the monitor that are dark at the time when the
background pictures are taken can later become very bright and cause erroneous pixel classification. In order to get around this problem, we have an interactive tool to allow the
user to specify “blind” regions on the image plane of a client, and any pixel in those regions is considered useless and is simply discarded. Consequently, neither a monitor nor
an LED would get detected as a marker if its image falls onto those regions. But our hope
is that, since there are multiple cameras distributed through the scene, that LED will fall on
non-blind regions of other cameras and get detected.
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Figure 2.3: Setting the per-pixel threshold. The x-axis is the image x-axis, and the y-axis
is the pixel intensity (between 0-255) of the red channel (because we used a red filter to
increase the LED/background contrast, as seen in Figure 2.2). The red line is a scanline
taken at system start-up time with no LED in the scene,and is therefore assumed to be the
“background”. The green line shows the per-pixel threshold, given a relative threshold of
20 and an absolute threshold of 25. It is the greater of the background intensity plus the
relative threshold, and the absolute threshold. The blue line is a scanline at a given run time
with a bright LED in the scene. The threshold should be set so that the it is always lower
than the blue peak formed by the LED and higher than the noises in the scene.
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Latency is another issue. Because there are 640 by 240 pixels to process in every
NTSC video field, and they come to the client CPU at 60Hz, a slower CPU in the Indy
workstations available to us cannot keep up. Even though a more state-of-the-art CPU can
process such data at least at 30 Hz, the same problem would arise if a higher resolution
camera is used. In these cases image subsampling is needed to reduce the total data that
must be processed. The subsampling-based mechanism that we use is a multi-resolution
approach. We search every

(

pixels to see if there is any bright pixel. Once we find any,

we search the neighboring region of this bright pixel using a finer grid to find any additional
bright pixels. The assumption is that the image of an LED is large enough that it falls on the
rough search grid. Obviously, if the initial coarse grid is chosen to be too large, we could
miss finding the LED. Since even when (

is set to 2 we cut down the computation by 75%,

and the LED sizes in the images are at least 4 pixels, we can reduce the latency a great deal
and not suffer from losing track of the LED. An enhancement to this mechanism is to use
prediction from the previous frames to guide our search for the LED in the current frame.
For LEDs found in the previous frame, their respective velocities can be approximated by
simply differentiating the positions in the last two frames 1 . This information is then used to
predict the location of the LED in the current frame. The prediction locations are then used
as the seed of our search in the new frame. Only the neighboring regions of these predicted
locations are searched initially, and only when these searches yield no LEDs do we fall
back to a full frame (grid-based multi-resolution) search. Our experiments have found that
one can use less subsampling with this enhancement when LEDs don’t move fast in the
image, and thus don’t go in and out of the field of view of a camera that frequently. This
means that it works better with wide angle cameras.
Figure 2.4 shows one image seen by a camera with the detected LED location overlaid.
The predicted location and the surrounding search region is also shown.
1

The velocity estimated by this simple differentiation by a single camera is not very accurate due to all
kinds of noise in the measuring process. A more accurate and smooth velocity estimate based on data from
multiple cameras can be provided by the server, and will be discussed in Section 2.2.4.1.
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Figure 2.4: An NTSC video field from a camera with two detected LEDs and their prediction regions shown in blue. In the next frame, the client will search in the prediction region
first for bright LEDs rather than searching the whole frame exhaustively.

2.2.3 Central state-space estimator
In this section we describe the central estimator and how it estimates target 3D motion from
2D information provided by the many feature trackers. We will focus on how, by employing
an EKF properly, it can enable the use of many asynchronous and heterogeneous cameras,
and how it supports the tracking and labeling of multiple points.
2.2.3.1 Tracking using asynchronous cameras
In this section we describe how the central estimator tracks motion using many asynchronous cameras. It is able to utilize inputs from many such cameras by employing the
Kalman filter in a non-conventional manner. As a by-product, cameras with heterogenous
parameters are supported at same time. This section contains a brief introduction to Kalman
filtering, then focuses on our specific way of applying it to support asynchronous and heterogeneous cameras. A more extensive introduction to Kalman filtering and the specific
models and parameters used in our system can be found in Appendix A.
The Kalman filter is a set of mathematical equations that enables the recursive estimation of the state of a process, given a sequence of discrete, noisy measurements of the
process from one or more devices. The filter requires the prior knowledge of two models:
a process dynamic model that allows one to predict the state at a time instant from the state
at another time instant, and a measurement model which allows one to predict what the
measurements on the devices should be given the process state. The filter operates in a
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predict-update cycle. At a given time instant when a measurement (which is a vector of
multiple scalars) comes in, and given the state at the time instant of a previous measurement, the filter predicts both the process state and the measurement corresponding to the
predicted state. It then compares the predicted measurement with the actual measurement
reported by the devices, The discrepancy between the actual and the predicted measurements is used to generate a correction for the filter’s current estimate of the process state.
Conceptually, the final updated state is a state that should map to a measurement that is a
weighted average of the predicted measurement and the actual measurement. The weights
are inversely proportional to the noise levels in the process model and the measurement
model. The noise levels of the process and measurement models are described by a matrix

)

and a matrix * , respectively, and are also assumed to be known a priori.

The above is the general formulation of Kalman filtering. Of course, the appropriate
dynamic and measurement models must be defined for the Kalman filter to be used for
a specific application. Indeed, it is through the definition of the measurement model and
the manner in which it is used in the filtering operation that M-Track is able to support
asynchronous and heterogeneous cameras, and distinguishes itself from other Kalman filter
based tracking systems.
For clarity of discussion, let us just consider the case where the target is just a single
rigid object with

+

LED feature points. In this case, the process model is very straight-

forward: the process state is simply the position, orientation, and their derivatives, and the
common constant-velocity model is used to predict the next state (see Section A.3 for the
details). For the measurement model, we first need to define what should be included in the
measurement vector. In the standard definition of Kalman filtering, the measurement vector should include the complete set of measurements from all devices for all feature points.
Since each camera will report the 2D locations in its image plane for all of the LEDs, i. e.

,.-0/  2- 1  2- 1 43$343' 6- 5  7- 5  , the measurement vector would be the ,.- ’s of all cameras
concatenated together, i. e. ,8/  ,91 ,;: 434343< ,.=  where ( is the number of cameras. This
means that the system would need to obtain data from all cameras before a new estimate of
the target 3D position can be computed.
In a system with multiple synchronous cameras, the above definition of the measurement vector is appropriate, since measurements of the point from all of the cameras are
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Figure 2.5: Timing diagrams of state estimates from three asynchronous cameras either
by treating each set of measurements as simultaneous, or preserving the time information
associated with each distinct measurement. latter approach results in higher state estimation
rates and more accurate estimates.
made and available at the same time. Intuitively, the use of multiple camera measurements
to compute a single position estimate also makes sense because any individual measurement offers only partial information. For example, at least two cameras are needed to determine the 3D position of a point, and more than two cameras produces an overdetermined
system and provides further noise reduction. However, in a system with asynchronous cameras, the measurement from each individual camera comes sequentially. In this case, there
are a couple of problems associated with the use of the measurement vector described
above. One is that, since the system has to wait until measurements from all cameras are
available before it does an state estimate (as shown in Figure 2.5), this results in a relatively
low estimation rate and therefore potentially degraded estimation when the target has high
dynamics. Another problem is that, since grouping measurements from different cameras
into one measurement vector implies that they are made at the same time instant, estimation
error arises when sequential measurements of a moving target are mathematically treated
as if they are simultaneous.
Given the above concerns and inspired by the “single-constraint-at-a-time” (SCAAT)
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principle proposed by Welch [88], the estimator in M-Track uses the Kalman filter in a
“one-camera-at-a-time” manner. Similar to SCAAT, there is no explicit notion of the “complete” measurement vector; instead, the measurement vector at any one time is a “partial”
vector that includes a small subset of the complete possible measurement set, and this subset is different at different time instants. In contrast to SCAAT, instead of purposely using
one single device and source pair (i. e. one LED position for one camera) at a time to compute a state update, M-Track groups all 2D LED positions for the same camera to compute
a state update. Figure 2.5 shows that this approach results in an increased state estimate
rate over that attainable by grouping the measurements from all cameras. More important, measurements that are made asynchronously are indeed treated mathematically in the
Kalman filter as separate non-simultaneous measurements, resulting in more accurate state
estimation.
In order to do “one-camera-at-a-time” processing, the standard Kalman filtering cycle
needs to be modified slightly to accommodate the partial measurement vector that comes in
sequentially. Figure 2.6 illustrates the modified Kalman filtering cycle in M-Track. When
the 2D locations are reported from a camera ? , along with a timestamp, to the Kalman filter,

the filter goes through the following steps (given the previous updated state and time of that
update):
1. Compute the interval @BA between the current time and the time of the previous state
update.
2. Predict the current state from the previous state, using the process model
which is usually a function of @BA .

CDE@BAF

3. Predict the measurement of camera ? which corresponds to the predicted state using

the measurement model for camera ? . Note that since the measurement model maps

3D target positions onto 2D image locations of a specific camera ? , it is dependent
on camera parameters such as its location, orientation, focal length, etc. Therefore,
a different measurement model needs to be used for each camera, and is denoted as

G"H    .

The measurement noise matrix is also dependent or parameterized based on

the camera and is thus denoted as *

H.
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4. Compute the discrepancy between the predicted and actual measurements, and update the state estimate based on the discrepancy. The updated state and current measurement time are recorded and are priors for the next filter cycle.
As can be seen from Figure 2.6 and the above description, the main difference between
the Kalman filter in M-Track and a standard Kalman filter is that the measurement model
and prediction equations are different in every cycle, and at each cycle, only partial observation of the process is incorporated into the filter. However, over time the filter fuses the
individual incomplete observations to provide a globally observable system. The Kalman
filter inherently provides the means for this fusion because the knowledge of the process
dynamics and the prior state allows the estimation of the state even in the case of an incomplete observation, since that observation is used to merely “correct” the prediction from
the process model. Through the use of a camera-dependent measurement model

GJI

and

I
measurement noise * , we can accommodate not only cameras that take measurements
asynchronously, but also cameras with heterogeneous parameters such as rate and resolution.
Besides providing faster state estimation rate and better accuracy, M-Track’s ability to
appropriately accommodate asynchronous and heterogeneous cameras also implies better
flexibility for the overall system, because cameras are now treated individually. The occlusion, malfunction, or failure of one or a few of the cameras would therefore not cause failure
of the whole system. Individual cameras can be activated, removed, or upgraded without
disturbing system operation. No requirement on camera synchronization also makes the
deployment of new systems or upgrade of existing systems much easier. Moreover, this
formulation facilitates the incremental calibration of the cameras in the system (see details in Chapter 3), which makes the addition of new cameras or reconfiguration of existing
cameras a much less labor-intensive process.
2.2.3.2 Support for tracking multiple independent points
In the previous subsection the target being tracked is modeled as a single rigid object.
That implies that, even though there are multiple feature points on the target, the relative
positions of these features stay fixed with respect to the local target coordinate frame. But

......
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Figure 2.6: The one-camera-at-a-time Kalman filter loop running on the server.
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this rigid model does not work for the cases in which the feature points move relative to
each other. For example they could be totally independent LEDs held by different people;
or when multiple LEDs are mounted on various parts of a human body, they move relative
to each other. In these cases, a single position and orientation vector is not sufficient to
describe the motion. In order to be able to track in these cases, we have chosen to model
the target simply as multiple independent points moving in 3D, each point having a position
and velocity vector associated with it. While points are not really moving independently in
the full body tracking example, and the motion is modeled as that of an articulated figure
as in much of the literature [12, 37, 69, 54, 26, 51, 25, 58, 72, 10, 24, 45], we still use the
multiple-point model because the algorithm to track is simpler and faster, and adequate for
real-time tracking. The focus of this thesis is to address the system-related issues associated
with scaling a real-time tracking system to many cameras. We consider the employment of
more complicated targets as an orthogonal issue and future work.
Now we describe how the central estimator is adapted to track the motion of multiple
independent points. First note that, if we know a priori how many points there are, and
assuming they don’t disappear, tracking them is very straightforward. Each single point has
a state vector (with position and velocity only)

is the concatenation of all +

KML / 2N'LOMPN'LQ , and the full state vector

points. We can basically use the filter algorithm described in

Appendix A.3 for tracking a rigid object, except that there is no need to maintain orientation
information.
However, in some applications the points can appear and disappear from the scene, and
tracking in these situations is more challenging (see Section 2.3.2). At every filter cycle, we
need a way to detect whether new points have appeared and/or old points have disappeared.
We handle this in the data association step in the filter cycle.
As described in Appendix A.3, at the data association step we match a set of observed
2D dots with a set of predicted points. (In the next few paragraphs we use “dots” to imply they are actual observations and “points” to imply their are predicted from the internal
model of the filter.) The multi-point case is different from the rigid body case in that we
may not always find a match for all dots or points. A newly appeared dot will not have
a corresponding point because the filter is not aware of it; and a predicted point may not
have a corresponding dot because either that LED has been occluded temporarily or it has
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completely disappeared from the scene. In order to detect these cases, we introduce the
notion of verify region of a predicted point. More specifically, no prediction is perfect
and thus every point has some error margin associated with it. The 2D region where that
predicted point is considered “valid” is called the verify region of that point. If a dot is
inside the verify region of a point it is considered “valid” and is a potential match for that
point. This region is usually modeled as an ellipse that has a size dependent on the error co-

variance matrix R

and measurement Jacobian S

(see [5] for its mathematical expression).

Intuitively we can think of it as the 2D projection onto the camera image plane of the 3D
error ellipsoid of the feature point position in space. If there are multiple “valid” dots for
a point, the dot that is closest in distance to the point is chosen to be the match. We repeat
this process for every point and at the end are left with a bunch of unmatched dots and/or
unmatched points.
An unmatched dot is a potential new point to track and the filter passes it back to the
calling application. If the application confirms that it is actually a new point and initializes
its position and velocity, the filter expands its internal state vector

2NT<UN 

K

to include the new

elements. In this way, a new point is added to the model of the Kalman filter.

An unmatched point can potentially be deleted. However, it could be due to temporary
occlusion rather than disappearance from the scene. The filter simply passes it back to
the application, and it is the application’s responsibility to distinguish between the two
cases. Usually the application sets a time-out threshold and a point that has not been seen
(i.e. matched) for a period longer than the time-out threshold is considered gone, and its
corresponding position and velocity elements are deleted from the Kalman state vector.
Note also that, as a free by-product, points that have disappeared for less than the timeout threshold will be kept in the filter and their states will continue to be predicted by the
dynamic model. What this means is that if a point is occluded temporarily, it will get
updated when it is seen again, and no re-initialization is needed. This makes the system
more robust.
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2.2.4 Networking module
In this section we describe the communication between the 2D image processing program
(which we call the “client”) and the central estimator (the “server”).
2.2.4.1 Communication protocol
The network topology between the clients and the server is logically a “star”. Each of
multiple clients processes a video stream from a camera and communicates with one central
server. Information is passed between the client and server via TCP/IP packets over the
Ethernet. Each client/camera has a unique name; when a new client makes a connection to
the server, it needs to tell the server its name. The server maintains a list of current clients
to which it is connected. When the server is running, new clients can join and old clients
can disconnect, without restarting the server.
In normal tracking situations, the signal flow is one way from the client to the server.
Packets sent from a client to the server contain 2D feature information such as the number
of observed features, their locations, sizes, and the time when they are seen. (In the case of
heterogeneous cameras, parameters of individual cameras also need to be sent from client
to the server at system startup.) Although this is sufficient to enable the tracking functionality of the whole system, this simple protocol has limitations with respect to making
the system sufficiently robust and practical, especially with many clients/cameras physically spread over a wide area. For example, sometimes the threshold for the 2D feature
detection process needs to be individually adjusted for different cameras. It would be very
time consuming to log onto various machines and do that one by one. More important,
the client could also benefit from information only available at the server, such as the 3D
velocity of the target, which could be used to direct a 2D feature search, such as for 2D
position prediction as proposed in Section 2.2.2. Based on these considerations, we make
the communication two-way and allow the server to send information back to the clients.
In the current M-Track implementation, the server can send commands such as “restart”,
“increase/decrease threshold”, “send me raw video rather than 2D features”, etc. Consequently, the information that a client sends to the server can vary depending on the client’s
state and what the server requests. Figure 2.7 lists some of the commands or requests that
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Figure 2.7: A snapshot of the “client command” menu of the server, which lists the commands that a server can send to a client.
a server can issue to a client. For a more specific example, see Figure 2.8. Note that part of
this picture may look much like Figure 2.3, but the important thing to keep in mind is that
this threshold information, which belongs to a client, is now available and adjustable on the
server side. Also, as mentioned in Section 2.2.2, the 3D velocity estimates provided by the
Kalman filter on the server could be sent to the client for predicting the 2D LED locations
and reducing the latency in 2D feature detection.
2.2.4.2 Timing issues
As described in Section 2.2.1, we have made the conscious choice of not synchronizing all
of the cameras. As a result, observations from different cameras are not necessarily made
at the same time, but the dynamic model in the Kalman filter keeps them correlated in time.
However, the use of the Kalman filter does require that all samples have a universal notion
of time, e. g. the client and server programs need to have the same clock. This enables
measurement samples to be accurately time-stamped. In addition, because communication
between the clients and the server is TCP/IP based and on the local area network, packets
from different clients might arrive at the server out of order. In this section we describe
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Figure 2.8: A snapshot of the server’s visualization module, which updates and visualizes,
in real-time, all kinds of information that the server has. In normal operating mode, each
small subwindow of the top part of the window corresponds to a camera, with camera
names shown as “Kate.fin”, etc. Each subwindow shows its detected feature locations on
the image by the small colored dots. The gray area is the non-active area of the screen, and
the big square in the bottom half just shows the zoomed-in view of a particular camera.
But the server can also request the client to send other kind of data as well. In this case,
the threshold information on the client side represented by a scanline. The red line is the
captured background; the green is the per-pixel threshold based given the background and
thresholding algorithm; and the blue is the current video scanline. Note that the blue peak
corresponds to the bright feature point that corresponds to the cyan dot shown in the subwindow named “Kate.fin”.
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how we handle these two issues.
Keeping time universal on all computers Most of our clients run under UNIX and some
of them run under WINDOWS. On both of these systems, some publicly available program
implementing the Network Time Protocol (NTP) [67] can be run, ideally to adjust the clock
on the computer with respect to some standard time server. However, our experiments and
measurements show that even though the clock of most clients can be kept within 10ms
of the others, some client clocks still drift much faster or slower than the rest of the client
clocks. Since in the Kalman filter we only process the most recent packets and drop the
“out-of-date” packets, a very slow client clock will cause the data from that client to never
to be used, and a very fast clock will advance the notion of time in the filter too fast and
cause data from other normal clients to seem old and get dropped. In both cases, data from
certain cameras will never get used, an undesirable phenomenon that we call starvation. To
correct the clock drift, we have a separate time daemon running on the server. At run time,
each client periodically “asks” the server time daemon what time the server thinks it is, and
based on that, estimates its time drift with respect to the server. This value of the drift is
then added to subsequent timestamps on all of the observations that this client reports. We
have verified in practice that this approach has resulted in higher utilization of client data
and has prevented camera starvation. As an example, Figure 2.9 shows the time offsets of
packets from various clients from the current server time, with or without the correction of
clock drifts. It can be seen that the variance of time stamps are much reduced with the drift
correction and there is no client starved due to a constant clock drift.
Handling of out-of-order packets Even if the clocks on all of the client computers are
perfectly synchronized, packets from different clients can still arrive at the server out of
order. This could be due to uneven network traffic delays, or could be due to a certain client
computer being loaded and thus having slow processing. A client that is consistently slower
(even slightly) than another can still starve, due to the fact that the server only processes
the most “current” packet, where the notion of “current” is defined by the most recent
timestamp of a client packet received by the server. There are several ways of handling
these out-of-order packets. One simple solution is to have a reorder buffer. As illustrated
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(a)

(b)
Figure 2.9: Effect of drift correction. The y-axis denotes the relative offset of a packet’s
timestamp given by the client from the current server time (a) without drift correction and
(b) with drift correction. The x-axis denotes the time since the start of our experiment. Because the server always uses the most “recent” packet at any time instant, only the packets
that are at the bottom of each graph are used by the server to estimate target motion. In (a)
it can be seen that clients have consistant time drift from each other, and since one client’s
clock is always much ahead of the others, packets from that client would always get used
and other clients would be starved. And in (b), after employing drift correction, no camera
is consistantly ahead or behind others, and data from all cameras have a chance to get used.
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Figure 2.10: A reorder buffer can be utilized by the server to sort the packets by their
timestamps from the clients in order to prevent camera starvation.
in Figure 2.10, the server reads the last packet from each of the client queues, sorts them

by time, and feeds all V to the Kalman filter. This approach prevents the camera starvation
problem and increases data utilization, but introduces additional latency. Since the packets
are fed to the filter in a “batched” way, it takes the filter longer to process the whole batch.
When the filter gets to the end of the batch, a significant amount of time has already passed
and the data at the end of the batch is already “old”, resulting in more inaccurate state
estimates. In this situation there is usually already a new sample in the queue for that
camera, and we would like to use the most up-to-date sample if possible. Thus, another
alternative is, instead of reading and processing data from all available client queues every
time, to randomly pick a camera and only read and process data from that camera, unless
there is no data from that camera (because the target is not in its field of view) and we pick
another one. On average we will use data from all cameras. Because only data from one
camera is fed to the filter, it takes the filter significantly less time to process. The filter is
therefore more likely to be able to keep up with the processing load. This approach has
been verified in practice to sufficiently improve data utilization, avoid camera starvation,
and result in less latency.
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2.3 Applications
2.3.1 3D head tracking for the Interactive Mural
In this application we use M-Track to track the head position of a user to drive the rendering
of a 3D graphics display system. The Stanford Interactive Mural is a large format display
that is driven by a high performance graphics engine [33, 32]. It can display both 2D and
3D content in high resolution. In order for the user to have a more realistic and immersive
feel of the 3D content, it is preferable to render the 3D model from the point of view of
the user. To enable tracking of where the user is in 3D, the user needs to wear a hat with
some LEDs attached, as in Figure 2.11. Ten cameras are mounted on the ceiling to cover
the space in front of the Mural, as shown in Figure 2.12. The cameras are placed and set so
that the area close to the Mural screen is covered with higher resolution than the area that
is farther away from the screen. The reason for this is that a change in the user’s position
would require a much larger change on the display if the user is closer to the screen than if
he/she is farther away. For example, the displayed contents are more sensitive to the user’s
position change in the near region. Therefore, the cameras are arranged to take this uneven
sensitivity into account.
We model the user’s head as a single rigid object with

W

feature points, and use the

Kalman filter described in Section A.3 to track its position and orientation as user moves
in front of the Mural. This information is then sent to a 3D rendering program that will
render the 3D scene from the point of view of the reported viewer position, as shown in
Figure 2.13. Each camera is sampling the scene at up to 60Hz and the latency between the
digitization of the video to the output of the user’s position is about 30ms. This application
demonstrates the potential for such a real-time tracking system as an input technology for
virtual reality.

2.3.2 LumiPoint
LumiPoint is another M-Track based input system for the Interactive Mural. The high resolution of the Mural display (3796 pixels by 1436 pixels) enables the detailed display and
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Figure 2.11: A video frame from a camera showing a person wearing a hat mounted with
bright red LEDs.

(a)
(b)
Figure 2.12: Camera setup for head tracking for the Interactive Mural. (a) A picture of
the physical setup on the ceiling in front of the Mural; (b) A plan view visualization of
locations and orientations of the cameras.
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Figure 2.13: A user’s head position is being tracked to drive the display of a “virtual museum” application on the Interactive Mural.

(a)

(b)

Figure 2.14: Colleagues collaborate on, and interact with, a wall size visualization system.
In the right image, multiple users use a laser pointer as a pointing/writing device to jointly
solve a jizzaw puzzle through the LumiPoint system, which can track multiple independent
traces of the laser pointers
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Figure 2.15: Laser pointers are used as input devices on a wall size display. An array of
cameras and CPUs placed behind the screen detects the projected laser spots. Information
from individual cameras is aggregated into a stream of strokes by the central estimator.
Finally, filtered user input is provided to visualization applications.
exploration of complex data sets; the large physical display surface (6 ft. by 2 ft.) accessible by a group of people makes sharing and collaborative interaction with the data possible.
LumiPoint is an input system that is designed specifically for multi-user collaboration on
such a large format display. It allows any number of users to interact simultaneously with
the large display, and scales well with display size, resolution and number of users.
In this system, each individual uses a laser pointer to directly manipulate data displayed
on the screen. Cameras oriented towards the display surface observe all laser spots on the
display directly. Each camera is connected to a CPU that digitizes the incoming video
streams and finds all laser spot locations within the camera field of view at each time
instant. This data is communicated to a central estimator that determines, based on time
coherence and motion dynamics, whether the laser spot is the beginning, continuation or
end of a stroke. A stroke is the continuous path of a laser spot on the display surface
from the appearance of the spot to its disappearance. This information, together with an
estimate of the position, velocity and acceleration of each active stroke, are available for use
either directly by a visualization application or indirectly after interpretation by a gesture
recognition module. An example of how several users can collaborate using laser pointers
on the Mural is shown in Figure 2.14. The fact that a laser pointer is by definition a pointing
device, and that it is usually shaped liked a pen, makes it a natural and intuitive device for
interaction with a wall-like display.
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The overall hardware and software architecture behind LumiPoint is basically the MTrack architecture, with multiple image-space detectors (one for each camera) and a central
estimator, as shown in Figure 2.15. The only difference lies in the specific models and
algorithms used in the central estimator.
First of all, compared to the 3D rigid object tracking example, the state vector now
contains just the position and velocity of the laser spot on the 2D screen. Since each cam-

era client effectively measures the 2D quantity directly2 , the matrix S

in the measurement

model in equation (A.2) is trivially the identity matrix, as opposed to the non-linear projective mapping in the 3D rigid object case.
The second issue that we need to address is the support of multiple users. By using
the data association techniques presented in Section 2.2.3.2 for automatically adding and
deleting points, the central estimator is able to report to the applications stroke-begin and
stroke-end events, as well as the current locations of the continuing strokes, as shown in
Figure 2.16. However, how do we distinguish and support multiple users?
Our early multi-user applications tended to assume that each user would be identified
uniquely based on laser pointer color. We have both red and green laser pointers, and additionally experimented with making light pens from a variety of LED colors. While this is
the most straightforward way to retrofit existing single user applications, many interactions
do not actually require knowledge of which physical pointer is actively in use. Rather, the
context within which the strokes are placed in the application is of primary importance. For
example, there may be no need to identify which user selected an option from a menu or
edited a document, only that the action occurred. Furthermore, some interface technologies
are fundamentally context free. For instance, Bier et. al. [8] discussed click-through-tools.
This interaction technique explicitly replaces the standard user tool palette with on screen
transparent lenses that affect underlying data when a user clicks on them. Additionally,
even when applications store context such as preferences on a per user basis, physical tags
may not be the only way to disambiguate context. For instance, Rekimoto [70] uses temporal coherence of strokes to determine which of several identical user styluses has generated
a stroke on the whiteboard in the Pick-and-Drop system.
2

To put it more precisely, the image-space client reports the 2D location of the laser spot in the camera
image plane, but the conversion from camera image coordinates to the screen is simply a linear mapping
called homography (a 3x3 matrix multiplication), which is pre-measured.
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Figure 2.16: The central estimator associates laser points observed by the tracking subsystem with points predicted by existing Kalman systems (strokes). Matched points revise the
relevant stroke state, while unmatched points cause strokes to be added or deleted.
Given the variety of user interaction methodologies available to applications, we abandoned the assumption that a physical identifier is required. Currently, in addition to laser
color each event is tagged with an ID field, indicating to which stroke it belongs. Although the user application may not know from which physical laser pointer a stroke originates, user applications can resolve consistent click and drag sequences, even when multiple strokes of the same color are active in a single region of the work space. Currently,
when multiple users interact using our system, the primary modality is with red laser pointers only. More details on the design, implementation and performance discussions can be
found in [23].
To summarize, the LumiPoint application demonstrates the potential of M-Track to
support multi-target tracking.
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2.3.3 Simultaneous body and face motion capture
In many situations it is desirable to capture detailed motion embedded in a large volume.
For example, in the entertainment industry, the captured body motion as well as facial
motion of an actor/actress can be used to drive the animation of a virtual figure. However,
due to the fundamental trade-off between the field of view and resolution of a camera,
current camera-based motion capture systems can usually only operate in one scale. In
other words, cameras are either spread out to capture the body motion; or they are set
to be more close up to capture a person’s facial motion. Moreover, while capturing the
facial motion, the actor’s head can only move within a very small region and in a very
restricted way, so that cameras can see the whole face. This restrictive mechanism for facial
capturing limits the possibility of acquiring realistic facial motion because certain motions
will only occur when the actor can move and act freely in a larger volume. Recently
there have been a few examples of foveated3 systems in which one or multiple steerable
pan/tilt/zoom cameras are guided to follow the moving object and zoomed in onto the
interested portion of the object [66, 6, 9, 30, 20, 73]. However, the location of the moving
object within the large working volume is either manual and relies on a human operator
(such as the Eyevision system used in broadcasting the 2001 Superbowl [81], or is based
on 2D information from another single wide-angle camera, which tends to often lose track
of the target due to occlusion in the scene while the target is moving.
We have developed a new 3D model-based mixed scale motion recovery system, that
can simultaneously track the motion of a human body in a wide area and capture the person’s facial motion while he/she is moving. An overview block diagram of this system is
shown in Figure 2.17. A multi-camera, wide-area subsystem tracks the LED features on the
target’s body and reports their 3D positions. Based on this information, the foveated camera control subsystem determines where the pan/tilt/zoom cameras should be pointing at
and steers them as required. Video streams from these foveated cameras are then recorded
and analyzed to recover the person’s facial motion. The detailed design principles, issues,
solutions and performance evaluation of this system are the subject of a separate document
[22, 21]. What we would like to point out here is that the M-Track architecture is used to
3

The word “foveated” comes from “fovea”, which is a small rodless area of the retina that affords acute
vision. It is used to describe tracking systems that provide a small but high-quality sub-working volume.
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Figure 2.17: Overview of the mixed scale motion recovery system. M-Track is used for the
large-scale motion recovery.
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Figure 2.18: Simultaneous face and body motion recovery using our mixed scale system.
M-Track provides the wide area tracking for body motion and the rough location of the
person’s head. Pan-tilt-zoom cameras are then guided to point to the the person’s face and
record the facial movement in higher resolution. Recorded video streams from multiple
pan-tilt-zoom cameras are later analyzed to recover the facial motion of the person.
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build the wide-area subsystem to track the various LED feature points on the person’s body.
The multiple cameras not only provide wide coverage range, but also reduce the likelihood
of total loss of track of the target caused by occlusion. This is more robust than the 2D
based foveated systems. Furthermore, using the Extended Kalman filter and its ability to
track multiple points and maintain their time correspondence, we are able to “lock” onto
a particular feature (say, the LED on the person’s head), and have an automatic way to
direct the guidable cameras. In addition, because we have a dynamic motion model in the
central estimator of M-Track, the position and velocity estimate of the target is used by the
foveated camera control unit to predict a future target location for the foveated cameras to
look at, in order to compensate for the latency in physically steering the cameras to their
desired configurations. Figure 2.18 shows an example output of this mixed scale system.

2.4 Discussion
M-Track is an scalable architecture specifically designed to do real-time motion tracking
with a large number of asynchronous, possibly homogenous cameras. It uses many client
CPUs to perform 2D mage processing distributedly, and uses a central server to integrate the
2D information from the clients and estimate the target motion. The central estimator, based
on extended Kalman filtering, is not only able to incrementally assimilate asynchronous
inputs, but also able to track multiple features and enable the continuous and automatic
labeling of these features once they are labeled in the initial frame. The central estimator
also allows the continuous tracking even when some feature points are temporarily occluded. Three end-to-end VR and motion capture applications, namely the head tracking,
LumiPoint and simultaneous body/face capture, are implemented to demonstrate the effectiveness of the architecture. The number of cameras used in these three applications range
from 8 to 26, all of them are asynchronous. In both LumiPoint and simultaneous body/face
captures, there are multiple independent target points appearing and disappearing, either
due to occlusion, or due to the user’s conscious activation and deactivation. And M-Track
can track all of them reasonably reliably. The fact that M-Track is able to track all targets
accurately and robustly enough to enable the fulfillment of the final task demonstrates the
validity and effectiveness of the architecture.

Chapter 3
Calibrating Distributed Camera
Networks
3.1 Introduction
Many applications of tracking and observation require operation over a wide area, such as
monitoring the traffic flow of vehicles in a parking structure or people in a building. In
such cases, a single camera is unlikely to be sufficient. Rather, a network of interconnected
cameras is required, each of which functions over only a small subset of the total area. In
order to build such a system, one important issue that must be addressed is calibration of
the cameras into the same global coordinate system. In this chapter we address camera
calibration in a wide area sensing environment. Wide area system calibration is much more
challenging than calibration of a single camera. In single camera calibration, the usual
method involves placement of a carefully instrumented calibration target in the field of
view. Based on correspondences between known 3D features on the target and their 2D
locations in the image, calibration can be obtained. If multiple cameras are active in the
same working volume, then each can be calibrated individually using an identical process.
The case of wide area calibration introduces a number of difficulties. Cameras each
cover only a small subset of the total working volume. A calibration target can be moved
so that each camera is calibrated separately. However, the usual method for global calibration across all cameras requires knowledge of all calibration object positions in a common
48
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reference frame. This is difficult to obtain without expensive instrumentation. The synchronization of cameras assumed by the usual method poses an additional problem. In
large systems with many heterogeneous cameras, it becomes difficult to ensure that all
cameras record observations at exactly the same moment.
In this chapter we introduce a method that calibrates a system of asynchronous cameras into a single global coordinate system without requiring physical measurement of the
position of a calibration object. A rough estimate of each camera’s pose (i.e. location and
orientation) is obtained using standard structure-from-motion techniques. The rough camera calibration can be used to track the path of a point moving through the entire working
volume. This path defines a virtual calibration object, which can be used to improve the
estimate of camera pose in the global coordinate space. Iterating the above process results
in convergence to a precise estimate of camera pose as well as the point path defining the
virtual calibration object. We evaluate our method by comparing it to traditional calibration
techniques. Furthermore, we demonstrate its effectiveness in wide area settings by calibrating a multi-camera indoor tracking system where cameras cover disjoint viewing regions,
a more challenging situation where traditional methods cannot be easily applied.
The rest of the chapter is organized as follows. Section 3.2 provides background and
discusses previous work. Section 3.3 describes our proposed method and Section 3.4 gives
experimental results for relevant application scenarios.. We summarize in Section 3.5. (A
concise version of this chapter is published in [15]).

3.2 Background
3.2.1 Basis of traditional camera calibration
Camera model
Since one of the goals of computer vision is to perform metric measurements from images
which are acquired using cameras, it is important to have quantitative models for these
measurement devices. One model, called the pinhole camera model, is widely used in
computer vision and its measurement mechanism can be easily modeled based on simple
geometry.
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Figure 3.1: The pinhole camera model. The focal plane \^]_ is the plane that goes through
camera center ` and is parallel to the retinal (image) plane \a] . The distance b between
the two planes is called the focal length. An arbitary point c in 3D space with coordinates
\^]_']4d. is projected through ` onto the retinal plane with image coordinates \a] .
The pinhole camera model is depicted in Figure 3.1. It consists of a plane

e

called

the retinal plane or image plane, in which the image is formed, and a point (pinhole)
called the optical center, located at a distance

f in 3D space, its image 
line gh`i]4f  with the plane j . b
point

b

`

,

from the retinal plane. For an arbitrary

in the retinal plane is formed by the intersection of the
is called the focal length of the optical system, and the

plane going through the optical center C and parallel to j is called the focal plane.
The location of point f

in 3D space can be described by its coordinates

tive to some 3D world coordinate system. The location of its image 

\^]_]4dk

rela-

in the image plane

can be described by its coordinates \a] in some 2D coordinate system on the image plane.
The camera measurement process can be viewed as a mapping from 3-D space coordinates

\^]_']4d.

to 2D image coordinates

\a] , and can be described mathematically as
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\ o ] p ] { }| is called the homogeneous coordinates of a 2D image
point and the vector \^]_]4d~] }| is the homogeneous coordinates of a 3D point. The details

and where vector the

and origins of homogeneous coordinates are beyond the scope of this brief tutorial. It
suffices to know that they are intermediate quantities to use so that a linear relationship
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o p
are then computed from \ ] ] 

a w o
In the above formula, y

is a

q

q

using the relations



,

w

p

\ a ]

q
wh

if

(3.2)

matrix called the prospective projection matrix and

can be viewed as the product of two matrices. Therefore Equation (3.1) can be written as
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matrix describing the position and orientation of the camera with

respect to the world coordinate system, and H is a



matrix with elements that are

functions of camera parameters such as the focal length, center of the image plane, etc.
These parameters do not depend on the position and orientation of the camera, and are thus
called intrinsic; and by contrast, camera position and orientation describe how the local
camera coordinate system relates to a global (external) coordinate system, and thus are
called the extrinsic parameters. A camera can be considered as a system that depends on
both the intrinsic and extrinsic parameters.
Camera calibration
Camera calibration is the process of estimating the intrinsic and extrinsic parameters of a
camera, i. e. estimating matrices 

and 

and their associated parameters. Much previous

work has found that intrinsic calibration is best performed on cameras individually since
it is not dependent on the global coordinate system. Many calibration methods exist that
are appropriate for a single camera, such as those proposed by Tsai [84] and Heikkila [36].
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After the intrinsic parameters are determined, how to find the extrinsic parameters of each
camera in a way that is globally consistent is the focus of the rest of this chapter. Therefore,
it will be assumed that intrinsic calibration has been completed for all cameras.
Mathematically, extrinsic calibration is quite straightforward: according to Equation (3.3),
and given that 

is already known, as long as we know enough 3D points

their corresponding image coordinates

\ a]k , we can solve for 

\]_]4d

and

using either linear or

non-linear parameter estimation techniques.

However, in practice, the question is how to obtain the set of known 3D coordinates
easily. Traditionally, this usually involves building a so-called calibration object that has
(visually) detectable feature points and physically measuring the locations of the feature
points relative to the local object frames in advance. To calibrate a camera, the calibration
object is placed in front of the camera and a picture is taken. The 2D coordinates of the features points in the image are then located and correspondences to their 3D coordinates are
found. Now that we have a set of 3D to 2D correspondences, regular parameter estimation
techniques can proceed and the extrinsic parameters can be determined.
Note that, because the 3D coordinates of feature points are measured relative to the
object coordinate frame, the solved camera position/orientation are also relative to the calibration object frame. Therefore, when there are multiple cameras, the calibration object
must be placed at a location where all cameras can see it, and the solved camera poses are
all relative to the object coordinate frame. Note also that, the larger the number of feature
points is and the more spread out the feature points are in the working volume, the better the likelihood is of good calibration due to less need for data extrapolation, which is
numerically more unstable.
Challenges of scaling to wide area calibration
The basic calibration techniques described above have parts that involve some manual
work, such as building physical calibration objects and/or physically measuring 3D point
locations. The amount of manual work may be acceptable when the number of cameras
to be calibrated is small; however, it becomes unmanageable as the number of cameras
grows. Moreover, when cameras cover a wide working area and all of the cameras need to
be calibrated with respect to a single coordinate frame, there are additional difficulties, as
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Calibration object

Figure 3.2: Camera settings with different levels of difficulty for calibration. Left: a simple
multi-camera setting where it is easy to build and place a calibration object that all cameras
can see; Right: An L-shaped camera setup is not so easy to calibrate using the traditional
calibration procedure – either a large object has to be built, or adiitional relative positions
of multiple smaller calibration objects need to be measured.
described below.
As mentioned before, calibrating multiple cameras with respect to one coordinate frame
requires that the calibration object be placed so that it can be seen by all cameras. It is also
desirable that the feature points of the object span as much of the working volume as possible. This is feasible for a camera setup as shown on the left in Figure 3.2. But for a complicated wide area setting such as the L-shaped corridor shown on the right in Figure 3.2, the
construction of a large calibration object that all cameras in the working volume can see
would be costly and cumbersome, and would not be portable when the shape and size of
the working volume change. Multiple smaller calibration objects spread across the volume
can be used one-by-one to calibrate subsets of the cameras, but to determine the global coordinates of each object, one would have to measure the relative positions of these objects.
This can be a non-trivial and cumbersome process. One could also use a smaller calibration object and move it around, but similar to the multiple calibration object approach, one
has to measure precisely the object movement to be able to put all cameras into one global
coordinate frame. Therefore, more efficient calibration schemes need to be developed to
handle wide area systems.
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3.2.2 Previous work
There has been a great deal of research in the area of accurate camera calibration. Generally
there are two main categories of methods.
One category of methods involves the physical measurement of 3D points. This is usually done with a calibration pattern/object whose feature locations are measured in advance
and then imaged by the camera. Features are extracted from the image, and the best fit of
intrinsic camera parameters and extrinsic camera pose is obtained. Tsai proposed a widely
used model, but other more robust models are used as well [84, 36].
Rander and Kanade have a system of approximately 50 cameras arranged in a dome to
observe a room sized space. In order to calibrate these cameras, a large planar calibration
object is built and then moved precisely to several vertical locations, in effect creating a
virtual calibration object that covers the room [68]. While this works well, it can be quite
costly to ensure the precise movement of a calibration object, and it is not easily adaptable
when the shape or size of the working volume changes.
The other category of methods usually don’t require the physical measurement of 3D
point feature locations. Rather, they try to jointly estimate the 3D feature locations as well
as camera poses.
Azarbayejani and Pentland propose a method for calibrating the relative position of
cameras [2]. An identifiable object is waved in front of a synchronized stereo pair of
cameras, and the per-camera image location of the object at each time step is recorded.
A standard structure from motion system is used to derive the relative pose of the two
cameras. Their focus is not wide area tracking, and synchronous cameras with a common
viewing volume are required.
Stein proposes a system of cameras to track vehicles in an outdoor environment [76].
By observing the motion of objects in video sequences from multiple cameras, an approximate camera pose and time offset can be recovered from several asynchronous cameras.
Image features are used to refine the calibration estimate. This system requires a flat ground
plane in all of the images and solves the homography relating objects on this 2D plane.
Gottschalk and Hughes propose a framework for auto-calibration in wide area spaces [31].
Head mounted sensors observe precisely time-division-multiplexed beacons mounted on
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the ceiling of their UNC lab. Data gathered from the sensors can be used to estimate both
the moving head location and orientation, and to refine the initially available position estimate of the beacons. Like the method described in this chapter, they also employ the
principle of iterative calibration. Welch later proposed a refined estimation method [88].
However, the hardware setup and architecture in that work is quite different from the multicamera environments that we consider.
The contribution of the work described in the chapter is a wide area calibration method
that addresses several previously ignored difficulties. A large number of asynchronous
cameras can be calibrated in a single consistent coordinate system. This can be achieved
even when some cameras are arranged with non-overlapping working volumes and when
no initial estimate of camera pose is available. In addition, the method requires no complex
instrumentation, and is easily adaptable to working volumes of variable size and shape.

3.3 Proposed Method
An outline of our method is shown in Figure 3.3. After the separate calibration of intrinsic camera parameters, our method begins by obtaining 2D image correspondences. The
pairwise relative pose between cameras can be found using structure from motion. Then,
a unification process brings these pairwise relationships into a single global space. The
rough estimate of global pose calculated by the preceding steps can be used to initialize the
following iterative procedure. A 3D trace of an object moving through space is estimated
using an extended Kalman filter (EKF). This trace can be used as a virtual calibration object by correlating it with camera observations. Using traditional camera calibration, a new
set of camera pose estimates is obtained. Iteration produces a globally consistent camera
calibration.

3.3.1 Initial extrinsic calibration
Pairwise calibration using structure from motion
To obtain a globally consistent extrinsic calibration of cameras, we start by searching for
pairwise registration between nearby cameras in our system. To do this we borrow the
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Figure 3.3: The main stages of our calibration method. Boxes represent computational
stages. Italicized text shows data flow.

CHAPTER 3. CALIBRATING DISTRIBUTED CAMERA NETWORKS

57

solution to the well-known structure from motion problem. In this problem, a camera is
moved from location A to location B, and acquires an image of the same scene from each
of the two locations. Due to the camera motion, the same feature point would appear at
different 2D locations in the two images. A variety of algorithms exists to estimate the
3D locations of these feature points as well as the relative pose between the two cameras,
given their corresponding 2D locations in this image pair [64, 63, 75, 62, 59, 35, 82]. Our
calibration problem is similar in that we also have views of the same scene from cameras at
different locations, and we are interested in computing the relative camera pose, though we
have more than two cameras. However, given corresponding 2D image points in a pair of
camera views, a structure from motion algorithm will recover the relative pose of a camera
pair. Therefore, we use a publicly available structure from motion implementation from
Zhang [93]. An easily identifiable object is moved so that over time it covers the working
volume of our system. We use an LED or flashlight in a darkened room. Since each camera
sees only a subset of the working area, not all cameras observe the object at any given
location. At this stage, however, only pairwise registration is required. The corresponding
2D observations for all relevant pairs of cameras are recorded, and the relative pose is
estimated for each pair of cameras with sufficient overlap in their respective fields of view.
It should be noted that since the cameras are not synchronized for simultaneous input,
no pair of cameras will actually observe the point at exactly the same location. At this
stage we make an approximation that will be refined in a later part of our algorithm. Since
the object is known to move continuously, we discretize time into small intervals. We
use 36ms, since this is approximately the time required for two NTSC video fields to be
processed by our 60Hz cameras. Observations occurring during the same time interval are
approximated as co-located both temporally and spatially. Given this approximation and
the resulting set of pairwise image correspondences, we can employ structure from motion
to obtain a set of pairwise camera registrations.
Global unification
The pairwise camera registration that has been obtained provides only the relative rotation
and translation up to an unknown scale factor. For any given pair of cameras that have
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sufficiently overlapping fields of view, say cameras  and ` in Figure 3.4, structure-frommotion would find the direction of vector

9
direction using 
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to determine the locations of all of the cameras, but also to do so with respect to one single
coordinate frame.
Some geometric analysis reveals that this goal is not hard to achieve. As an example, if
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and errors from the structure from motion procedure, the rays may not intersect. We use
the point with the minimum distance to both rays as the approximate intersection point.

Once the scale factor  or £ is computed, the global location and orientation of camera

C can be derived based on the global location and orientation of either camera A or B.
We use the following notation. The translation of camera A with respect to B’s coordinate
system is denoted by



. The normalized vector from B to A is
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rotation of A relative to B’s coordinate system is j
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Similarly, once the global position and orientation of camera ` are found, we can deter-

mine the location of camera ©

by intersecting lines O
 ©

and

ª ©
`¡

. Incrementally applying
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Figure 3.4: Global unification of all cameras. A set of globally calibrated cameras is shown
connected by solid lines. The location of camera C can be calculated using the pairwise
' and  9 are
relationships with A and B, whose global poses are already known, i. e. 
known.
the above procedure locates all cameras in a single global coordinate system. Naturally this
global coordinate system has an orientation based on the initial camera (A) and an arbitrary
scale (



). We take a few real world measurements in order to determine the transform

to a physically meaningful coordinate system.
It should be noted that the pairwise registration obtained using structure from motion
is not of equal quality in all cases. Camera pairs placed in degenerate positions are likely
to cause errors, as are solutions determined from only a few image point correspondences.
Using the residual error returned by structure from motion, we can rank the quality of
pairwise information. This ranking can in turn be used to add cameras to the global set in
preferential order, thus improving the estimate of global calibration.
Sources of error
Our initial global calibration process contains a number of approximations and sources of
error. The discretization of time results in errors bounded by the velocity of the object
and the discretization interval. The incremental method used to add cameras to the global

CHAPTER 3. CALIBRATING DISTRIBUTED CAMERA NETWORKS

60

set is also a source of error. Since the global pose of each additional camera is dependent
on the previously estimated global pose of other cameras, small errors made at each step
can accumulate. Even though the errors made at each stage may be small, cameras added
near the end of a large collection are likely to suffer from a great deal of accumulated
error. However, the approximate calibration obtained is a good initial guess for the iterative
method that is the core of our algorithm.

3.3.2 Iterative refinement
EKF based physical point tracking
Given a globally calibrated set of cameras, an object can be tracked continuously through
the entire working volume. A number of techniques exist for integrating information from
diverse sensors into a single estimate of object behavior [14, 42]. We chose to use an
extended Kalman filter (EKF) because it is simple and efficient. As described in Chapter 2
and Appendix A.3, our EKF is configured with a constant velocity model and estimates the
position and velocity of the tracked point. As an object moves through space, observations
from cameras are used to update the EKF estimate. The resulting trace is a continuous
estimate of object motion over time. Note that there is no requirement that cameras provide
observations at simultaneous moments. The EKF parameters and internal dynamic model
provide the temporal constraints normally derived from simultaneous observation. Details
of appropriate EKF parameters and models are application dependent, but well known [14,
5, 13].
The initial estimate of camera pose using structure from motion requires that an identifiable object be moved so that the working space is covered. Since the requirements are the
same for tracking, the data gathered earlier can be reused. Rather than discretizing observations into time intervals, an EKF processes the observations into a continuous 3D object
path.
Virtual object creation
Tracking a 3D object over a wide area provides a method for obtaining a large virtual calibration object. A conventional calibration object has features distributed spatially. Ideally
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these features are distributed in such a way that they are easily identifiable and cover the
working volume. For large working volumes it is impractical to build a precisely measured
physical object for the purposes of calibration. The virtual calibration object defined by
the estimated 3D object path has features distributed temporally. Each temporal moment
relates to a single position in space.
Even with correctly calibrated cameras, the object trace obtained previously will not
be perfect. Inadvertent motion into a region observed by a single camera will leave the
system under-constrained. Occlusions can cause complete loss of the object, and sudden
acceleration will not fit our EKF model. In order to ensure an accurate virtual calibration
object, we discard trace points that are seen by only one camera. In addition, we discard
trace points for two seconds after time periods in which no camera observes the point. This
provides a chance for the system to settle back into a more reliable state.
Since almost any location on the path can be used, a large number of calibration features
can be constructed. If the path of the physical object through space traverses all portions of
the desired working volume, then excellent coverage is obtained as well.
Recalibrating camera extrinsics
The virtual calibration object can be used to individually calibrate each camera with respect
to the global coordinate system. A given camera reports a sequence of 2D image observations. The time of observation relates this 2D observation to a corresponding 3D feature
point in the virtual calibration object. The resulting set of 2D to 3D correspondences can
be used to find the external camera pose. As for calibrating the internal characteristics of
our camera, we use a standard method [36].
Iterating the above stages improves the estimate of both camera pose and virtual object
location. More accurate virtual objects provide better camera calibration, and better camera
calibration allows the virtual object path to be determined more accurately. We have obtained convergence for highly over-constrained environments in five iterations, with more
general wide area settings requiring up to forty iterations.
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3.4 Results
Evaluating the effectiveness of a calibration method is not trivial. It is sometimes difficult
to obtain ground truth data for the camera in question. In addition, since we have proposed
a calibration method for use in wide area environments, general comparisons with existing
techniques are impossible.
We first discuss an appropriate metric with which to evaluate our results. Next we
consider calibration in a restricted setting, in which comparison with existing techniques
is possible. Finally, we show that our proposed method functions as expected on a more
general wide area calibration task.

3.4.1 Evaluation method
Camera calibration is often defined in terms of projection error. In a traditional calibration
task, known 3D locations are projected onto the camera image plane. The distance from
the projected point to the observed image location is known as the projection error. Given
a set of correspondences, the best camera calibration is the one that minimizes this error.
Another formulation provides only 2D image correspondences between multiple cameras. In this case, in addition to camera parameters, the actual 3D point location is unknown. The best fit of these variables is often defined as a minimization of projection error.
If cameras are poorly calibrated in relation to one another, then one expects projection error
to be quite high.
Since the cameras used in our application are not synchronized, we slightly modify this
method. An object is tracked using an EKF as previously described. At the time of each
camera observation, the EKF provides a predicted object location. The predicted location
can be projected onto the camera image plane. The distance between the predicted location
and the observed location is recorded as projection error. Note that this error may be caused
in part due to an inadequate EKF system dynamic model. In our case we use a constant
velocity model; thus, any acceleration applied to the object will appear as projection error.
However, this error will be present only during acceleration. Extended, consistent bias in
the projection error can be attributed to poor camera calibration.
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Figure 3.5: Restricted setting in which all cameras can see a common area. A configuration
such as this allows comparison with existing calibration techniques.

3.4.2 Comparison with existing techniques
In order to compare our proposed calibration to existing methods, we have constructed an
example in a more restricted setting. By arranging multiple cameras so that all may observe
a single region of space, traditional target based calibration can be performed (Figure 3.5).
We calibrate the camera system using two methods, the one proposed in this paper, and
one that uses a physical target. In order to isolate potential noise, the target based calibration uses the same LED feature as was used to build a virtual calibration object. This LED
feature is now placed at the end of a Faro digitizing arm [27] that returns the position of the
tip of the arm with sub-millimeter accuracy. By arranging for simultaneous triggering of
the digitizing arm and camera, we can obtain correspondences between the global 3D location of the feature and the observed 2D image location. While only a few correspondences
are theoretically needed, we use approximately 50 to obtain robust external calibration. By
repeating this process for each camera a complete set of calibrations in a single coordinate
space is obtained.
To evaluate our method fairly, we gathered a new object trace unrelated to any previous
traces used during calibration. It is important not to reuse previous traces during evaluation,
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Figure 3.6: Comparison of projection error of a point trace using (a) traditional target based
calibration, (b) structure from motion only, (c) one iteration of virtual object calibration, (d)
five iterations of virtual object calibration. Note that a virtual calibration object performs
as well as traditional calibration.
since we want to ensure against overfit solutions that match the input data set, but do not
actually provide a calibrated system of cameras. Figure 3.6 contains a set of graphs showing
projection error in the tracking process for a particular camera. (Data from other cameras
in the system is similar.) Using the calibration obtained with a traditional physical target
results in trace (a). The average pixel error in a mean squared sense over all cameras is
relatively low, only 4.4 pixels. The rough global calibration obtained using structure from
motion results in trace (b). Note that the mean error has greatly increased to 33.8 pixels.
After building a virtual calibration object and recalibrating the cameras, we obtain trace
(c). Using a virtual calibration object has reduced the mean error to 14.4 pixels. After
five iterations of building virtual calibration objects and recalibrating the cameras, trace (d)
results. The mean error has been further reduced to 3.9 pixels, approximately equal to the
known reliable calibration obtained with a target. Some error remains, but as mentioned
earlier this may be due to object acceleration or image feature extraction noise.

3.4.3 Example in a wide area setting
The wide area calibration technique described in this chapter can be generalized to a wide
variety of applications, sensors, and environments. An understanding of a representative
side area tracking setup in our lab may prove illustrative. This setup can support a variety of
tracking applications, such as 3D head tracking for the Interactive Mural (see Section 2.3.1)
and simultaneous body and face motion capture (see Section 2.3.3). The tracking system
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(a)
(b)
Figure 3.7: (a) Ceiling mounted cameras are used to track users around a wide area environment in front of the large display. (b) Cameras are arranged so that observation of the
entire space is possible, although no single camera observes the entire working volume.
has ten ceiling-mounted cameras oriented to observe a 4.0 x 4.5 meter area. Coverage extends from approximately a half meter to 2 meters from the floor. The wide-angle cameras
in the corners cover the volume. In addition, since our application requires higher tracking
resolution right in front of the display, a few more narrowly focused cameras are installed
to increase the resolution in that area. Individual cameras observe only a portion of the
volume. In aggregate, however, they cover the space. Figure 3.7 shows a photograph of the
tracking space, and a plan view of camera placement. Note that in order to ensure correct
estimates of observed object position, it is required that at least two cameras observe any
given region in space. However, there is no single point that is observed by all cameras.
In the wide area setting described above, we can verify that the iteration process converges as it does for the more restricted setting described in Section 3.4.2. Figure 3.7 shows
final camera placement, while Figure 3.8 shows camera locations after calibration using
only structure from motion. Note that these locations are approximately correct. However,
refinement is required. For example, the three cameras in the middle are expected to be
collinear. Figure 3.8 also shows a plan view of the temporal path used to build a virtual
calibration object. Note that the path traverses the field of view of all cameras, covering the
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Figure 3.8: Top view of estimated camera positions after applying structure from motion
only. The object path shown defines a virtual calibration object that can be used to improve
camera calibration.
working volume better than a single physical calibration object.
As described previously, projection error is expected to decrease as quality of calibration improves. A new trace unrelated to traces used for calibration was captured. Figure 3.9a shows the projection error of a single camera after the coarse global calibration
of all cameras using structure from motion. As before, the mean error across all cameras
is quite large, about 16.3 pixels. Holes in the graph indicate time periods in which this
particular camera did not observe the object, so no error measure is available. (Of course
metrics are available for other cameras that do see the point during this time period). Figure 3.9b shows the improvement after three iterations. Forty iterations of building a virtual
calibration object results in a low projection error, 1.3 pixels, shown in Figure 3.9c. Projection error lower than that obtained in the previous example can likely be attributed to
improvements in intrinsic camera calibration. A plot of pixel error vs. iterations can be
seen in Figure 3.10.
An intuitive explanation for the convergence of this algorithm is as follows. As shown
in Figure 3.11, there is a geometric relation between the 3D position of a point, the camera
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Figure 3.9: Projection error in a wide area calibration task. (a) Error after applying structure
from motion. (b) Error after three iterations of calibration using a virtual calibration object.
(c) Significantly reduced error after forty iterations using a virtual calibration object.

Figure 3.10: Projection error is greatly reduced after application of the iterative calibration
process.
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Averaged 3D
point position

Figure 3.11: Intuition behind convergence. 3D point position is an average quantity based
on multiple camera poses (and the 2D projections on the image plane). The variance of 3D
position is less than the variance (error) of individual camera poses due to averaging. Less
erroneous 3D positions in turn improve camera pose estimation in the recalibration. And
thus convergence is conceivable.
pose, and the 2D projection of the point on the camera image plane. The 3D position of a
point is essentially determined by the intersection of back-projected rays from each camera. When there are multiple cameras as in our system, the Kalman filter that assimilates
measurements from all cameras acts as a low-pass filter, and the 3D position it generates is
essentially an “average” based on data from all cameras. Since the variance of an average
quantity is smaller than the variance of each individual quantity within the average, even
though the initial camera poses are coarse and have larger error (variance), the 3D positions
based on all of the coarse camera poses have less variance due to averaging. In turn, the
improved 3D positions are used to recalibrate the cameras, which generates a better estimate of the camera poses. Using these improved camera poses, we can run the Kalman
filter to track 3D position again, which again reduces variance. As the process iterates, it
is not surprising that it converges. From the experiments we have run, we have observed
emperically that, the more overlap there is among cameras’ fields of view, the more accurate the initial camera poses (obtained from structure-from-motion) are, and the faster the
iterative refinement precess converges. The number of iterations for convergence shown in
Figure 3.10 is for one of the slower cases.
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3.5 Conclusions
Calibration of cameras in a wide area environment introduces new challenges to the calibration process. Since individual cameras observe only a small fraction of the whole
environment, determination of reliable global relationships is difficult. Typical previous
approaches such as building calibration objects that span the observation space do not scale
well to wide area environments.
We have introduced a method suitable for calibration of cameras under these difficult conditions. Intrinsic camera properties are calibrated using existing methods. Next
pairwise extrinsic relationships are determined using standard structure from motion techniques. These pairwise relationships allow us to derive an approximate global calibration
involving all cameras. The initial estimate of global relationships is not precise. However,
it can be used to initialize an iterative calibration technique. Tracking a known physical
object as it moves through the environment allows a virtual calibration object to be built.
This virtual calibration object can be used as if it were a giant physical calibration object to
improve the global camera calibration. Iterating the above process leads to our final camera
alignment.

Chapter 4
Determining Optimal Camera
Configurations
4.1 Introduction
In designing a vision-based tracking system it is important to define a metric to measure the
”quality” of a given camera configuration. Such a quality measure has several applications.
By using the metric in an optimization process we can automate the camera placement
process and do better than a human designer, especially as the tracking environment gets
more complex and the number of cameras increases. Also, there are classes of applications
where camera configurations change dynamically and some metric is needed to guide the
automatic choice of best configuration. For example, in a multi-target tracking system
with multiple pan-tilt cameras, it may be desirable to dynamically focus different subsets
of cameras on each target. Other applications might require dynamic configuration due
to bandwidth or processor power limitations. For instance, in a system with hundreds of
cameras, only a subset of the cameras can be active. In these situations it is crucial to have
a quality metric so that the camera configuration that enables the best tracking performance
can be found.
In a motion capture system, multiple cameras observe a target moving around in a working volume. Features on the target are identified in each image. Triangulation or disparity
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can be used to compute each feature’s 3D position. In such a system, performance degradation can come from two major sources: (1) low resolution which results in poor feature
identification; and (2) occlusion which results in failure to see the feature. Occlusion may
be due to either the target itself or other objects in the scene. When not enough cameras see
a feature, it is difficult or impossible to calculate its 3D position. In fact, the primary reason
commercial motion capture systems consist of many cameras is to reduce occlusion, rather
than to increase resolution or coverage. In order to achieve accurate and robust tracking,
both occlusion and resolution must be considered. A quality metric for placing cameras
should reflect the impact of both factors.
In this chapter we propose a quality metric that accounts for both the resolution and
occlusion characteristics of a camera configuration. Its target application is the automatic
placement and control of cameras for motion capture systems. It can be used both to
design static camera arrangements, and dynamically focus subsets of cameras on different
targets in a multi-target tracking system. The metric computes the uncertainty or error in
the tracking system’s ability to estimate the 3D positions of features. This uncertainty is
caused by limited 2D image resolution, as well as occlusion due to the environment and/or
the moving target itself. The error due to image resolution is computed by projecting the
2D image error of each camera into 3D space and measuring the size of the resulting 3D
error volume. The uncertainty due to target occlusion is estimated by sampling the space
of possible occluders and computing the probability that points are occluded.
The quality metric for multi-camera configurations includes a probabilistic occlusion
model. This metric allows cameras to be placed more robustly than previous resolutiononly metrics. It models the target self-occlusion behavior that can be commonly found
in feature-based motion capture systems. In addition, the use of sampling in the metric computation allows for easy adaptation to tracking scenarios with disparate occlusion
characteristics.
The rest of the chapter is organized as follows. Section 4.2 describes previous work
related to camera placement. Section 4.3 describes the metric we propose, focusing specifically on how dynamic occlusion is modeled. Section 4.4 describes the experimental setup
and results for the verification of our probabilistic occlusion model. Section 4.5 shows
simulation results that illustrate the impact of resolution and occlusion on optimal camera
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placement. These examples illustrate the usefulness of the metric, and provide insight on
the location of ”good places” to put cameras for accurate and robust tracking. (A concise
version of this chapter can be found in [16]).

4.2 Related work
The camera placement problem can be regarded as an extension to the well-known artgallery problem [65]. Both problems have the goal of covering a space using a minimum
number of cameras, and in both the solutions are greatly affected by the visibility relationship between the sensor and the target space. However, there are significant differences
between these two problems. The art-gallery problem focuses on finding the theoretical lower-bounds on the number of guards for spaces of various (possibly very complex)
shapes. Both the target space and the locations of guards are restricted to 2D. Additionally
the visibility model is very simple. It assumes that the guard has a 360-degree field of
view (FOV) and that there is no resolution degradation with viewing distance. The camera placement problem that we consider is a practical problem. The camera has a more
complex model which includes 3D projection, limited FOV, and limited image resolution.
Although the space to cover in practical camera placement is usually geometrically simple,
there are usually constraints on allowable camera placement, such as ceilings and walls.
In our work, the goal is not necessarily to find the absolute global optimum, but rather to
enable the evaluation and comparison of a subset of potential solutions.
There is some previous work in automatic sensor planning in the area of robotic vision [78, 79, 83, 92], motion planning [50], and image-based modeling [29]. To a large
degree, the previous work shares our view of camera placement as an optimization problem, and that an important step toward automatic solutions is the construction of a quality
metric to evaluate various camera configurations. However, the problem domain and goals
of the previous work are quite different from ours. Their target is usually a static object
whose geometry is assumed to be known a priori, and the task is to find a viewpoint or a
minimum number of viewpoints that exposes the features of interest on the target as much
as possible. There is usually only one camera in the system and the quality metric includes
the target geometry explicitly. The camera placement problem for motion capture differs
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because the target is moving and its geometry and motion are not known a priori. In addition, there are multiple cameras working together in the system and the system performance
is affected by their relative pose.
A few researchers have proposed uncertainty analysis for placing multiple cameras.
Olague and Mohr [61] approximated the projective transformation of a camera using Taylor
expansion, and used a scalar function of the covariance matrix as the uncertainty measure.
Wu et al. [91] proposed a computational technique to estimate the 3D uncertainty volume
by fitting an ellipsoid to the intersection of projected error pyramids. Both work consider
limited image resolution as the only cause of 3D uncertainty. However, occlusion is frequently present in feature-based motion tracking systems and is sometimes the dominant
source of error. The quality metric presented in this chapter estimates the 3D uncertainty
caused by both occlusion and image resolution. This metric is able to model the dynamic
and probabilistic characteristics of a moving target, as well as the mutual resolution compensation among multiple cameras.

4.3 Construction of the quality metric
In this section we define the ideal quality metric for a multi-camera configuration with
respect to a working volume. Since it is based on the notion of 3D position uncertainty, we
first describe the possible causes of position uncertainty and how it is related to the layout
of all of the cameras in the system. We then proceed to describe a general formulation
to construct the metric, and using a top-down order, describe the various pieces needed
in the metric. We describe specifically how to model the effect of limited camera image
resolution and target occlusion on the position uncertainty of a point. We then extend the
formulation to a volume and put all of pieces together to give the final formulation of the
quality metric.

4.3.1 Causes of 3D position uncertainty
In order to determine the 3D position of a feature point on a target, one needs to know
two pieces of information: the complete camera parameters and the 2D feature locations
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Figure 4.1: Determination of 3D position.
on the image plane. Camera parameters include intrinsic parameters and extrinsic parameters. These parameters together specify where a camera is located, how its image plane
is oriented, and what the 2D location on the image plane should be given its 3D position.
The 2D position of a feature is usually determined in two steps: classification and location
calculation. In the classification step, pixels on the image are classified as either generated
by the feature of interest, or not. For example, if the feature is a bright point, pixels that are
brighter than a certain threshold are identified; if the feature is an edge, then those pixels
with large neighboring gradient are identified.
As shown in Figure 4.1, given the knowledge of camera parameters and the 2D location
of a feature seen by at least two cameras, the 3D position of the feature can be determined
by the intersection of rays originating from the camera center and going through the 2D
feature on the image plane. Of course, in practice, due to various errors and noises, these
rays may not intersect at one point, and the 3D position is usually defined as the point that
has the shortest distance to all back-projected rays.
Some practical systems have more sophisticated algorithms to determine target 3D position than the simple triangulation we just described above. For example, if multiple features on a target need to be tracked, features on the same rigid parts of the target have fixed
distances between them and this information can be used to further constrain the position
estimation; or some temporal model such as how fast the target can be moving can be used
to correlate features in different frames. However, the determination of 3D feature point
position still relies on the basic information we described above, which includes the camera
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parameters and 2D image measurements.
Based on the above description, we can see that there are several factors that affect how
accurately we can determine the 3D position of a feature point. The causes of 3D position
uncertainty include:
Camera parameters These include both the intrinsic parameters such as lens parameters
and extrinsic parameters such as position and orientation. The process of determining
these parameters is called camera calibration, and inacurrate calibration would cause
in accurate 3D positions.
Image measurements Poor image measurements can result from a poor feature identification process. Moreover, even with a good identification algorithm, image measurements are subject to limited camera pixel resolution, and where the camera is placed
relative to the target. For example, a target that is far away from a camera has worse
resolution (pixel per unit object distance) than a target that is close the the camera.
Occlusion Occlusion is the phenomenon when the feature is blocked from a camera by
some object(s) called occluder(s). An occluder can be non-varying with time (i. e.
static) such as a pillar or wall in the environment, or dynamic (i. e. time-varying)
as the target moves. We classify dynamic occlusion into two types: self occlusion
and inter-object occlusion. Self-occlusion refers to occlusion where the feature is
occluded by the surface that it is attached to; inter-object occlusion refers to occlusion
where the feature is occluded by other moving parts of a same target or another target.
Figure 4.2 illustrates the different types of occlusion. When occlusion occurs and not
enough cameras see a feature, it is difficult or impossible to calculate its 3D position.
It is obvious that the occlusion behavior of a multi-camera tracking system is heavily
affected by the relative position and orientation of all cameras.
Therefore, in order for a tracking system to have good accuracy in 3D position determination, it is important to have accurate camera parameter information, accurate image
measurement information, and minimal target occlusion. The determination of camera parameters is the goal of camera calibration, which was discussed in Chapter 3. Accurate 2D
image measurement depends on having a good feature detection algorithm, and also on the
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Figure 4.2: Various types of occlusion based on the occluder behavior. Static occlusion
shown point A since it is blocked by a static object in the scene; dynamic self-occlusion
shown for point B since it is blocked the surface it is atttached to; dynamic inter-object
occlusion for point C since it is blocked by other parts of the target. Note when we talk
about the possible occlusion that can happen to a point over a period of time, the points
are spatial points in the working volume, not attached the target, and the occlusion types
they can have depend on the configuration of the target. For example, point A can also
have dynamic self-occlusion if the person’s arm or other parts move to a different pose and
block it from a camera. But the lamp will always be in between the left camera and point
A.

CHAPTER 4. DETERMINING OPTIMAL CAMERA CONFIGURATIONS

77

location of the cameras relative to the target. The amount of occlusion is also significantly
affected by where the cameras are located relative to the target.

4.3.2 Quality metric of a camera configuration: general definition

« as the collection of camera parameters of all cameras. That is, « w \¬ ®]¯¬¨°]4±4±4±<]F¬² , where ¬¢ is a vector containing the (intrinsic and
extrinsic) parameters of the ³ th camera. (We will also use the word “layout” or “place-

We define a camera configuration

ment” interchangeably with “configuration” in this chapter, but keep in mind that this also
includes camera intrinsic parameters such as field of view.). The quality metric of a camera
configuration is defined as a scalar value

´

that measures the 3D position uncertainty, as

a function of a camera configuration « with respect to a working volume

p

in which the

target is moving, i. e.

´ w b$µi\«

(4.1)

Equation (4.1) basically says that position uncertainty is a function of camera layout. But
what does this function look like, or in other words, how does camera layout affect position
uncertainty? Based on Section 4.3.1 we know that the configuration of cameras not only
affects the image resolution of the target, but also has a significant impact on the occlusion
behavior of the target. Both image resolution and target occlusion affect how accurately
and robustly 3D position is determined in a motion tracking system. We shall describe how
to model their effects on the quality metric in the coming sections.

4.3.3 Uncertainty of a point with resolution only
As is well known in the vision community, one major source of error in determining 3D
position is limited 2D image resolution. Most vision-based tracking systems perform some
sort of triangulation on rays from two or more cameras. Some target feature is detected on
the image and the ray defined by its 2D location and the camera center is back-projected
into 3D space. The intersection point of rays from multiple cameras defined by the same
feature is the 3D location of the feature, as described in Section 4.3.1. However, one can
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Figure 4.3: (a) The 3D uncertainty volume of a single camera due to limited 2D resolution
on its image plane can be modeled as a pyramid of rays. (b) The 3D uncertainty volume of
multiple cameras is the intersection of ray pyramids of all cameras.
only determine the 2D location of a feature on an image to a certain precision, as limited
by the feature detection process and the image resolution. Thus each 2D observation from
a camera gives rise to a cone of rays with some probability density rather than a single
ray. This cone can be approximated as a pyramid of rays. As shown in Figure 4.3, the
intersection of ray pyramids from multiple cameras form a 3D volume rather than a point.
The actual target point has a high probability of being located anywhere in the error volume.
The bigger the error volume, the higher the uncertainty in the point’s actual position.
It should be noted that the size of the uncertainty volume is not isotropic: it varies with
direction. In order to estimate the size of the volume, we measure its dimension in a set
of sampled directions and then aggregate the error in all directions. To compute the 3D
uncertainty for a given direction, we first compute the 3D error in that direction for each
camera. When there are multiple cameras, the camera having better resolution will cut the
error volume and make it smaller. Thus, the combined uncertainty of all the cameras is the
minimum of all.
Conceptually, without being very specific or precise,

oª¶}·¹¸ \º , the 3D uncertainty at
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point º due to limited image resolution, can be expressed by the following:

o<»½¼ ¾ \º¿]4À~
where ÓiÒÔ¿Õ¯ÖTÕ¯Ù

Ô

×
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is the length in direction Ö of the 3D ray pyramid of camera Ù

, as shown in Figure 4.4. The function

tions, and the choice of
(i. e.
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(4.2)
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aggregates the uncertainty over all direc-

is user-dependent. Usually the function

) or mean-square-error (i. e.
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at point

ÐÜÚ Ä Î Ç Ò ×

can be

Î0ÝßÞ Ò ×

) depending on whether the user wants to

evaluate the worst-case scenario or an average scenario. The empty set symbol

æ

denotes

that this ç<èêéEë is computed with no (dynamic) occluders in the scene, i. e. this measure takes

into account uncertainty due to limited image resolution only. Static occlusion is directly
taken into account by noting in the above formulation that only unoccluded cameras contribute to a reduction in 3D uncertainty at point

Ô

. This is a simplified case of the model

described in the next subsection. In the next subsection we will consider the situation where
there is dynamic occlusion, i. e. the set of dynamic occluders is not empty.

4.3.4 Uncertainty of a point with dynamic occlusion
Dynamic occlusion occurs when a target point is not visible from a camera due to occlusion
by the moving target itself in the scene. The challenge to computing the error caused by
this type of occlusion is that we do not know a priori where the target or occluder will be at
any time, and the exact shape of the target, either. Without the knowledge of target shape
and location it is impossible to arrange cameras such that the target is guaranteed to be
visible.
We investigate this issue by assuming, for the moment, that we do know where the
occluder is, as shown in Figure 4.5. As can be seen, point

Ô

is only visible from a subset

of the cameras due to this occluder. As a result, the 3D uncertainty volume is formed by
the intersection of the ray pyramids of only those unoccluded cameras, i. e.
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where visibility factor
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Ô

is occluded from camera

ó

given occluder

(4.3)
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Figure 4.4: Estimating the size of the uncertainty volume of a point. ÓiÒÔ¿Õ¯Ö'ô¹Õ¯Ù¢õ × is the
length in direction Ö'ô of the 3D ray pyramid of camera Ù¢õ at point Ô . For each direction,
the best (minimum) Ó out of all cameras is picked as the estimated size of the uncertainty
volume for that direction, because multiple cameras compensate for each other’s uncertainties in determining point Ô ’s position, as shown by the red line for direction Ö î and
the blue line for direction Ö'ö . The overall uncertainty for the point considering all directions is defined to be either the worst (maximum) or some average of the uncertainty of all
directions.
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, its ray pyramid size

Ó

will

evaluation that combines the

ö (with different position, orientation or shape)
would lead to a different uncertainty value çªè½éEë Ò ÔïÕ Úì ö × , and so on. If we wish to evaluate

effect of all cameras. A different occluder Úíì

the uncertainty for a whole tracking session and we know precisely all the positions and

orientations of the occluder in the tracking session, we could evaluate the visibility factor
for each occluder and aggregate the uncertainty values for all occluders to get an estimate
of the overall position uncertainty at point Ô for a given camera configuration, i. e.

ç<èêéEë ÒÔ ×àûú ü ç<èêéEë Ò Ô¿Õ Úì ô ×
ýþÿ

(4.4)





ü denotes
some general aggregation function that maps an ensemble of values ç<èêéEë ÒÔ¿Õ Úíì4î × ,
,
ç<èêéEë ÒÔ¿Õ Úíì × onto a single number. (This aggregation could be a simple summation, avwhere

denotes the set of occluders over all positions and orientations, and






erage, weighted average, or more complex mapping depending on the application and user
specification. We will discuss how to choose this general function later.) However, this
method will not be very useful for designing a real tracking system. In reality, the path

that a target takes could vary greatly and camera configurations optimized for one specific path may be poor for other paths. So the next question is, how can we find a camera
configuration that avoids occlusion for all possible paths?
Instead of simulating a precise path when calculating occlusion, we can take a probabilistic approach. Though we may not know exactly where the “occluders” will be, we may
have some idea as to how likely it is that they will be at certain positions and orientations,
i. e. if we have the probability distribution for the occluder, we can generate possible occluders by drawing samples from the distribution. For each possible occluder, we calculate
how many cameras are obstructed from observing the target point

Ô

. The results across

occluders that are sampled from the distribution are aggregated into a single estimate of
occlusion characteristics. The more often occlusion occurs and the more cameras that get
occluded, the greater the 3D uncertainty. Sampling the space of all possible occluders gives
us an occlusion metric for a particular camera configuration. In other words, we can still
use Equation (4.4), but instead of having the occluder positions and orientations drawn
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Occluder X

Figure 4.5: Effect of an occluder to the 3D uncertainty volume. The point can be seen
by cameras B and C but not camera A. Therefore A does not contribute to reducing the
uncertainty volume of the point. In general, the 3D uncertainty volume at point Ô of
multiple cameras when there is an occluder present is the intersection of ray pyramids of
the subset of cameras that are visible or unoccluded from the point.

Figure 4.6: Approximation of an occluder: dynamic self occlusion is modeled as a plane
attached to the 3D point of interest.
from an a priori known path, they are drawn from some known probability distribution.
The probabilistic description addresses the problem of having no precise knowledge of
the occluder path, but another challenge that we face is that we do not know the precise
shape of the occluder. We address this problem by looking at the various occlusion phenomena in motion capture, determining what occurs most commonly and building a model
that describes the occlusion phenomena sufficiently but is still computationally manageable. As described in Section 4.3.1, we see that there are two types of dynamic occlusion,
i. e. occlusion due to the moving target, in a typical point-feature based motion capture
system. One is self-occlusion, where the feature point is occluded by the very surface it
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Figure 4.7: Worst-case occluder. The occluded regions (shown shaded) of three occluders
that are located at various distances from a point Ô . The shape of the occluded region
is dependent on both the size and orientation of an occluder. But for the same occluder,
the closer it is to the target point, the more cameras that will be occluded. A conservative
estimate of the occluded region can be made by assuming that the occluder is very close
to point Ô . In this case an entire hemisphere of camera locations will not be able to see
the point. Notice the durality of this figures vs. Figure 4.5. Here the shaded region is the
occluded region where cameras cannot see the point, whereas in Figure 4.5 the shaded
region is the visible where the cameras can see.
is attached to; another type is called inter-object occlusion, where the feature is occluded
by other parts of the target or other target(s). Our assumption is that the major source of
occlusion for a point is the surface to which it attaches. We use a plane to approximate the
surface, as shown in Figure 4.6. We believe that this is a reasonable model because, first,
in current motion capture systems, points are attached to a surface that can be viewed as
a plane locally, and self-occlusion does happen all the time; second, since a plane always
occludes a whole hemisphere of cameras, effects of other possible (inter-object) occluders
in that hemisphere have already been accounted for. Thus this approximation also models
partially the effect of inter-object occlusion. Another benefit of using this model is that,
because the plane going through point

Ô

Ô

gives the worst-case occlusion with respect to

of all other plane positions (see Figure 4.7), only planes going through

Ô

need to be

considered in occlusion calculations to give a conservative estimate of the impact of occlusion. That means that only orientation is needed to parameterize these planes. This leads
to a simpler computation and sampling process in the overall uncertainty estimation, as
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V
Figure 4.8: The quality metric with respect to a whole 3D volume is defined to be some
norm of the per-point 3D uncertainty of all of the sampled points in the volume.
Equation (4.4) can be further simplified to
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is the set of planes going through point



Ô

(4.5)



with all possible orientations and

the orientations (normals) of the plane are drawn from a distribution.

4.3.5 Uncertainty of a volume
Equation (4.5) estimates the 3D positional uncertainty of a point

Ô

. Given that, it is not

difficult to extend this notion to a whole volume. The uncertainty of a whole volume


can be considered to be some norm of the uncertainty values of all points Ô in that volume
(see Figure 4.8), and that is defined to be the “quality” with respect to


given a camera

configuration:


à ÐÜÚ Ä Î Ç ç Ò Ô ×

(4.6)



where ç

ÒÔ ×

is the uncertainty for a point P as defined in Equation (4.5), and

ÐÜÚ Ä Î Ç

denotes

the Û th norm of a set. There are an infinite number of points in a volume; therefore, in actual

computation, we evaluate a discrete number of points by drawing them from a distribution
that describes how likely a target is to be at point Ô within volume  .
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4.3.6 Non-uniform distributions
Note that, in order to evaluate Equations (4.5) and (4.6), the probability distribution for
occluder orientations and the probability distribution for target positions need to be known
a priori. What distributions should we use? The answer is that it is application specific
and it depends on how much information about the target motion and the tracking session
is known. If one has no other information, a uniform distribution can be used. If one
has more information, more specific distributions should be used. For example, as shown
in Figure 4.9, in an VR application where a person’s head position is tracked to drive
a display, more accurate tracking is needed when the person is near the display since a
slight movement close to the screen would cause a huge movement of the contents on the
display. Another example is that when the feature point is at the top of a person’s head
and we know that the head will not face downward, we can limit the occluder orientation
distribution to include only those directions pointing upwards. This shows that one benefit
of using sampling in our quality metric formulation is that it easily allows applicationspecific constraints and/or requirements to be included in the quality evaluation.

4.3.7 Summary of our proposed metric
Based on the analysis of the previous section, we summarize the final version of our proposed quality metric as:

à
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denotes the probability distribution of a random variable ,

the set of planes going through point

Ô

(4.8)

)(*

and


ÒÔ ×

is

of all possible orientations. Both the points in

the working volume and the occluder (plane) orientation are drawn from some a priori
distribution.
The assumptions that we have made are that all feature points are independent and there
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Occluder Orientations
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Figure 4.9: Examples of using non-uniform distributions in the computation of the quality
metric. Left: uniform and non-uniform spatial point sampling in the an immersive room,
a user’s position is use to drive a display on one side of the wall (marked by a thicker
black line). In order for the display program to have uniform response in terms of screen
pixels, more accurate tracking is required when the user is close to the display because a
slight movement close to the screen would cause a huge movement of the contents on the
screen. Therefore, regions near the screen is sampled more frequently to give them a heavy
weighting in the quality metric. Right: uniform and non-uniform sampling in occluder
directions. An example scenario where the non-uniform distribution is used for tracking a
feature point on the top of a person’s head, and we know that occluder (the top of the head)
will not face downward.
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is only one occluder at a time; thus inter-object occlusion is ignored.

4.3.8 Practical issues
The quality metric defined above is the theoretical quantity that we would like to use to
measure camera configurations. However, as can be seen from its formulation, in practice there are a few components in the definition which are up to the system designer to
specify, such as which norm to use to combine the per-point uncertainty value, and which
general function to use to aggregate the effect of multiple occluders. The decision is very

application dependent. For example, for the choice of the Û -norm with which to combine
the spatial samples, if one wants to evaluate the worst-case, one should use the infinitynorm, which is the max() function. If one wants to evaluate the average quality, 1-norm
(mean-error) or 2-norm (mean-squared-error) can be used. If one wants to combine this
metric with some generic optimizer to obtain an optimal solution, it should be noted that
the infinity-norm results in flat regions on the function landscape. Therefore, optimizers
which rely on gradients in the landscape will not work optimally. We have found that a
2-norm works well in practice.
The choice of the general function


ü

to aggregate the effect of all possible occlud-

ers is even more flexible and application dependent. In other words, the function chosen
should reflect what the designer “wants” or what is “desirable” based on the application.
For example, a straight-forward and physically intuitive choice is again some sort of Û -

norm, indicating the final quality is an “average” based on all occluders. In fact, 2-norm
will also be used for



ü

in the simulations presented later in this chapter. But this aggre-

gation function can take on a more complex form than a simple Û -norm, and is up to the

system designer. The main contribution of this work is to provide the “components” of
the quality metric, e. g. the resolution based uncertainty
result ð

ÒÔ¿Õ¯Ù#Õ Úíì ×

ÓiÒÔ¿Õ¯ÖTÕ¯Ù ×

and the visibility test

in Equation (4.3), and a framework to put them together. But the sys-

tem designer can choose the specific ways to merge these components into a final quality
metric.
For example, the way that Equation (4.3) is defined implies that if a point is being seen
by no camera or only one camera, the size of the uncertainty volume is infinity because
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there is one direction that has infinite uncertainty, i. e. instances where at least two cameras see a point will get finite (and probably small) uncertainty values. This agrees with
physical principles, but for certain applications there may be other reasons where it is desirable to have at least three cameras see a point. In this case the system designer can
completely ignore the definition of ç<è½é ë in Equation (4.3), and simply count the number of

instances in which 0, 1, 2, 3, etc. cameras can see the point. A very “bad” score can then
be given for the cases where fewer than three cameras see the point; the final metric can be
the individual scores for the number of unoccluded cameras weighted by their frequency of
occurences. Another example is that, in Equation (4.3), the resolution-only based the uncertainty ÓiÒ

ÔïÕFÖÕ¯Ù ×

and ð

ÒÔ¿Õ¯Ù#Õ Úíì ×

are multiplied together. This has a physical interpretation

that the overall uncertainty a point is the resolution-only based uncertainty conditioned on

it being seen. In other words, once the point is occluded, ð is infinity and the overall uncertainty is infinity, no matter how small the resolution-based uncertainty is. What this metric
means is that, quantitatively, having occlusion is much more severe than bad resolution,
which is physically correct. However, if in certain applications the system designer wants
to guarantee certain minimum resolution and occlusion is a secondary concern, what he
probably can do is to evaluate candidate configurations using the resolution-only metric,
then out of the configurations that satisfy his resolution requirement, he can evaluate them
again using our metric with the occlusion model and pick the least occlusion prone configuration. How to configure the quality metric to satisfy non-physically based requirements
by certain applications is non-trivial and requires more future research, and this will be
discussed in Chapter 5.

4.4 Experimental verification
Even though we formulated of our quality metric based on physical principles, we have
made some assumptions and simplifications during the course of development, and therefore, we would like verify that the simplified model still reasonably explains reality. In
order to do that, we set up 256 different camera configurations using up to 8 cameras. We
selectively disable subsets of the 8 cameras, so that we have one setup with all cameras
activated, 8 setups with 7 cameras activated, each with a different camera disabled, and
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28 (i. e. 8 choose 2) setups with 6 camera activated, etc. Therefore the total number of
different setups is 256. This way we only need to calibrate all 8 cameras once (using the
method described in Chapter 3) but are able to obtain 256 different camera configurations
to compare.
For each configuration, we attached a bright LED on various parts of a human body
such as the head, shoulder, knee, etc. We let the person move around in a working volume
and by processing the video streams from the various cameras, we are able to count at each
sampled time instant, how many cameras can see the bright LED feature point. Aggregating the number of “visible” cameras of all of the frames of all of the sessions (with the
LED placed on different body parts) yields a histogram for a given camera configuration,
showing how often how many cameras can see a point attached to a body. Such a histogram is shown in Figure 4.10. This histogram gives us some idea of the characteristics
of the occlusion for that particular configuration in motion tracking. Next we determine
the camera parameters through our multi-camera calibration scheme and feed those as input to our quality metric. Given this configuration, we can also use the occlusion model
in our proposed quality metric to predict how often a random point in the volume is seen
by 0, 1, 2, 3, etc. cameras, and generate a predicted histogram for the number of visible
cameras.We used a uniform distribution for both the occluder orientations and the target
positions in the working volume. A good model should predict a histogram that is similar
to what is obtained from the experiment. In order to see the “similarity” quantitatively, we
use the common regression analysis technique [57].
In order to perform the regression analysis, one needs to come up with a single quantity
for each experimentally obtained histogram and predicted histogram. Since it takes at least
two cameras to perform triangulation to determine the 3D position of a point, it is important for 3D tracking systems to have at least two cameras seeing the feature point as often
as possible. Therefore, by summing up the number of occurences of 2 through 8 visible
cameras on the histogram and then dividing by the total number of cases, we are able to obtain an estimate of the probability of at least two cameras seeing a point for a given camera
configuration. We compute this probability for each of the 256 camera configurations both
from the experimentally obtained data and through our simulation, and the experimental
and predicted probabilities are plotted against each other in Figure 4.11. A perfect model

CHAPTER 4. DETERMINING OPTIMAL CAMERA CONFIGURATIONS

90

3000

2500

Number of occurrences

2000

1500

1000

500

0

0

1

2

3
4
5
Number of visible cameras

6

7

8

Figure 4.10: Histogram of the number of visible cameras of an 8-camera configuration,
plotted from data obtained from 12 motion capture sessions.
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Figure 4.11: Correlation between the experimental and the model-predicted data. Each
point represents a specific camera configuration. The x-axis is the probability predicted by
our dynamic occlusion model, and the y-axis is the measured probability aggregated from
all 12 experimental data sets.
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Figure 4.12: The predicted probability (shown by ’x’s) and experimentally acquired probability (shown by ’*’s) vs. the number of cameras in the configurations.
would generate a straight line from

Ò Õ ×
/. .

to

Ò ÷ Õ ÷ß× , showing perfect correlation.

But the

prediction from our model is quite good as well. The correlation coefficient between the
experiment and prediction is 0.968, quite close to 1. Moreover, the correlation between
the experimental data itself is 0.98, which means that there are variances in the data itself,
and therefore that a correlation of 0.98 is the upper bound of how well the experimental
data can be predicted. Given that, we conclude that the simplified occlusion model in our
quality metric predicts the actual occlusion behavior quite adequately. The small variances
that this model did not account for are probably due to the fact that we used a uniform
distribution for occluder orientation and target position, which is not really true. A more
specific and accurate distribution is expected to improve the correlation, and is the subject
of future research.
The same data in Figure 4.11 can also be shown in another form in Figure 4.12, in
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which the predicted and experimentally acquired probabilities are plotted again the number
of cameras in the configuration. This graph shows that the more cameras there are in a
system, the less often occlusion occurs.

4.5 Camera placement examples: impact of dynamic occlusion
The major way that we envision these metrics being used is in conjuction with some optimization process. The metric’s role is to tell whether one configuration is better than
another. However, it is even more interesting and useful to obtain some general intuition
and guidelines as to what kind of camera configurations are ”better” than others by analyzing various camera configurations. This is a more challenging task, since reaching general
conclusions requires a lot of analysis, synthesis, and verification, and it is also not clear
whether such a general trend exists. However, based on the resolution-only metric, previous
researchers in computer vision have performed some analysis on a few simple configurations with 2-4 cameras and have developed some intuition as to what kind of camera setups
are preferable over others [91, 60] in terms of uncertainty due to limited image resolution
only. In this section we seek to do some thing similar. We consider several simple camera
configurations, and evaluate them using both our quality metric, and the resolution-only
metric. The objective of doing this is, first, to understand the interaction of resolution and
occlusion, and whether they have similar or different requirements on camera placement
patterns. Second, our previous intuition on camera placement was based on minimizing
resolution-only based uncertainty, but since occlusion must also be considered in placing
cameras for motion capture tasks, it is important for us to build intuition based on our new
metric, that takes account of the impact of both resolution and (dynamic) occlusion on position uncertainty. More specifically, in the following examples, two different metrics are
used for evaluation. One is the resolution-only metric, which is based on Equation (4.7)
with ç

ÒÔ ×

defined by Equation (4.2). Another metric is the resolution-occlusion combined

metric, as defined by Equation (4.8). For both metrics, 2-norm is used for all aggregation
functions. For the combined metric, the probability distributions used for dynamic occluder
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directions and spatial point sampling are uniform distributions.
The first example shows the impact of occlusion on a camera placement pattern. Cameras are constrained to move on an outer sphere, and both have a fixed field of view (FOV)
that is enough to cover the target sphere, as shown on the left of Figure 4.13. Because
of symmetry, the parameter that really independently affects the quality is the relative angle
0

between the two cameras. We plot the quality for 0 s from 0 to 180 degrees, with

and without considering occlusion. If we consider resolution only, the best configuration
occurs when the two cameras are oriented perpendicular to each other, since the ”good”
direction of the 3D error of one camera cancels the ”bad” direction of the other. However,
when the combined metric with dynamic occlusion is used, the best configuration is with
the two cameras facing opposite to each other, because this increases the probability that
there is at least one camera seeing the target space for occluders with arbitrary orientations.
Note that in general, the result as to what is a ”preferable” pattern is closely tied to how
the metric is defined, so any result should be interpreted in this context. Since we use
2-norm when aggregating the uncertainty values in various directions in Equation (4.2) as
well as in Equation (4.3), it is a mean-squared-error. Consequently, when a point is not
seen by any camera, the uncertainty in all directions is infinity (a huge number in practice), so the overall

ç<è½é ë

is huge. When a point is seen by one camera, only one direction

(the line connecting the target point and camera center) has a very large uncertainty value;
the uncertainty values in the other directions are finite and relatively small, therefore the
overall (average) uncertainty value for this point is small. What this means is that by using
2-norm, a point seen by one camera is better than a point seen by no cameras. Based on
this assumption, when dynamic occlusion is considered, two cameras that look opposite to
each other are preferred. If in an application a point seen by one camera is no better than
one seen by no cameras, then the metric needs to be configured to reflect that by using a

Î0ÝßÞ Ò ×

function in Equations (4.2) and (4.3).

The second example illustrates the impact of occlusion‘ on the number of cameras

needed to cover a certain space. As in the first example, the task is to cover a spherical
space; cameras are constrained to stay on an outer sphere with fixed FOV. We used an
evolutionary algorithm based optimizer [85] to find the best quality achievable for a given
number of cameras. Figure 4.14 plots the best quality vs. the number of cameras. It can
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Figure 4.13: An example of placing two cameras. Left: Two cameras constrained to move
on an outer sphere trying to cover a inner spherical target space; the angle with which
they intersect the sphere center is 0 . The occlusion and resolution metrics are minimized
at different angles. Center: 3D uncertainty vs. 0 considering resolution only. Right: 3D
uncertainty vs. 0 considering occlusion only. (0 is from 0 to 180 degrees.)
been seen that, if resolution is the only consideration, the best quality doesn’t improve much
after the space is covered by two cameras. However, if dynamic occlusion is considered,
adding more cameras continues to improve the quality.
The next example demonstrates the impact of occlusion on the setting of camera focal length (or equivalently, the FOV). Two typical extreme configurations are considered
(Figure 4.15). One configuration has two clusters of cameras. Each cluster consists of 4
narrow-angle cameras, each covering only one-quarter of the target space. The two clusters are placed so that they are 90 degrees apart on the outer sphere. This configuration
is analogous to using two perpendicular high-resolution cameras. The other configuration
consists of 8 cameras spread evenly around the sphere. In this configuration each camera’s
FOV is wide enough to cover the whole sphere. If no occlusion is considered, the narrowangle solution gives the best overall resolution. If occlusion is considered, the wide-angle
configuration is better since it is more robust. In the wide angle configuration each point
is observed by eight cameras rather than two. This example shows that resolution improvement and occlusion reduction have conflicting requirements on the FOV of cameras.
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Figure 4.14: Quality vs. number of cameras. (a) 6 cameras constrained to move on an
outer sphere trying to cover a inner spherical target space; (b) 3D uncertainty vs. number
of cameras. Error due to resolution only is nearly minimized by only two cameras. Many
more cameras are needed to ensure robustness against occlusion. Also note that the exact
number of cameras needed to reduce the 3D uncertainty to a resonably small value depends
on the relative radius of the spheres, so the ”7” on the graph is not a magic number. The
larger the inner sphere compared to the outer sphere, the more cameras are needed because
it is harder (or less likely) to ensure that a point on the surface of the inner sphere is seen
by at least two cameras.
Thus, given limited camera resources, trade-offs have to be made between the importance
of resolution and robustness depending on the specific application.
In the next example we demonstrate how one can apply the proposed metric in a more
practical setting to automate the camera placement process, and the impact of dynamic
occlusion.
We combine the metric with the evolutionary-algorithm-based optimizer in order to
automatically find a placement solution. This optimizer is chosen because it is robust when
function landscapes are discontinuous and also because of its ability to allow constraints
on the variables that we want to optimize.
First we try to place three cameras of fixed field of view to cover a square floor, considering resolution only. The cameras are constrained to be on the ceiling. As shown in Figure 4.16(a), one of the configurations that the optimizer generated that gives good overall
resolution puts two cameras far enough apart to just cover the whole floor, with the relative
orientation between them approximately 90 degrees. What’s interesting is the pose of the
3rd camera. In the solution shown, it is placed on the ceiling looking straight down and
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Figure 4.15: Effect of different FOVs. Left: Two camera clusters seperated by 90 degrees.
Each cluster consists of 4 narrow angle cameras, equivalent to a single high resolution
camera. Right: All cameras are wide-angle and evenly spread around the sphere in 3D. The
diagram is a visualization only; the cameras are not coplanar. The resolution only metric
prefers the former case, while the metric with occlusion considered prefers the latter.
covering the ”back” region relative to the other two cameras. This makes sense because we
know that the uncertainty region for each camera is an ”ellipsoid” with the worst (longest)
direction being the line connecting the target point and camera center. When two cameras
are pointing in approximately perpendicular directions, the two bad directions cancel each
other, and the resulting uncertainty volume for a point is like a sphere with more-or-less
even uncertainty in all directions. However, the value of this uncertainty is larger for points
that are farther away from the two cameras. Therefore, the region that is farther from the
two cameras (red and blue ones in Figure 4.16) has worse 3D uncertainty due to resolution.
To compensate, the 3rd camera is placed closest to that region to provide higher resolution.
In contrast, if our goal is to optimize for the least probability of occlusion, by applying
the metric with a high occlusion weighting, the placement that the optimizer found is shown
in Figure 4.16(b). As can be seen, this arrangement has all three cameras backed off so that
each of them covers the whole square, i. e. every point on the floor is covered with all three
cameras. This matches our intuition that the more cameras there are that see the target, the
less often occlusion might happen.
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(b)

(a)

Figure 4.16: An example of placing three cameras. Optimal placement patterns of three
cameras constrained to be on the ceiling trying to cover a square floor. Colored ”shadows”
are drawn and superimposed on the floor to show the cameras’ coverage. (a) in terms of
resolution only. The purple part on the floor is the part covered by both the red and the
blue camera. (b) in terms of the combined metric with dynamic occlusion. The cameras
are backed off and evenly distributed around the patch. Every point on the patch is covered
by all three cameras.
It is interesting to note that we have asked people in our lab to propose camera configurations. No one proposed a design similar to the optimizer’s optimal resolution placement;
however, once everyone saw the computer generated design, all agreed that it makes sense.
This illustrates the necessity of a quantitative approach to camera placement.

4.6 Conclusions
In this chapter we have proposed a metric to evaluate the quality of a multi-camera configuration, in terms of both resolution and occlusion. It includes a probabilistic occlusion model
that reflects the dynamic self-occlusion behavior of the target which is commonly found in
feature-based motion tracking systems. The computation of the model is sample-based,
making it easily adaptable to applications with various occlusion characteristics. In addition, a metric that takes into account both resolution and occlusion allows the previously
ad hoc process of placing multiple cameras to become an automated quantitative process.
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The inclusion of the probabilistic based occlusion model makes it especially useful for designing motion capture systems and other occlusion-dominant tracking systems. In simple
situations, it should do as well as a human designer’s intuitive solution. In more complex
situations, it enables the automatic generation of solutions that may take a human designer
a long time to find. Moreover, it enables the finding of optimal camera configurations when
the placement solution has to be automatically generated. We have verified the validity of
the occlusion model by experimental data. We also have demonstrated how this metric can
help us in understanding the design trade-offs of camera placement. Additionally, camera
configurations can be designed automatically or semi-automatically for tracking systems
with various requirement and constraints.

Chapter 5
Summary and Future Work
5.1 Summary of contributions
The non-intrusive nature of cameras makes them a very attractive choice for sensors for motion tracking, which has numerous applications in surveillance, entertainment and medicine.
Recently, as the cost of imaging sensors as well as processors decrease, large scale tracking systems utilizing many cameras are emerging because they allow for a larger working
volume, higher tracking accuracy, more robustness, and greater flexibility. However, the
added complexity of such systems makes it difficult to calibrate all of the cameras into a
single global coordinate frame in a scalable fashion. It also introduces the problem of how
to optimally place (or configure) cameras to maximize the tracking performance. Another
question is how the hardware and software architecture should be designed to accommodate
the large number of cameras in a scalable and flexible manner.
The original contributions of this dissertation are:
First, we have developed a novel wide-area multi-camera calibration scheme. A system
of many (possibly asynchronous) cameras can be calibrated with respect to a global coordinate system in minutes by simply waving a bright light in the working volume observed
by the cameras. This scheme does not require physical measurement of 3D positions and
thus is easy and quick to carry out; the method is adaptable to working volumes of any size
and shape, and scalable to the number of cameras. Moreover, it can easily calibrate camera
setups where not all cameras have an overlapping field of view, a situation that traditional
100
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methods cannot not handle.
Second, we have proposed a quantitative metric for evaluating the tracking quality given
a multi-camera placement configuration. Even though occlusion of tracked objects has a
huge impact on motion tracking, previous work only uses the 3D uncertainty caused by
limited image resolution of cameras to evaluate quality. Our metric considers both image
resolution and the likelihood of target occlusion. In the formulation of the metric, we
have proposed a novel probabilistic model that estimates the dynamic self-occlusion of
targets and have verified its validity through experimental data. Using this metric, we have
analyzed various camera placement patterns and shown the impact on camera placement
requirements when considering either only resolution or both resolution and occlusion.
In addition, we have designed and implemented M-Track, a scalable tracking architecture for real-time motion tracking with tens of cameras. Its one-processor-per-camera
design enables the parallel processing of high-bandwidth image data. The employment of a
central estimator based on extended Kalman filtering allows the smooth and asynchronous
integration of information from camera-processor pairs. Since cameras are not required
to be synchronized, this architecture results in easier deployment, and enables the employment of heterogeneous sensors including cameras with different resolutions and frame
rates. The central estimator also enables the tracking of multiple features and the continuous and automatic labeling of these features once they are labeled in the initial frame. In
addition, it allows the continuous tracking even when some feature points are temporarily
occluded. Three end-to-end VR and motion capture applications, namely LumiPoint, head
tracking, and simultaneous body/face capture, are built upon this architecture to demonstrate the validity and usefulness of the system.

5.2 Future work
Many-camera systems have only recently been commercialized, and they can only be afforded by large, well-funded institutions in the government or the entertainment industry
due to high-end requirements on necessary components and high operating costs (complexity and manual labor). Many-camera systems with commodity parts have just become feasible recently; the architecture and capabilities of these systems are still an active research
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area because many open problems remain to be solved. This dissertation has addressed
issues in camera calibration, placement and system design. Certainly more can be done to
elaborate on the work reported in this dissertation, and even more can be done to address
other issues in many-camera tracking that have not been the topic of this dissertation.
Calibration
Several avenues can be pursued to enhance our proposed multi-camera calibration scheme.
One is to enable dynamic auto-calibration. Currently, cameras are calibrated statically
in the sense that they are calibrated once after they are installed, and if afterwards some
of their poses change (e.g. when bumped), a human operator needs to notice that the
system is now miscalibrated and repeat our proposed calibration process. It the system
needs to be running all the time, it is desirable for the system to dynamically “notice” a
mis-calibration from the inconsistency among cameras and automatically re-calibrate the
mis-aligned camera(s) based on observations obtained thus far. Another enhancement is
to enable scalable intrinsic calibration. Our current methods only deal with the scalable
calibration of extrinsic parameters. Although extrinsic parameters tend to change more
frequently then intrinsic ones since any movement of cameras would result in a change,
intrinsic parameter calibration is still carried out on a per-camera basis, and can be tiresome
when there are a lot of cameras. It would be desirable to develop a scalable scheme that
calibrates both extrinsic and intrinsic parameters.
Placement
As mentioned in Section 4.2, there has been relatively little work on camera placement
issues for motion tracking applications. The quality metric described in this dissertation
serves as a first step toward the final goal of optimal camera placement. A number of
avenues can be pursued to carry this work further.
First of all, it would be very useful to build a user-friendly interactive camera planning
system that utilizes this metric. The main contribution of our metric is to provide an approximate model to predict dynamic occlusion (i. e. the probabilities of target being seen
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, cameras) and to demonstrate the impact of considering occlusion on cam-

era placement in addition to image resolution. We have seen that resolution and occlusion
sometimes will result in conflicting requirements on camera placement patterns. We have,
in our examples, lumped together the effect of the two using the notion of 3D position uncertainty, which is based on physical principles. However, in practical camera placement,
users might have other ways to specify their requirements, and sometimes the requirements
are not physically based. For example, “I want 3D resolution of at least : when a point does
get seen, and only when that requirement is satisfied do I care about having less occlusion”.
Or “I want to maximize the probability of a feature point being see by at least three cameras rather than two, and I want the score for points being seen only by two cameras much
worse than those seen by three”. Statements like these reflect relative weightings between
resolution and occlusion that are different from the physically-based one implied in the 3D
uncertainty formulation. Therefore the final single-valued metric will also be different. It
is important for a practical camera planning tool to provide a suitable interface for users
to specify their particular needs and relative weighting, and then to “translate”these into a
single metric. This metric will still consist of various components developed in this dissertation, such as the various occlusion probabilities, but they will just be combined in a
user-defined function rather than the physically-oriented 3D uncertainty formulation.
Second, the performance prediction model in our current metric assumes that all feature
points are independent. However, feature points are actually correlated in quite a few practical systems, especially the one employing more sophisticated algorithms. For example,
points are temporally correlated in a system where occluded points are interpolated from
their positions in previous and later frames; points are spatially correlated if a rigid body
or articulated figure model is imposed on points seen in the same frame. In both of these
cases, the occlusion of single point would not cause as disastrous of a result as in a system
with multiple independent points. Therefore, the performance penalty due to that occlusion should not be as high. More elaborate models should be developed to handle these
situations.
Another useful direction of research is to obtain more precise probabilistic models for
human motion. As can be seen from the formulation of the quality metric in Section 4.3,
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more accurate prediction of the occlusion behavior would require more specific probabilistic models for target motion in terms of their directional and spatial distributions.
Moreover, it would be desirable to develop quality metrics that evaluate other aspects
of the tracking system performance besides 3D positional accuracy, as a function of camera configuration parameters in addition to position and orientations. For example, frame
rate can be another camera parameter that can be included in a camera configuration, and
latency is an important performance measure for many interactive systems. It would be
desirable to develop a comprehensive model to allow designers to evaluate various configurations and to choose the best one that minimizes latency.
System design and general tracking
One goal for the system described in this dissertation is to provide a working prototype to
support end-to-end applications and a test bed for further research in multi-camera tracking.
Because of this, in terms of system design, more focus was given to developing a working
end-to-end system that is adequate to support our required applications and flexible enough
to be enhanced later. Our architecture choice only represents a point in the design space and
further exploration on alternative designs should be carried out to find more efficient system
solutions. Specifically, the many-to-one star topology between the clients and server would
not be able to scale well when the number of cameras increases much from the current level,
and a fully distributed solution, where all camera-processor pairs can communicate with
each other, would be very desirable if we are interested in building systems with hundreds
of cameras. Another promising direction would be hybrid tracking systems that include
other types of sensors (such as acoustic or magnetic ones) besides optical cameras. The
hope is that the different types of sensors can complement each other in terms of latency,
range, rate, etc. A fully-distributed, wide area sensor network would be our ultimate goal.

Appendix A
Kalman Filtering: Theory and
Implementation
In this appendix we first give background information on the discrete Kalman filter and its
non-linear variation, the extended Kalman filter. Then we proceed to describe the detailed
models and filter implementations in M-Track. Lastly we describe how we set the filter
parameters. More details on Kalman filtering can be found in [14] and [5].

A.1 The discrete Kalman filter
Since R. E. Kalman published his paper in 1960 [47] describing a recursive solution to
estimate the state of a linear discrete-time random process, the set of recursive equations
he presented, the Kalman filter, has been the topic of extensive research. Extensions and
variants have been proposed that have been widely used in applications ranging from the
Global Positioning System to financial market prediction.
The filter operates in a cycle of prediction and adjustment. It predicts the process state
(the parameters that we are interested in) based on a model of the process dynamics, and
then adjusts this prediction based on the discrepancies between the predicted state and
some actual measurement of the target. The measurement can be a direct measurement of
the states, or an indirect measurement of quantities that are affected by the states. Both
the dynamic prediction process and the measurement process are assumed to be corrupted
105
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by some additive Gaussian noise with known variance. The filter maintains the first two
statistical variants of the process state: the mean and the variance. The final estimate of
the state is usually some weighted average of the predicted state and the measured state,
where the weights reflect (inversely) how much uncertainty there is in the dynamic model
and in the measurement model. The Kalman filter is optimal in the sense that it minimizes
the expected mean squared error between the estimated and the “true” states, if certain
conditions on the process, models and measurements are met. Though in practice these
conditions are seldom met, the Kalman filter has been shown to be able to generate robust
and satisfactory results in many less-than-ideal circumstances.

A.1.1 Mathematical models
The Kalman filter must have two mathematical models for prediction. The first is a dynamic
model that describes how the current state is evolved from a previous state, i. e.
;
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The second is called a measurement model which describes how the measurement is
derived from the current state, i. e.
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The notation and terms used for the vectors and matrices in Equations (A.1) and (A.2) are
specified as the following:
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see Appendix A.3.2).
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process noise vector. Each element of B
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is assumed to be a white sequence

with known covariance. A white sequence is defined as a sequence of zero-mean,
uncorrelated random variables, e. g. the discrete analog of a continuous-time random
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process. That is, the random variables within a given sequence (vector) have zero
means and are mutually uncorrelated.
D
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Ò
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Ò
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measurement vector at time MON

×

matrix describing the noiseless relationship between the measurement and

the state vector at time MON
G

N

Ò

:

JS

÷ß×
K

measurement noise vector. Each element of
G

N

is assumed to be a white

sequence with known covariance and is uncorrelated with the elements of B
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The Kalman filter models the uncertainties in the dynamic prediction and the measurement processes as two independent, additive white noises. More precisely, the elements
of both the process noise vector B
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A.1.2 Derivations of the filter equations
Before the filter can begin to operate and estimate a process state from some measurement,
two more assumptions must be made. First, we need to assume that at this point we already
have an a priori estimate of the process state, qsp t r , based on our knowledge about the process
prior to
u

t

. (The “hat” denotes estimate.) We also assume that we have some idea of

the accuracy of this estimate. That is, we define the estimation error to be the difference
between the “real” state and the estimated state:
v tr

q
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and we define its associated error covariance matrix to be
y
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This covariance matrix reflects the filter’s own estimate of its state uncertainty. Note also
that any change in the state estimate q p would result in a change in v , which in turn would
y

change the estimation covariance . Thus,
Given the prior estimate
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needs to be updated every time q is updated.
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is defined as the blending factor or gain that minimizes the error covariance
associated with the updated estimate q p
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(The justification for choosing the specific form of Equation (A.8) is beyond the scope of
this short tutorial, and can be found in Section 5.8 of [14]). This minimization is achieved
in several steps. First we substitute Equation (A.2) into Equation (A.8); next we substitute
the resulting expression for
trace1 of matrix

y
t

q t
p

into Equation (A.9). Then we take the derivative of the
t

with respect to

, set the derivative to zero, and solve for
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. The

resulting optimal gain is
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m

that minimizes the mean-square estimation error is called the Kalman

gain. It is interesting to note from Equation (A.10) that, as the prior estimate error
1

The trace of a matrix is its major diagonal.
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approaches zero and as a result the updated estimate q p
t

approaches zero, the gain

proaches the prior estimate qsp t r . On the other hand, as the measurement error
zero,

t
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and consequently, the updated estimate q p
t

t

t

ap-

approaches

m

approaches

t r{  t

,

which can be interpreted as the state that is mapped back from the actual measurement
using the inverse measurement model. The smaller the measurement error

t

is, the more

m
“believable” the actual measurement is and the more the actual measurement
contributes to

the updated state estimate; on the other hand, the smaller the prior (predicted) estimate error
y

tr

is, the more we believe the predicted state and the more the predicted state contributes

to the final state estimate.
We now have a way to obtain an improved estimate of the state with the additional
information provided by the measurement at time u t , using of Equation (A.8) with
q

to the Kalman gain. This requires the knowledge of
to know
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can be easily predicted through the use of the process

model given by Equation (A.1), and the associated error covariance
r 
t

set

, and similarly we need

at the next step in order to process a new measurement at u

The prior state for the next step
by plugging q

t

y

tr 
=


can be evaluated

into Equation (A.7) and performing the indicated expectation.

To summarize, the Kalman filter is a set of equations that assimilate discrete measurements into optimal state estimates in a recursive fashion. The filter operates in a predictionadjustment cycle. The equations in the prediction stage project forward in time the current
state to obtain the a priori estimate for the next time step, and the equations in the adjustment stage incorporate measurements at the next time step into the a priori estimate to
obtain an improved a posteriori estimate. The complete set of equations for the prediction
stage and adjustment stage are listed below2.
Prediction equations:
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All of the Kalman filter equations can have several mathematically equivalent forms. We will just list
one form here.
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Adjustment equations:
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A.2 The extended Kalman filter
The original Kalman filter assumes linear dynamics and linear measurement models. However, many practical applications have non-linear dynamics and/or non-linear measurement
relationships, and it is important to have a way of linearizing the problem. This can be
handled by an extension of the original, called the extended Kalman filter (EKF). An EKF
linearizes the model(s) about a trajectory that is continually updated with the state estimates
resulting from the measurements. Though the EKF is sub-optimal due to the linearization,
it has been successfully used in numerous applications with non-linear models in the past
and continues to be one of the most important and widely-used extensions of the Kalman
filter. As with the discrete Kalman filter, the EKF also operates in a prediction-adjustment
cycle. The filter equations for the prediction stage and adjustment stage are listed below:
Prediction equations:
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(A.20)
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The basic operation of the EKF is very similar to that of the linear discrete Kalman
filter, except for a few differences.
1. A non-linear function
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represents how much change occurs in the next state given

a unit amount of change in the current state, i. e. the sensitivity of the next state to the
current state; similarly, Jacobian matrix 

t

describes the sensitivity of the measurement to

a unit amount of change in the current state.
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A.3 The Kalman filter implementation in M-Track
In this section we describe the (extended) Kalman filter implemented in M-Track. We
shall describe the detailed state vector, dynamic model, measurement vector, measurement
model, and the associated noise covariance matrices. We shall summarize the complete
filter cycle including an additional step called data association that was not present in the
theoretical filter cycle but is unavoidable and necessary in practice. We shall also describe
how filter parameters are determined.

A.3.1 The Kalman filter cycle in M-Track
The state vector
In the current M-Track implementation, there are three types of targets with different associated Kalman state vectors. The target can be a single point, in which case we only
need the position and its derivatives (velocity, acceleration, etc.) to describe its motion.
The target can also be a rigid object with multiple LEDs mounted. In this case we need
both the position and orientation (as well as their derivatives) to fully describe the motion.
There is also the case where the target is a full articulated human body with multiple LEDs
mounted. Even though it is possible to represent its motion using one absolute position together with a set of relative angles between linkages with known lengths (for example, see
[12]), we choose to treat this case as multiple independent single points, each with a position vector. This is mostly for implementation simplicity because using this representation
we can leverage our implementation of single point tracking and extend that to multiple
instances3 . Since a single point is just a degenerate case of a rigid body (with no need for
orientation), in this subsection we will describe the Kalman models and parameters used to
track a single rigid body. The approach that we took to extend the single target algorithm
to track multiple targets is described in Section 2.2.3.2 of the main text.
Since the position and orientation (and their derivatives) completely describe the motion of a rigid body, we could just include them directly in the Kalman filter state vector
3

Since we are mostly interested in tracking architecture issues in this work, we consider articulated figure
modeling an orthogonal issue. Interested readers can find related work in [12, 37, 69, 54, 26, 51, 25, 58, 72,
10, 24, 45].
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are

common representations for position and orientation, respectively. However, to avoid the
non-linearities and singularities associated with Euler angles, in actual implementation we
maintain the orientation as a quaternion externally to the Kalman filter, as in [13, 1, 88].
More specifically, in the internal filter state vector q , while we maintain the target position directly using its Cartesian coordinates  , for orientation we maintain the change in
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to obtain the updated global orientation, and then zeroed

before the next filter cycle as shown in Equation (A.41). Thus, the incremental Euler angles are linearized for the EKF, centered about zero. These incremental Euler angles do not
overparameterize rotation and are approximately independent, and therefore can be used
for reliable linearization. In addition, the internal state vector also includes the first derivatives of target position and orientation, i. e. the velocities in 3D and angular velocities
about the (x,y,z) axis. (The angular velocities are included in the state vector directly because they behave more like independent vectors and do not exhibit the non-linearities of
the Euler angles themselves). Therefore, we have
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as the complete EKF state vector for a rigid body. The global orientation
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is maintained externally and used in the linearization at each filter step.
The dynamic model
The dynamic model in a Kalman filter describes how the process to be estimated varies
with time when no external force is exerted. In M-Track, the process to be estimated is
the motion of the target, where the target is either human-held objects or an actual human.
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Figure A.1: Continuous-time constant velocity dynamic model. For each element ° in the


position and orientation state vector ± O¬+ £o² , ³ is the corresponding white noise
that drives that element. The linear and angular accelerations are thus modeled as zeromean white noise. As a result, the linear and angular velocities are modeled as random
walks (integrated random noise), and position and orientation are integrated random walks.
Modeling precisely the dynamics of human motion is a challenging on-going research problem in fields including bio-mechanics and medicine. In Kalman filtering, we are looking
for models that are simple enough to be implementable, yet still describe the physical phenomenon with reasonable accuracy. In M-Track, we have chosen a simple constant-velocity
model to describe the dynamics of target position and orientation, similar to previous work
[13, 1, 88, 11] describing the tracking of human motion. While employing a different dynamic model might improve the tracking performance for certain situations, such modeling
issues are not the focus of this thesis, and interested readers can find introductory materials
in Chapter 10 of [14].
The constant velocity model assumes that the velocity of the target will stay constant
but is subject to additive zero-mean random noise, e. g. the acceleration of the target is
assumed to be zero-mean white noise. The velocity, as the result of the integration of
the acceleration, is a random walk, and the position is an integrated random walk. This
model is also used for the orientation. Angular acceleration is modeled as zero-mean white
noise, and consequently, angular velocity is a random walk and orientation is an integrated
random walk. This is shown in block-diagram form in Figure A.1.
As seen in Equation (A.47) in Appendix A.3.2, for this constant velocity model, the
state transition matrix relating the element pair
are given by
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at two time instants that are ¡ju apart

, and this relationship holds for the remaining elements of the

state vector shown in Equation (A.25). Thus, after aligning the state elements with their
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for the full

12-member state vector q in Equation (A.25) as
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is the 3x3 zero matrix.

The process noise
t

The process noise vector Â

in Equation (A.1) models the uncertainty in the target motion.

The elements of this vector are white sequences that model the responses of the corresponding elements of the state vector q to the white noise source ³ (i.e. acceleration) over time
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. Even though the individual white sequences within Â
t

are correlations between the white sequences within Â
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given by the process noise covariance matrix
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model the instantaneous correlations between

a position/angle element and its respective derivative. The actual values for Ã

ÄÅ

and
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determined by empirical experiments, which will also be described in Appendix A.3.2.

are
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The measurement model
The measurement model is used to predict the noise-free sensor response given the filter’s
current state estimate as in Equations (A.25) and (A.26). In M-Track, since the measurements at any time are the 2D image coordinates of the LEDs on the target as observed by
a particular camera, this mapping depends also on the parameters of the camera, as well
as the position of the LED relative to the target coordinate frame. If there are a total of M
point features (LEDs) on the target, the 2D coordinates £p ÎÏ Ð of the Ñ th LED on the image
plane of camera Ò is
g Î

p ÎÏ Ð
£

| q
¤


Ð

ÔÓ«ÔÕ

^CÖ

(A.29)

where Ó denotes the parameters of camera Ò and Õ Ð denotes the 3D coordinates of the Ñ th
|

LED relative to the target local coordinate frame. The function



projection of the Ñ th LED from the complete state information q

and ¤ Ê , as well as from

Ê



computes the 2D

camera parameters and local LED coordinates. The detailed expression for



|


is quite

involved, but can be computed through a series of 3D and 2D coordinate transformations
and geometric projections [55, 28]. Since 

|/

used and a measurement Jacobian matrix Î



is non-linear, the extended Kalman filter is
is computed according to Equation (A.24).

ÏÐ

This Jacobian describes the sensitivity of the measurement to changes in the Kalman states.
Note that the matrix ÎÏ Ð has dimension ×ÙØWÚ , and that there is a different ÎÏ Ð for each
different camera and LED pair.
The measurement noise
The measurement noise reflects the uncertainty in the actual reported 2D image coordinates
due to random error such as imperfect feature identification, noise in the video signal, etc.
The noise on the Ñ th LED is represented by the ×ØÛ× measurement noise covariance matrix
Ð

. Assuming that our 2D feature location process is independent on the two axes of the

m
image
plane,
Ð

is a diagonal matrix

m

m

Ð

ÝÜ

§
Ã¾Ä l
h

h
¨
Ã Ä l~Þ

(A.30)
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§

¨

where Ã«Ä l and Ã«Ä l are the variances of our 2D measurement in the
image plane, respectively. Again, the values of

§
Ã Ä l
¾

and

¨
Ã Ä l
«
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and  directions of the

are determined empirically (see

Appendix A.3.2), and can vary among cameras if they are heterogeneous.
Measurement data association
The full predicted measurement vector is the concatenation of all LED observations
µàß

Ñ

ß·á

p Ð
£

,

. However, in actuality, a camera may not see all of the LEDs due to occlu-

sion. Therefore, the actual measurement vector  usually has fewer elements than p . More
important, in order to compute the measurement discrepancy or residuals in Equation (A.8),
we need to determine, for each actual observed 2D coordinate, which one of the

LEDs
á

has caused it. This problem of finding correspondences between the observations and predictions, known as the data association problem, has been an intense topic of research in
the tracking community for years [5, 18], and there is not yet a completely satisfying and
robust algorithm. We have adopted a modified version of the nearest neighbor algorithm
presented in [5]. For each observed LED dot, we search through all predicted 2D locations £p Ð ,

µÛß

Ñ

, and associate the nearest predicted location with this observation.

ß`á

Once we find the associated predicted dots for all actual observed dots, we can construct
the ×âÑãØ
µ

predicted measurement vector
p

by stacking up the appropriate individual £p Ð s

associated with the actual measurement. The measurement noise covariance matrix
the Jacobian matrix 
up the appropriate

for the Ñ

observed dots are formed in a similar fashion by stacking

s and UÐ s, as illustrated in Figure A.2. Since the p ,
Ð

and
m

, and 

asso-

ciated with the set mof LEDs that are actually seen are usually submatrices ofm the full forms
associated with all of the LEDs, we use a subscript “sub” to distinguish them from their
full counterparts. Obviously, the subset of the feature points being seen varies from frame
to frame and camera to camera. Therefore, the sizes of p äå æ ,
filter cycle to another.

äå æ

, and äå
æ

vary from one

m

The initial states and state error covariance
As described in the previous section, the Kalman filter maintains and updates a
covariance matrix

y

çeØCç

that reflects the filter’s estimate of the uncertainty in the states. In
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è

R sub
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LED 1

ẑ 2

LED 2

…

zˆ M
ẑ 4
ẑ1

R2
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RM
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R4

H4
R1

H1

LED M

Figure A.2: Matching the set of actually observed 2D dots éê'ëå éì with the set of all predicted locations p íîå ìÉì . Usually only a subset of the predicted points are observed. The
resulting prediction vector p äå æ that is used in calculating ¡¢ later only contains entries
corresponding to those observed points. Consequently, the äå æ and käå æ matrices used
m
in computing the Kalman gain are also sub-matrices corresponding
to only those observed
points. Note that the length of vector ¡¢ is ×Ñ , where Ñ is the number of LEDs actually
|
observed by a camera for that frame. For the same reason, the size of ä}å æ is ×ÑïØð×âÑ  ,
|
|
 , where ç
m Øð×Ñ
with Ñ
on its diagonal, and the size of äå æ is çR
is
×ñØð×  matrices
Ð
m
the length of the state vector.
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order to bootstrap, an initial value of

y
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needs to be given to the filter, along with the initial

values of the states. We start the tracker by putting the target object in some canonical
location and orientation, and feed the canonical position and orientation to the filter as
the initial states. In practice, the target object does not have to be precisely positioned or
oriented, and only needs to be close to the canonical location and orientation. We let

y

be a

diagonal matrix with its diagonal elements set to be some large number, signifying that we
don’t know much about the actual position and orientation of the target. The elements of

y

become smaller as more measurements are incorporated into the filter, resulting in smaller
uncertainties in the state estimates.
Summary of the complete filter cycle
The steps involved in a complete filter cycle with the specific models and parameters in
M-Track is summarized below.
At the beginning of each filter cycle, the filter already has the knowledge of the prior
internal state estimate
orientation ¤ p

t

r{

q t
p
r{

y

, its associated error covariance

t

r{

, and the prior external

, for the time instant which was ¡ju before the current measurement. Now,

to integrate the current measurement  from camera Ò with size ×Ñ
the filter cycles through the following steps (the subscript

for Ñ

observed LEDs,

is dropped for all quantities
f

corresponding to the current time instant for conciseness):
1. Predict the state and error covariance.
qr
p
y

|


r

q t
¡ju  p
r{





|


¡ju 

y
t

(A.31)
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b

where 

|

¡ju 

|

and

¡ju 

are given in equations (A.27) and (A.28), respectively.

b

2. Predict the measurement and compute the measurement Jacobian for all
points (LEDs) on the target.
p Ð
£
UÐ

n Î Ï Ð




q

| q
p

| qsr
p

r





¤p
¤p

Ó«ÔÕ


Ð

Ó«ÔÕ
Ð



á

feature

(A.33)
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for

µxß
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. Note that there is a different £Ð and Ð for every feature point.

ßná

3. Perform data association: for each observed LED dot find its associated predicted
location. Construct the corresponding prediction vector
surement noise matrix
×ÑóØôç

(of size

ä}å æ

×Ñ


p äå æ

(of length

) and Jacobian matrix

Øò×Ñ

m
) by constructing
the respective individual £p Ð s,
Ð

×âÑ

), mea-

ä}å æ

(of size

s and Ð s.

m

4. Compute the Kalman gain.
y


r

|


y

[



r


 r{


[

(A.35)

m

5. Compute the residual between the actual measurement  and the associated predictions p ä}å æ .
¡¢




w

(A.36)


p ä}å æ

6. Update the predicted state estimate and error covariance based on the measurement
residual and the Kalman gain.
q

qsr
p


p

y

C

|


(A.37)

w

¡ñ
ä}å æ 

y
r

(A.38)

7. Update the external orientation by factoring in the incremental rotation

|
¡




¡

£

¡



in the state vector. The incremental rotation, expressed in quaternion form, is given
by


¡ð¤ p

where ö


|
¡


Ä


¡



Ä



|/õ

w÷ö

¡

µ
Ä 

ø+ù

ø
¡



×


¡

ø


×


¡

ø

× 

(A.39)

. This incremental rotation is then composed with

the previous global quaternion to obtain the current global quaternion
¤p



¤p

t

r{^ú

¡ð¤ p

(A.40)
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Figure A.3: An example state trace generated by the central estimator, showing the x (blue),
y (green) and z (red) positions of a target point moving along a rectangular path in a plane
almost parallel to the y-axis.
where ú

denotes a quaternion multiplication ([40, 41]).

8. Set the incremental rotation elements

|


¡

¡



¡

+

in the state vector

q

back to

zero.
¡

And q p ,

y




¡





¡

h

(A.41)

and ¤ p become the priors for the next cycle when a new measurement comes in.

As an example, Figure A.3 shows the
rectangular path.

|-




position plot of a target moving in a
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A.3.2 Determination of filter parameters
t

The Kalman filter requires that the process noise covariance matrix
t

ment noise covariance matrix

and the measure-

b
, defined in Equations (A.3) and (A.4),
be known prior

m
to operation of the filter. In this
section we briefly describe how to set the value of these

matrices.
If the discrete model of Equation (A.1) comes from a sampled continuous-time system,
t

which is very common in practice, the covariance matrix associated with Â

can be eval-

uated analytically from their continuous models. We begin with a a continuous process
described by
q

?û
ª

where

ý

q

Cüþý

(A.42)

is a vector forcing function whose elements are white noise, and

û

and

ü

are

the matrices relating the derivative of the state to the state itself and the external force,
respectively . We consider the samples of this process at discrete times u
ÿ


u 





u

t


 .

State space methods [46] can be used to solve Equation (A.42) and relate the sample of q
at time u

t=


with the sample at u t :
q

where 

t

|
u

t

F

|




t=
u

 

t q
u 
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|

t
u ^
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u
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Oü

 

|

|
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can be evaluated from the continuous model by using the inverse Laplace (do-

nated by  ) transform


|

t=
u
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  u





r{ Y|


°

w

Ê 
 r{  Ê#Ê
û

(A.44)

Equation (A.43) can be equivalently written using a more concise notation,
q

t=


?

t q
t


Â

t

It can be clearly seen that this is the same as Equation (A.1), where 
matrix from u

t

to u

t=


, and Â

t

is the driven response at u

t


t

is the state transition

due to the white noise input
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t
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during the

u

t

t=
u






t

period. We can therefore analytically evaluate the
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matrix as

b
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is basically a matrix of Dirac delta functions because it is the

covariance matrix of the source white noise, and the amplitudes of these delta functions are
presumably known from the continuous model.
As an example, for the constant-velocity process used in our M-Track system (shown


in Figure A.1), the continuous model for an element, say , in the position and orientation
state vector ±




#

+O

, in this case is
²


´





h
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¶
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We can determine the corresponding discrete model (i. e.
terval of

|
³

´

t


t

and

) for a sampling in-

b

. In fact, we can drop the

subscript because matrices
f



and

dependent on ¡ju . First, the transition matrix can be evaluated simply as
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Next, given that we now know 

t

, and that z
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, the covariance
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matrix

¡¸u 

can now be evaluated using Equation (A.45):
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Ä

¡ju
¶

|

The above analytical solution helps us to reduce the parameters to set for
setting the covariance of the noise source,

Ã¾Ä

¡ju 

to only

b

. In this example, it represents the variance

of the acceleration of the target motion. If the target is moving slowly, a smaller value of
Ã¾Ä

should be used; if the dynamics of the target change rapidly, a larger Ã¾Ä should be used.

The exact value is determined by an offline tuning process. We record the measurements
of some target moving with a known trajectory. We start with some initial guess of

Ã¾Ä

and run the Kalman filter offline with this value to estimate the target trajectory. Next we
calculate the error between the estimated trajectory and the known trajectory. We then vary
the value of

Ã«Ä

and run the Kalman filter again to obtain a different estimated trajectory.

After repeating this for several times, the one value of Ã

that results in the minimum error
Ä

is selected for use in the actual filter. This of course, assumes that the dynamics of the
target used in filter parameter turning is similar to that of the target in actual tracking.
The setting of the measurement noise covariance matrix

for 2D feature location is

m
based on rational analysis rather than empirical trial-and-error.
Since it is a 2 by 2 matrix


whose elements represent the covariance of the uncertainty in the ,  locations in the 2D
image plane, we can determine these values by simple analysis. Based on our 2D feature


detection process, we can assume that the location of the and  coordinates of a feature are
uncorrelated. That means that the off-diagonal elements of

are zeros. For the diagonal
m

elements, again based on the precision of our cameras and our feature detection algorithm,
we conclude that that we can locate a feature location within
and f

¨

§
f

pixels in the



pixels in the  direction. Therefore, the two diagonal values are set to be f

respectively.

direction
§
Ä

¨

and f Ä ,
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