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Abstract

Active vision, as a discipline, is relatively new in the short history of machine vision. It
has, however, left an indelible mark in the minds of vision researchers with respect to
the design of visual systems. It is the purpose of this research to explore the design of
an active component in a purposive, or task-domain, framework and formulate a general
theory of task-oriented design for a class of imaging devices. In particular, this theory
will address three general areas that are problematic in the design of general vision
modules. These are (1) Sensor Geometry, Calibration, and Representation. It is shown
how application of task-domain constraints can reduce the complexity of these problems
and in certain cases present closed-form solutions to optimal design and configuration
problems.

In addition, a systemic view of algorithm design is presented. Using this method-
ology, a Bayesian network of algorithms is used to formulate possible solutions to a
particular problem. Using purposive constraints, the most favorable solutions are prop-
agated and the undesirable solutions are discarded. This architecture offers significant
advantages over the traditional block-level system design in terms of accuracy and ro-
bustness.

Finally, a design philosophy of purposive vision is presented. This methodology is
employed in the design of three active visual modules. The three applications are: (1)
A parallel-axis stereo system for small object localization; (2) A convergent-axis stereo
system with efficient dynamic reconfiguration capabilities; and (3) an active Bayesian
network for synthesis of cranial structures in positron emission tomography. The versa-

tility of this theory is evident in its range of applicability to vision problems.
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CHAPTER 1

Introduction

This document outlines some deficiencies in current “state-of-the-art” techniques in
passive/active vision. It begins by highlighting fundamental areas in the “black-box”,
or generic view of vision, that limit the ability to perform robustly across a wide va-
riety of scenes. Specifically, it addresses three fundamental problems in sensing that
have plagued machine vision since its inception. Presented generally, they are (1) Sen-
sor Geometry, (2) Calibration, and (3) Representation. Sensor geometry addresses the
formulation of optimal sensor configurations given a set of constraints. This will be
used in two ways: (a) “off-line” generation of static vision (stereo) systems that will
perform optimally in the sense of accuracy under those constraints; and (b) “on-line”
configuration of active systems that will dynamically structure the opto-mechanica) con-
figuration of the platform. Calibration will focus on the development of an intelligent
calibration module that will balance competing precision and efficiency requirements
in terms of task-based constraints. A dynamic representational scheme will offer flex-
ible representations that make explicit task-critical data and discard unnecessary or
redundant information. Systemic development will concentrate on generating specific
applications from user-defined constraints. In particular, a static platform for robotic
manipulation tasks and an active platform for object-localization will be developed as
“proof-of-concept” using this design methodology. In addition, a theory of system de-

sign based on Bayesian networks of competing processes will be used to implement an



algorithm for feature extraction in positron emission tomography of cranial images.
While these problems are common in general vision, they are studied in the context
of an application. These applications are specific and closely tied to a set of problems
for which they were intended to solve. However, study of these applications is posed in a
general theoretical framework that applies to all task-driven problems. Using this road
map, outlined in chapter 2, it is possible to use a high-level theory to impel a specific
application. Typically there is some separation between, theory and implementation. It
is the goal of this work to integrate theory and implementation with a formalism based

on task-based knowledge.

1.1 Research Domain

Until recently the theory concerning the acquisition of image data from a scene
centered on the production of the “black-box” device. Typically, this device would
view a static scene and produce a two-dimensional spatial array (or an image) of the
form f(z,y) = z, where z represented scene characteristics such as intensity or range.
Figure 1.1 depicts the standardized nature of the approach and its direct relationship
with the digital computer. The general idea was that anyone could use this device for
their application and interact with a familiar representation, the two-dimensional image,
to solve a particular problem. Unfortunately the impetus for this idea was not good
science; rather, it was motivated by the desire to sell a large number of imaging devices
that could work over a broad range of application domains. For a while, the inadequacy
of the approach was over-shadowed by the out growth of research these cheaper sensors

stimulated in the machine vision community.
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Figure 1.1: “Black Box” Vision: A generic model of imaging where an unstructured

scene is imaged with a standard ranging system.

Problems with the black-box model began to mount as the research community be-
gan to use these sensors outside the range of tasks for which they were suited. Many of
these applications had highly specific needs that a generic class of devices, which were
designed to exhibit an average set of properties, could not support. These researchers
resorted to custom sensors to provide the characteristics that their applications re-
quired. In this work, three fundamental characteristics that all imaging devices possess
are examined. These are sensor geometry, calibration, and representation. It is the
fundamental hypothesis of this work that no single combination of these characteristics

or properties can adequately provide useful sensory data for all possible tasks. A corol-



lary to this hypothesis states that given a single task, a particular combination of these

parameters can be considered optimal under that task. Figure 1.2 provides a simple
illustration of a three dimensional design space that is constrained to operate only in a
minute section of the possible design configurations.

The principle problem with this framework arises from the task-domain formulation
of the design problem. In other words, given a task T, how does one arrive at a design D?
A solution can be found if the task T is translated into a set o% constraints, C; € C, which
have direct correspondence with the mathematical models of the design. If this can be
successfully accomplished, the overall design problem can be studied using numerical

optimization tools. The structure of this problem can be related mathemiatically as
D = min f(G,R,M, C). (1.1)

where G is a set of variables that represent the geometrical configuration of the system,
R is set of properties that describe the desired state of the representation, M is the
calibration model, and f is the associated cost function. Locating a stable global mini-
mum in the function f should offer the optimal design, D, for task T. Under this type
of systemic analysis, the entire system configuration is derived from a single composite

cost function that “best” describes the goals of the current task.
1.2 Problem Domain

The most important question in designing a vision system to paraphrase Jain [Jai94]
is “has the problem been defined precisely?” In our minds this definition demands a
thorough analysis of task along with integration of this information into machine vision

theory. This entails answering questions involving optimal choices of sensors, resolution
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Ranging Geometry

Calibration

Representation

Figure 1.2: Abstracted Design Space: A single design cannot possibly represent
all possible applications; therefore, design parameters must be tuned for each specific

application.

in the data, and computational constraints. Once this type of analysis is complete,
then we must ask ourselves in the context of task “What internal representations do
we need to adequately perform our task?”. We stress here that this may or may not
include recovery as a goal. However, we do agree with Aloimonos [Alo90a] that recov-
ery may be unnecessary for our task, and with Edelman [Ede94] when he says that
“reconstruction per se contributes nothing toward interpretation”, nor do we demand
the presence of representation. If our task is best performed using the reflexive architec-
ture of Brooks [Bro91] then we will use it. Correctly deciding on representational forms
or lack thereof is critical. It must be done in an intelligent, informed, and unbiased
manner. As a designer, one should not care if a system is active, passive, or purposive
until an objective basis has been formulated for that decision.

In some circumstances, it will be desirable to examine each of the three sets of



design variables in an individual framework. Here the motivation would be to modify the
structure of an existing design to perform in a more efficient manner or to find an optimal
solution to a sub-problem of range sensor design. In particular three specific class
problems are addressed in this work. They are Stereo Vision Range Sensor Geometry,
Stereo Calibration, and Representation for Identiﬁcatioﬁ/Localization. These highly
specific class problems are examined in lighted of a theory of task domain design outlined
in Chapter 2. Using this theory it is possible to design algorithms for design, and to
implement dynamical systems using ;L robust task-dependent éngine. Before proceeding
to the theory fhe general issues and structure of the specific problem domains are

outlined.

1.2.1 Sensor Geometry

Most range sensors can be classified as time of flight sensors or triangulation sen-
sors [Jar83]. Time of flight sensors measure distance based on the time difference
Between the emission and detection of a signal [FGL87). However, in this work, the
ranging device is a stereo vision system using triangulation. Ranging devices based on
triangulatioﬁ use a calibrated geometrical arrangement to solve for three-dimensional
locations spatially, i.e. in the case of stereo the intersecti-on of the projection vectors in
the camera pair. The numerical precision of the resultant measurements are directly re-
lated to the integrity of that geometry. Figure 1.3 depicts the basic geometric structure
of the triangulation problem.

Given this model of ranging geometry and assuming that it applies to both parallel-
azis and convergent stereo implementations, the question becomes “How does one decide

what geometry is suitable for the given task, T.” Numerical optimization tools are used
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Figure 1.3: Simple Triangulation: Three-dimensional depth is solved by the inter-
section of two measurement vectors. The accuracy of the resultant depth is a function

of this geometry.

to provide the solution. In its simplest form, the mathematical structure of the problem

is similar to the overall design problem presented in the previous section.
Dg = min g(6}, O, C). 12

Dyg is the geometrical structure of the design; Oy, ©,, and b are the represent a base set
of design variables; and C, is a set of constraints derived from basic assumptions about
the nature of task T. Solution of this problem will result in an optimal geometrical
configuration for task T.

Applications of this method will facilitate the design of stereo vision systems that
require strict adherence to requirements on competing design characteristics such as
accuracy, field-of-view, and minimum work space requirements. In particular the utility
of this theory will be demonstrated as it is used to develop two fundamentally different

types of vision systems.




1.2.2 Calibration

Calibration involves the process of assuming a model for a physical process in a com-
ponent and using observed data and associated mathematical techniques to find the
parameters of the model that give the “best-fit” to the observed data. In stereo vision,
the CCD camera is the primary component that requires calibration. And the physi-
cal process that needs to be modeled is that of imaging. Image and three-dimensional
“target” coordinates usually comprise the observed data. A gamut of mathematical
techniques exist for fitting models to data which vary to a large extent in accuracy,
computational efficiency, and applicability. Also, closely coupled with the concept of
calibration is that of measurement uncertainty. This quantity has been viewed as a
metric of the effectiveness of a calibration.

If this definition of calibration is accepted, then the classification of camera cali-
bration techniques can be classified in the context of its component stages. Techniques
can be sorted in terms of (1) the structure of assumed models, (2) the form, or repre-
sentation, of the observed data, (3) the nature of the mathematical techniques used in
the fitting process, and (4) the level of uncertainty in the overall calibration. It must
be stressed that quality of calibration can bear no direct relationship with any of these
characteristics. Many times, a low level of measurement uncertainty is associated with
a “good” calibration; however, many applications of camera calibration may require
lower-levels of accuracy. In some cases, the computational burden associated with pre-
cise calibration may be catastrophic in the context of a specific application. In any case,
it can be assumed that a calibration has a level of measurement uncertainty that limits

its applicability in some fashion.
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Figure 1.4: Representations of Thirteen: Different representations make certain
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types of information explicit at the expense of other information.
1.2.3 Representation
Marr [Mar82] defines a representation as

“a formal system for making explicit certain entities or types of information

together with a specification of how the system does this.”

He goes on to further say that the explicit information is obtained at the expense of other
types of information that are obscured and may be unrecoverable. Figure 1.4 shows a
simple illustration of this type of phenomena. Thus, in a vision system the choice of
representation can have dramatic consequences. Many different views on the role of
representation exist in vision [Bro91,MH80, Alo88]. Perhaps the most hotly debated
representation scheme is recovery. This paradigm tries to reconstruct as much of the
physical detail from the scene as possible. The advantages and disadvantages of this
scheme are clear. In defense of recovery, it has the desirable characteristic of making
no information explicit at the expense of other information. It, however, does not aid
the inference process and it may not even be necessary or efficient in the production

of robotic vision systems. Some researchers such as Rodney Brooks [Bro91] claim that




representations are not required in any fashion. Intelligence, in his mind, can emerge
from the collaborative effort of reactive systems. Aloimonos [Alo93a], on the other
hand, claims that representations should be minimal and a function of task. Of course,
reconstructionist such as Tarr and Black [TB94a, TB94b] demand strict adherence to

the recovery paradigm.

Jarvis [Jar83] assumes “the type of range finding required is that which results in

a rangepic, an array of distance estimates from a known point or plane with adjacency
constraints corresponding to those of two dimensional imagery”. Besl [Bes88] states
that a range image “is a large collection of distance measurements from a known ref-
erence coordinate system to surface points on object(s) in a scene”. The range image
is the standard representation that most stereo ranging systems build for interpreta-
tion by computer vision systems. It has been used due to its versatility and direct
spatial relationship with intensity imagery. New types of representations that have di-
rect relationships with the application task are desired and may prove justifiable both

computationally and qualitatively.

1.3 Overview of Research Contributions

As outlined, the contributions of this work are focused into three related areas: (1)
optimal geometric configuration of active/passive stereo ranging platforms, (2) develop-
ment of calibration models for stereo ranging, and (3) intelligent representations for task
domain stereo ranging. In particular, some unique qualities of this work have already

been recognized by the machine vision community. They are:
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e An algorithm for analysis and synthesis of calibration polynomials for stereo cam-

era calibration [TT95b].

An algorithm for the design of parallel-axis stereo systems [TT95a).

e An algorithm for the design/configuration of convergent-axis stereo sys-

tem [TT95a).

A robotic vision system for small object manipulation [Tha93, TT95a]

1.4 Organization

This text is separated into distinct parts with a common goal. Chapter 2 pro-
vides an outline of the step-by-step guidelines that were used to implement each of
the three application specific problems. Using these guidelines it is possible to formu-
late optimal designs to task-driven problems. Chapter 3 constitutes a brief review of
the concepts and traditional platforms of active photometric stereo. The purpose is
twofold. First we would like to review one aspect of the history of stereo vision to pro-
vide perspective. Also, we would like to evaluate active stereo platforms in the context
of kinematic and optical capability. Chapter 4 develops the fundamental mathemati-
cal tools for the construction of static-baseline binocular stereo platforms. Chapter 5
illustrates the principles of designing convergent stereo systems with dynamic baseline
configurations. Chapter 6 provides a system oriented view of the calibration of a pair
of stereo cameras. Its advantages and disadvantages are outlined an discussed in terms
of computational efficiency and accuracy. Chapter 7 looks at the basic issues in the

development of representations for task domain ranging. These representations should
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maintain a direct relationship with the desired perceptual tasks and will facilitate inter-
face with perception, learning, and behavioral mechanisms. In Chapter 8, a high-level
design methodology for purposive vision systems in a modified Bayesian framework is
presented. Using this theory, it becomes possible to produce robust and accurate vision
algorithms together with a reduction of complexity in thé components of that syétem.

In addition to the basic theory as presented in the main body of this document, a
series of applications is provided that document the implementation of the basic theory
into three distinct computer vision a.bplications. Chapter 9 discusses the implementation
of a passive stefeo vision system for small object manipulation. This system has strict
requirements on the accuracy of range estimates. Chapter 10 relates the implementation
details of a system for small object localization. This system was designed to be highly
dynamic and loosely structured for object identification. Lastly, Chapter 11 used the
Bayesian network to implement a highly task specific application, the extraction of brain
contours from positron emission tomography. While it is a departure from the basic
.theme of stereo vision, it provides perspective on the applicability of this fundamental
theory to other modalities of vision processing. Finally, the conclusions and overall

results are discussed in Chapter 12.
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CHAPTER 2

A Task-Oriented Design Methodology

The impetus for the design of any vision system is to do something. However,
in many philosophies of general vision [Mar82] this important piece of information is
completely ignored; implementation is left as a detail. While this type of approach has
led to many important advances in machine vision theory, it has somewhat hampered
the production of robust, stable, useful vision whose primary mission is the completion
a specific task.

Many researchers have examined the concept of integrating task information into
various components of a visual system [Alo88, Bro91). This important work has reset
the stage for a holistic design view of vision, where task-level information is considered
mandatory in algorithms, as well as implementation details. However, the primary
criticism of this school of researchers is they have seemingly rendered machine vision to
a mosaic of “nuts and bolts”, bottom-up approaches that don’t seem to have the strong
theoretical or analytic background that has served the development of Marr’s vision so
well.

It is the focus of this work to provide a holistic framework for task-level design of
visual systems. It is our intention to isolate a particular task and its constraints, e.g.
accuracy, work-volume, execution-speed, etc., and integrate these constraints into each
component of system design. Thus, one does not look at task-level vision as a method-

ology for the down-stream processing of raw data; rather, it is process of optimizing
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at each processing stage the data-stream to simplify and stabilize the task set. In some

cases, task-domain vision has been classified as an algorithmic approach [TB94a). It is
our hypothesis that these statements are totally false. The central thesis of this work
is: Task-domain vision is the isolation of sensory components, calibration of
these components, representations of the sensor data, algorithms that op-
erate on combinations of these, and a set of constraints that governs the
interactions of these components with the task and the environment to pro-

duce vision systems that perform a specific task in an optimal fashion.

2.1 Pruning the Possibility Tree

One problem with the undertaking of attempting to attach a high-level perspective
to the problem of “bottom-up” design is how to avoid becoming unavoidably attached to
the task. In other words, how does one separate the principal from the overtly practical.
This work attempts to frame the concept of task-specific design into a type of constrained
optimization problem. Using this paradigm, it is possible to use a general framework for
constructing visual systems, while at the same time isolating task critical knowledge into
convenient representations that seemlessly integrate into our design structure. In this
way, a system design begins with general theoretical analysis; proceeds to the derivation
of critical task components; and finally it culminates in the use of optimization theory
to produce optimal task design.

While this type of theory is ideally suited for global system design, it also has merits
in the design of sub-optimal systems, where a single component of a more general system

is designed with purposive flavor and the rest of the system formulated from a more
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traditional viewpoint. Indeed, this type of theory has found many applications in the
mathematical theory of optimization and the formulation of sub-optimal solutions to

problems [Str86,Str80, RRR83]). Thus the procedure as hinted to in the introduction

follows:

e MODELing the system: (MODEL)

e Task Requirements And Integration of kNowledge: (TRAIN)

FOrmulation of Cost functions Using Specification : (FOCUS)

Formal IteRative Evaluation: (FIRE)

2.2 MODEL

Modeling is a common process that involves examining the dynamics of system
design and encoding these dynamics into a mathematical structure where state variables
represent certain configurations of the system. In a sense this process is a mathematical
description of the design space where the equations relate how state variables interact
to form a complex system. Modeling is more of an art form than a science and requires
excellent judgment on the part of the implementor. The user must model enough of the
system behavior to cover the necessary regions of the design space as specified in the

system requirements; however, the user must not try to implement overly complex or

unstable models which do not lend themselves well to optimization.
As in the initial discussion from Chapter 1, a part of the design equation 1.1 was the
sensor model, G, and calibration model, M, and a representational model, R. These

items can be thought of as component modeling, while integration of these mathematical
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models can be a global system model. Either component modeling or global modeling
is acceptable to the TODEM methodology. Isolation of either the global model or the
component model implements an infinite design space as discussed in following chapters.
For instance, a ten variable global state model requires choosing a design from a ten
dimensional infinite design space! It may be nearly impossible to pick an optimal design
using intuition or trial and error methods. It is the purpose of the next three stages
of the TODEM framework to outline a procedure for itera'tive recovery of the optimal

design for a task, T, from such oppressive design spaces.
2.3 TRAIN

A prudent step in the pursuit of any design effort is the specification of formal
requirements for a system. In vision, the requirements are usually in the form of some
sort of accuracy goals together with some physical limits imposed on the design through
the use of “off-the-shelf” components or the working environment. Usually this type of
specification is rather cursory and ad hoc in nature. In the TODEM system, it is rigidly
enforced.

In formal design, a list of user and developer requirements is commonplace. There-
fore, it is a worthwhile endeavor to incorporate this sort of familiar worksheet into vision
system design. In chapter one, it was stated in Equation 1.1. that a design D consists
of a set of variables, G, that represent the sensor configuration; a model of the calibra-
tion, M; a mathematical description of the representation, R; and a set of constraints,
C, that encode rules of interaction of each of these components. It is the purpose of

the TRAIN step to isolate task requirements and integrate these requirements into a
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system of constraints that bound either the global and component design spaces.

The constraint superset can be viewed by the the composite,
C= {C’e,Ca,Cg,Cm,Cr,Ct} , _ (2.1)

where Ce is a set of constraints derived from the environment, Cg is a set of artificial
constraints such as regularization parameters, Cg describes sensory geometry bound-
aries and constraints, Cy is the calibration model limits, Cy is a set of representational
constraints, and Cy is the list of constraints that are particular to specific task level
activities.

Environmental constraints are physical constraints that are derived from important
characteristics of the local workspace. Examples of these types of constraints are space
and volume limits, radiation exposure levels, lighting conditions, local surface compo-
sition, etc. Identification of these characteristics is extremely important in the initial
stages of design. Sensory geometry constraints represent boundaries that are derived
from the platform or housing of the sensor, e.g. local space and volume limits, power
consumption, proximity limits, and other sensory design assumptions. These character-
istics represent the interaction of the sensor with its local environment such as a mobile
robot or manipulator arm. Calibration model constraints identify unique features of the
calibration such as accuracy and precision requirements, computational loads, mathe-
matical stability, etc. These parameters are important in the derivation of information
from the scene that is tuned to perform a specific task. Representational constraints
are similar to calibration constraints in that they impose restrictions on low-level pro-
cessing to produce timely and efficient data with respect to task requirements of the
algorithmic components of a device. Artificial constraints can represent filters or other

regularization steps that help the interactive design equations converge to a stable place
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in the overall design space. Finally, task level constraints can be used to represent con-

straints to a system that is responsible for multi-task behavior. Thus a hierarchy of

task behaviors can be stored to facilitate operation in dynamic environments.
2.4 FOCUS

Alone a set of constraints and a process model do not solve anything. A set of goals
together with these constrained model caﬁ be mapped into a mathematical formalism
that if properly conditioned will produce an optimal design. In optimization theory,
the form of these goals is usually a cost function. Thus, using the system goals and
measurable characteristics of the design, an optimal design is achievable.

The cost functions can take two forms: (1) a global measure that takes accounts
for “cross-talk” between system components; and (2) a separable, or component-based,
model that assumes each system module is independent and can be studied individually.
'Globa.l modeling is much more demanding and can often lead to complex cost functions
that do no lend themselves to iterative optimization. However, it has the advantages of
expressing all the system goals into a single mathematical framework that will deliver
a more optimal solution. Component modeling is simple, and will tend to converge to
a set of state variables more rapidly, also in component-based models analytic solutions
are more likely due to reduced complexity of the mathematical models. Once the FO-
CUS step has produced a satisfactory cost function, the state model together with the
integrated constraints is delivered to the iterative optimization procedure to produce an

optimal configuration of the model state.
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2.5 FIRE

Most complex designs do not have analytic solutions that are readily obtained.
Iterative optimization is a simple mathematical tool to perform complex and multi-
dimensional searches. It should also be stressed that although the iterative approach is
the most general, it is by no means required for the TODEM step. If the problem is
formulated in such a way that the constraints reduce the design space to a single point,
an analytic solution is possible. Then, the final step is simply solving for the unique

configuration of state variables that satisfy the design equations.
2.6 Conclusions

A simple procedure for organizing and implementing the design of task-domain sys-
tems, TODEM, has been outlined in four steps. The first step is a simple state modeling
of the possible design space. Each of the design parameters is encoded into a variable
that serves together with the constraint equations derived in the TRAIN step to define
a bounded design space. This bounded design space serves as a domain of support for
the cost function derived in the FOCUS step. Here, design goals are represented by
cost functions which are a convenient forms for encoding conflicting system goals and
uncertainty relationships existing in any practical design. In the final, FIRE, stage of
the process, a constrained iterative optimization is performed over the aesign space to
produce a set of state variables that offer optimal performance for the task goals. The
procedure can also be used to study dynamical problems where certain state variables
from the system model need to be reconfigured when relevant task information changes

due to changing environment conditions or new information is presented to the sys-
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tem. Thus, dynamic scene conditions are simply handled by repetition of the FIRE
stages where state variables are directly linked to things such as motor speeds, actuator
distances, and processing rates.

The four steps of task-based design are used to guide the designs of three systems that
are from an applications domain. In the first case, a global model is used to design and
calibrate a passive stereo vision platform f_or small pipe localization. The next system,
uses a global model to design an calibrate an active stereo vision system for rapid
object identification; then, a component model is used to offer new state configurations
based on relevant task information such as changing lighting conditions and dynamic
object distances. Finally, a system of object localization and identification is PET
images is presented. This system used a component-based model to design a purposive
algorithm for the extraction of scalp and brain contours from computed tomography
images. It is shown in detail how each of these systems benefited from the TODEM
design methodology to produce optimal system designs with respect to their individual

assumptions.
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CHAPTER 3

Literature Review

3.1 Introduction

Vision, in general, provides a mechanism for obtaining information on the current
state of the environment. More specifically, general vision occurs in two steps: (1)
Sensation and (2) Perception. Sensation is the physical process of registering forms of
energy from the environment and transforming them into an internal representation of
that energy. In biological vision, sensation happens as visible radiation is converted
into electrical signals. In computer vision, sensation typically results in an image grid
quantized both spatially and in amplitude. After sensation occurs, the perceptual pro-
cess involves operating on that representation and producing some numeric or symbolic
constructs that are correlated with the status of environment as it was recorded in the
current sensation frame. Figure 3.1 depicts the basic sensation-perception cycle. This
has been the traditional conceptualization in the machine vision community for some
time. Abstracting vision in this nature evolved quite naturally from the early applica-
tions of machine vision [Fre74, TB76). Scenes were typically composed of static objects
imaged under controlled lighting. Under these circumstances, most problems could be
attacked with this idealistic methodology. The sensation parameters were controlled
and fixed previous to the perceptive process.

Recently, a number of researchers have become dissatisfied with the classical view

of machine vision. They site the inability of classical applications to perform robustly
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Figure 3.1: Passive Sensory/Perception Cycle: The cycle is strictly open-loop.
And, the sensation and perception modules have been abstracted into two separable

components.

when faced with dynamic changes in scene conditions and the intractability of many
classical vision problems [Alo93b]. Arguing from a biological perspective, they claim
that perception is inextricably linked with sensation. In fact, the sensation process
must be intelligently controlled by feed-back from perceptual information. Figure 3.2
represents the strong linkage between sensation and perception. Although, the addition
of a link between sensation and perception is conceptually a simple one. It has been
shown to have dramatic effects in the composition of biological vision. In humans,
for instance, the sensory apparatus has several degrees-of-freedom (DOF) (optical and
mechanical). If ability of the subject to effectively exploit the full range of this freedom

is hampered, then the quality of perceptual data can be severely degraded [Gib89]
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Figure 3.2: Active Sensory/Perception Cycle: The cycle is strictly closed-loop.
And, control of sensation is executed by the perception module to provide intelligence

to the sensation process.

3.2 The Active Paradigm

The philosophical and scientific debate concerning the phenomena of perception as
an active or passive process, as previously outlined, can be traced in the philosophical
context to Goethe [Goe67] and in the scientific to Gibson [Gib89]. Both men argued
that perception was trivially or axiomatically active, i. e., the action of the machinery of
perception could not be separated from the process. Everyone who has worked with real
imagery implicitly understands this principle as much time is spent tuning hardware pa-
rameters to give optimal image data points. Ikeuchi (IH90] concurs saying, “The choice
of vision components (representations, features, sensors, etc) governs the quality of the

resulting vision programs”. However, this was a clear contradiction of Marr’s [MH80]
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modular hierarchy of vision where implementation was considered a low-level detail that

could be excluded from the perceptive theory. In the early nineteen-eighties, the inabil-
ity of the applications of this theory to produce even moderately robust machine vision
systems was the source of rising discontent amount many researchers. The source of this
discontent was the alleged inadequacy of his theory in broviding a basis for observer
- interaction. In fact many vision researchers, in particular Aloimonos [Alo93b] claim
that Marr’s concept of the existence of a general theory of vision where no assumptions
need be made and recovery of inforrﬁation can be total is a.n'impossibility.
Developmeﬁt of active, or animate [Bal91, BB93], vision as a viable paradigm in
computer vision has been most associated with the ‘work of Bajscy and Krotkov [Baj88b,
KFS88, Kro89] at the University of Pennsylvania. Under this renewed methodology, a
theory of vision must be integrated with the machinery of vision. Bajcsy in [Baj88a] says
that “perceptual activity is exploratory, probing, searching; precepts do not simply fall
onto sensors as rain falls onto ground”. According to Pahlavan [PUE93], “the observer
.selectively acquires visual data in space and time”. Sandini [SGGT93] relates, “that
simultaneous and coordinated operation of vision and action can be used not only to
simplify some traditional visual tasks but also to extend the overall scope of vision
to important new areas”. And Aloimonos [Alo90b] reveals that, “We cannot study
the general problem of vision, not tied to any applications”. These statements from
respected researchers in active vision outline some of the new concepts in vision that

are very exciting.

3.2.1 Concept I: Selective Data Processing

Swain and Stricker [SS93] have characterized the typical digital image as follows:
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e “It contains far more data that can be analyzed by a practical vision system in

real-time.”

e “It is highly redundant”

e “Information of importance to a given visual task is episodic within the source

”

If one accepts these generalizations, then the need for discriminate processing within the
image space becomes evident. Active vision address this problem in two ways. First,
using a model derived from biological vision systems that use a single high resolution re-
gion of the image in conjunction with a “stack”, or pyramid, of lower resolution regions
that compose the remainder of the image space [Bol89)]. Using foveal techniques, De-
Piero [DNG92] reports bandwidth reductions in a video transmission system for remote
driving of 1000 : 1. While Swain [SS93] that foveation on the order of the human visual
system could result in a bandwidth reduction of 10000 : 1. The second and final stage
of discriminate processing is motivated partially as a consequence of the first. The
reduction in bandwidth caused by foveation together with the need for sophisticated
systems that mimic biological eye movements such as tracking require the existence of
intelligent gaze mechanisms. Gaze control consists a group of behaviors at the task-level
that direct the high-resolution foveal as well as any mechanical degrees-of-freedom to a
point interest in the scene. Figure 3.3 shows a structured-lighting application where 99
% of the image contains irrelevant information. Unless intelligent processing techniques

are employed, unnecessary computational costs will be incurred.
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Figure 3.3: Selective Data Processing: Only a portion of this image contains infor-

mation of interest to the user. (In this case a structured lighting system). Most of the

image data can be disregarded. (Courtesy: F. W. Depiero)
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3.2.2 Concept II: Exploratory Vision

Ballard [Bal91] predicts that the “central asset of active vision is gaze control.” The
mainstay of his argument is built around the assumptions of the salient nature of image
data outlined by Swain and Stricker [SS93] and presented in the previous section. In
this framework, a vision system with foveation must possess the capability to adequately
direct the foveal area. The machinery of this abilify is gaze control. It can be defined
as the use of imaging degrees-of-freedom in the execution of visual tasks. It must be
stressed that this use is not liberal or haphazard in application and must be coupled with
an important behavior present in all biological vision systems - Attention. Figure 3.4
represents an information-dense scene. Vision systems must have the ability to explore
such scenery in an intelligent and timely manner.

Attention is a process or behavior that directs the hardware of vision to a re-
gion/object of interest in the visual space. Aloimonos [HA92] describes this as the
exploration of the visual space for activities and finding the one that most facilitates
the goal. Brown cautions against the characterization of these of abilities as behav-
iors implicit in vision [Bro94]. Nevertheless, a mechanism must exist for directing a
sensory-motor system to an interesting region in the visual space. Whether attention is
behavioral in nature or not is a secondary issue. Attention must overtly present optimal
data from an expansive set to the system in a timely and efficient manner. Exploration
also demands mechanisms for Change-of-Attention. Abilities of this nature can be eas-
ily justified in an evolutionary context; however, it is sufficient to say that if a vision
system has engaged its attention to region A and after some time information in region
B has become relevant to the system at a critical level it would be foolish to complete

processing in A. Change-of-attention mechanisms provide this capability.
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Figure 3.4: Exploratory Vision: An information-dense image. Intelligent systems

must have the ability explore these types of scenes in an efficient manner.(S. Dali: April

in Paris)
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3.2.3 Concept III: Regularization of Vision Problems

Many problems in vision are ill-posed when formulated in the context of Marr’s theory.
For instance, the correspondence problem in binocular stereo does not have a closed-
form solution based only in the confines of computational theory. The reasons for this

as illucidated by Aloimonos [Alo88] are

Usually the constraints from the geometry and the physics of the problem

are not enough to guarantee uniqueness of the computed parameters . ..

He goes on the state that additional constraints must be imposed to regularize typical
problems. The addition of strong constraints which are not represented in a wide array
of scenes may lead to instability or failure when applied to real scenes. Machine vi-
sion systems constructed under the regularization paradigm are usefully only in tightly
controlled industrial environments where the lighting and other scene variables are well-
controlled. It it the contention of active vision researchers that their theory can remove
the need for regularization by using the knowledge of observer action to make vision
problems well-posed. Thus, Uniqueness and Robustness can be obtained with out

the mitigating factor of limiting scene dynamics.

3.2.4 Concept IV: Task-Driven Theory

Along with the concepts of blending of theory with implementation, the paradigm of
active vision has revitalized an important concept from the early days of vision - Task-
Domain Knowledge. Purposive Vision [Al0o93b] is active vision integrated with task-level
knowledge. It is not the overtly specific knowledge criticized by Marr; rather, it is using

a priori knowledge to reduce the computational complexity of design. This new ideology
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considers vision as a group of processes that solve a visual task. Their is no separation
of theory and task. Systems are built through a dual analysis of theory and task. In this
way, groups of tasks-specific visual systems interact under the control of “intelligent”

behaviors resulting in the synergy of complex or sophisticated machine vision.

3.3 Active System Design

In the previous section four major principles that drive the construction of active

vision systems were presented. They are:

Selective Data Processing,

Exploratory Vision,

Regularization of Vision Problems, and
e Task-Driven Theqry.

While these principles must certainly govern the interplay of vision hardware and vision
algorithm in a direct and efficient manner, they also must be applied in the design
of active hardware. In doing this, the concept of a “purrposive” system is satisfied in
its purest form. In this section, we hope to outline the implications each one of this
principles has on the design of integrated sensory-motor systems and form a basis for

comparison of some of the important work in the development of active vision systems

that is present in the vision community.

30




3.3.1 Characteristic: Foveation

Foveation is a characteristic of active vision that needs to be considered in the hardware
design. As mentioned, their are two popular ways of implementing it. The first consists
of a software approach as implemented by [Bur88, DNG92, Bol89]. It is primarily a
computational technique that consists of partitioning an image into several regions of
varying resolution. The highest resolution region thus becomes the “fovea”. Another
approach that employs a hardware implementation, uses zoom-lens systems to simulate
foveation [LL95]. By varying the focal-lengths of the lens system, one aspect of foveation
is simulated. In this method, however, data density with respect to the image is not
reduced as it would be in a full foveal implementation. Nevertheless, most designers
prefer to avoid the computational burden associated with software foveation and employ
a zoom-lens system. As a result, provision of foveal capabilities is necessary in the first

stages of design.

3.3.2 Characteristic: Gaze Control and Attention

In a foveal system, the ability to direct the visual hardware to a point of attention is
critical. This ability is called Gaze Control. It can be defined as the act of directing
the vision hardware in such a manner as to keep a point/region of interest within the
viewing region of the sensory device [Bal91]. In highly dynamic and rugged environments
the action of gaze control might also include some type of scene stabilization. Scene
stabilization is required by automated vision process that operate under such conditions
to insure that degradation of the results is limited [BA94a, BA94b). With respect to
active platforms, the first aspect of gaze control is the most important. Thus, the

potential for gaze can be directly related to kinematic configuration of the robot. Robots

31



with restricted DOF may be limited in their ability to perform efficient gaze control
actions. Robot head design must begin with an understanding of what gaze motions
need to be performed and only then can the kinematics of the head can be properly
derived.

The most desirable feature of an active robot head is its ability to control its own
sensory hardware. Execution of these abilitjes should occur so as to make perception of
the scenery easier [HA92). Attention has been defined as the preferential allocation of
visual processing within a scene [RB90] [WF92]; therefore, it is the process that directs
the gaze control to a new fixation point. Although it is also related to the kinematic
configuration of the head, it is primarily a software process and will not be discussed in

the context of head design.

3.3.3 Characteristic: Integration of Task-Domain Constraints

Most interesting computer vision problems are ill-posed. The standard technique for the
solution of ill-posed problems is through the introduction of a priora knowledge in the
form of constraints. Constraints can be introduced in two ways: (1) Constraints based
on the physical nature of the problem (2) Assumptions introduced due to specific goals
that the formulation may require. Top-down theories of computer vision [MH80] dictate
that the first set of assumptions provide an adequate basis for the construction of visual
systems. However, many implementations of top-down theories employ a restrictive
set of constraints that result in ill-conditioned systems that will fail if applied to a
large variety of scenes. The relaxation of physical constraints can be affected by the
introduction of task-domain constraints that can be used to configure a design along

with associated physical assumptions into a stable state. This correlation of task with

32



design will result in well-posed systems that will be applicable to a wider variety of scene
conditions within the limits of the task-domain constraints. Thus, this principle is the
single most relevant idea that can be applied to active system design. A design must be
configured for a task. If this is done properly, the design equations will occupy a more

stable state.

3.4 Active Platforms

Several machine vision laboratories have relocated their activities in passive machine
vision to a more active approach. These active systems are characterized by an inte-
grated mechano-optical design philosophy. Construction of vision systems based on this
idea begins with the design of robot heads loosely-based on a model of the capabilities
of the human head given in Table 3.1. A robot head could be defined as a camera,
system (usually binocular) together with some form of mechanical positioning device
that is capable of directing the focus-of-attention of the camera system. Active systems
is algorithmic concept built upon the vision platform- usually a robot head. Pahlavan
and Eklund [PE93] state that active vision is active integration, implying that there
is more to the design than simply an mechano-optical device feeding a computer and
carrying out commands- the degree of integration is paramount. Thus, the design of
active systems is not just the design of dynamic camera systems, it is the design of vi-
sion algorithms that intelligently manipulate a mechanical apparatus to perform a task.
The most common application is the use of motion parameters to simplify traditionally
ill-posed machine vision problems.

The study of active systems can be broken into two related areas: First, the con-
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Table 3.1: Primary Mechanical Capabilities of the Human Head.

Axis | Range | Resolution | Speed
Pan +90.0 NA NA
Tilt +45.0 2.0 800.0

Torsion +20.0 NA NA
Vergence | +45.0 2.0 *2.0
Version +45.0 2.0 2.0

struction of robot heads for active vision research. Second, the design of active visual
systems that will reside on these heads. It is acknowledged that both of these activities
are highly related and one should not be undertaken without considering the other. This
section will explore the development of robotic heads that were constructed in several

laboratories.

3.4.1 Early Work

Some substantial work was done in the arena of integrated sensory-motor systems before
the benefits of active vision where completely understood. These pioneering efforts
marked the first uses of computer controlled imaging hardware for use in time-varying
scenery or viewing conditions. While many of these systems are significantly different
from the current concept of an active robot head, they do embody many of the principles
of active system design and they serve as the foundations for the current generations of
robot heads that will be discussed in detail.

One of the earliest documented sensory-motor platforms was built at Stan-

ford [Ten71] in 1971. The system consisted of a pan and tilt unit, variable focal-length
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lens turret, and wheel mounted color filters. Used in conjunction with Moravec’s [Mor81]
slider system, it could provide stereo data to the perceptual engine. Waseda Univer-
sity constructed a true stereo system [OKK73] in 1973. The WABOT was capable of
pan rotation, convergent rotations, programmable focal length, and scaﬁ line selection.
In 1983, Carnegie Mellon University built the POPEYE vision system [BSS93]. The
POPEYE system was kinematically similar to the Standford arrangement; however, it
offered a tremendous improvement in processing power due to advances in computer
and frame grabbing technology. Its main disadvantage was the lack of translational
movements necessary for generating stereo data. In 1985, Kuno [KNI*85] developed a
stereo camera head capable of baseline translation, yaw rotation, and tilt rotation.
Each of these early platforms employs some sort of positioning device in a relatively
straight forward manner to offer flexibility to an imaging system. They differ signifi-
cantly from the current class of heads in that their level of sensory-motor integration
is small and their designs were not based on any anthropomorphic similarity with the
human head. The current generation of robotic heads are distinguished from simple
motorized sensors in two specific ways: (1) most are loosely based on the a kinematic

model of the human head (2) the perception/sensation loop is intricately coupled.

3.4.2 The Harvard Head

Ferrier and Clark [FC93] describe a system that has the ability to control both the
position of the camera (through pan and tilt motions) as well as optical parameters
such as focus and aperture. They claim a design based on models of the mammalian
oculomotor control systems. Their main interest is centered on the development of

oculo-motor control modules for gaze and fization. They partition the pan, tilt, and
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vergence axes of the head mechanism into three descriptive regimes: Saccades, Pursuit,
and Vergence.

Saccades is defined as a rapid motion of the pan, tilt, and optical axes which results
in a change in the gaze point of the system. Vergence consists of forcing the optical
axes of each camera (for a stereo system) to intersect the gaze point. Finally, pursuit
is an action following a saccade-vergence sequence designed to track an object located
at the gaze point. While the definitions of these actions has remained fairly constant,
implementation details have been contested. In particular, fhe pan, tilt,and vergence
mechanisms of the Harvard Head are based on Robinson’s model of the human oculomo-

tor system [Rob91]. This model has two interesting features, it is shown in Figure 3.5.

Figure 3.5: The Harvard Robotic Head: A low cost design for gaze and fixation

experimentation.

e It assumes a sampled data model for the saccadic system.
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e It requires positive feedback in the control loop to prevent oscillations caused by

time delays in the negative feedback loop.

Young and Stark [YS63] treat the pursuit system as a sampled data system. Ferrier and
Clark [FC93) admit that this latter turned out to be untrue - or at least the sampling
interval of the pursuit system was much higher than that of the saccadic. Information

on the mechanical capabilities of their system is summarized in Table 3.2.

Experimentation

Experiments on the Harvard head where performed in three areas: (1) Tracking, (2)
Attentive Servoing, and (3) Depth from Controlled Head Motion. Tracking software was
written that followed “blobs” of high intensity on a Datacube system. Both pursuit and
saccade movements were implemented and verified. Attentive servoing was a higher level
application that tried to locate interesting features in the environment and then fixate
on them. The software extracts primitives (line ends, color, orientation, and motion)
from the visual field into a set of feature maps. A weighted sum of these feature maps
form a saliency map for selection by the system. The most relevant feature to the task
is then selected and fixation occurs. Finally, small eye movements were used by the
system to compute optical flow. When this information was combined with knowledge

of the motion, a depth map was computed.

Discussion

The authors claim that a custom built robot head was designed and tested for less
than ten thousand dollars. They demonstrated several basic algorithms on an active

system. No comparison was made between the active approach or the common passive
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Table 3.2: Primary Mechanical Capabilities of the Harvard Head.

Axis | Range | Resolution (°) | Speed (°/s)

Pan +130.0 0.036 0.036
Tilt +35.0 0.036 0.036
Vergence | +15.0 0.036 0.036

techniques. The have suggested several improvements as follows.

e The control system should be more anthropomorphic, i. e., it should exhibit

more self initiated action.

e The lack of torsional control prevents simplification of the stereo correspondence

problem.

3.4.3 The KTH Head

Pahlavan and Eklund [PE93] have designed a 13 Degree-of-Freedom (DOF) head that in
principle imitates mammalian heads, shown if Figure 3.6. However, their idea of system
design has evolved beyond that of Ferrier and Clark. In particular, they espouse two

main principles.
o Active Vision is Active Integration.
e Active Vision is Purposive Vision.

The first principle states that the separation between the visual and mechanical systems
must be minimized. This means that algorithms should be designed with the intent of

exploiting the mechanical drives in an intelligent way. From principle two, the idea
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Figure 3.6: The KTH Robotic Head: A anthropomorphic design to imitate mam-

malian head movement capabilities.

that an active vision system can be used for general purpose vision is dispelled. Active
systems must include a behavioral engine that directs the head in a purposive manner,
i.e., in the context of some task. From here, their ideas transform into some technical

issues.

System Design

The authors state that in most head-eye systems their is no distinct separation between
eye and head movements. They claim that eye movements do not affect the visual cues,
i. e., no geometrical distortion is generated by movements of the eye. They proceed
to claim the same is not true for neck movements since they generate a change in
the perspective of the images. The conclude with the proposal that previous designs

have only studied the geometrical inter-ocular relations rather than imitate mammalian

39



vision systems. Biological solutions, they claim, serve a fundamental purpose in their

overall construction but they do not comment further.

Experimentation

They have constructed a control architecture around a network of transputers which
allows them to change all of the mechanical and optical parameters in parallel. At the
systems level they have implemented primary ocular reﬂexeé consisting of motion detec-
tion, auto-focusing, vergence-pursuit with stabilization, and saccades. These processes
are typical of active systems with the exception of stabilization which they define as
“nothing but a trigger function of the gaze-holding and pursuit process”. Experimental
verification was accomplished using the familiar bright light tracker from which they
produce plots correlating motor response to active visual moments. Some of the general

capabilities of the head are outline below:

Discussion

A robotic head based on the mammalian visual system with thirteen degrees of freedom
was constructed. System design began with the concept of equipping the system with
a behavioral engine before it could be a true active system. The authors point out that
more inspiration should be gained from biological solutions to the problems. They have

suggested the following improvements:

¢ Implementation of a set of primary reactive behaviors for continuous interaction

with the environment,

e Use eye movements in a different manner than neck movements,
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e Avoid symmetric vergence and use separate eye modules.

3.4.4 TRISH

Milios, et. al [MJT93] report a system inspired by biological vision éystems. Their
motivation was the need to equip a mobile platform with color binocular vision with
controllable vergence. Two eyes are capable of torsion, vergence, and version move-
ments. Torsion is the rotation of a camera about its own optical axis - this becomes
useful for forcing epipolar lines to lie at a single orientation. Version is the rotation of
the eyes about a vertical axis so as to maintain a constant disparity. The begin with a

discussion on the geometry of convergent binocular stereo.

System Design

In typical parallel-optical axis binocular stereo arrangements, the accuracy of the ex-
tracted information is limited by the camera arrangements. It is well-known that con-
vergent vision provides higher accuracies per unit baseline. The cost of this increased
precision is the difficulty of the search for inter-ocular correspondence. The search is
transformed from a simple horizontal search to a search along an epipolar line of varying
slope. With the addition of cyclotorsion capabilities to the system, these non-horizontal

epipolar lines can be forced to the horizontal by rotation around the optical axis.

Experimentation

TRISH (Toronto iRIs Stereo Head) contains seven degrees of freedom; however, each
eye is constrained to move in concert with the other. Thus, the effective system contains

only 6 DOF. They report a retinal resolution (number of detectors per unit area) of 10
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Table 3.3: Primary Mechanical Capabilities of the TRISH.

Axis | Range | Resolution (°) | Speed (°/s)

Pan +80.0 0.003 54.0

Tilt | £35.0 0.003 - 54.0
Torsion | +180.0 0.003 180.0
Vergence | +35.0 0.0019 100.0
Version +35.0 0.0019 100.0

um. which is comparable to the human retinal resolution of 7um. The baseline of the
system can roam between six and thirty-two centimeters. Table 3.3 records some other

interesting details.

Discussion

The authors report that TRISH has been milled and assembled. They conclude that

the accuracy of the positional units is greater than the resolution of the CCD used in
the imaging processes (provided that an angular position is always approached from the
same direction). They also report that inertial loading makes an analytical study of the
system difficult in control theory. They are currently experimenting with optimizing
the head movements and using torsional degrees of freedom to solve stereo matching

problems.

3.4.5 The Aalborg Head

Christensen [CM94] observes that there are two classifications of robot heads that have

been constructed. The first classification, called Type I heads, are fast and accurate.
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System variables are fashioned for a general purpose use. Next, he specifies a class of
heads that is intended to be flexible enough for a number of different tasks in computer
vision - called Type II heads. An example of a Type I head is the KTH head [PE93],
while the Harvard head [FC93] is a good example of a Type II head. He further charac-
terizes heads into a generational schema consisting of first and second generation head
designs. First generation robot heads, like the Harvard head, were mainly designed
from home-made components. Secoﬁd generational heads like the KTH head were built
with regimented design criteria as quality mechanical hardware became readily avail-
able. The Aalborg head was designed as a Type II- Second Generation head to work in

a knowledge-based vision system.

System Design

In his analysis of head designs, Christensen labels degrees of freedom in active systems
into three distinct categories. The first of these is called intrinsic camera configuration
or anthropomorphically - the Eye configuration. This configuration consists of camera
parameters such as focus, aperture, zoom and focal length. Next, he defines eztrinsic
camera parameters. These parameters can be likened to eye motion or position. They
consist of camera tilt, cyclotorsion, and camera position with respect to the head po-
sition. Finally, he specifies head parameters such as head pan, tilt, and length of the
baseline vector. His methodology in head design is to outline the importance of each of
these parameters and isolate a subgroup of critical parameters that will be included in
the Aalborg head. System capabilities are summarized in Table 3.4

Parameter selection for the Aalborg head was performed in a task-dependent frame-

work. Christensen defines a set of tasks which the head will be engaged in and uses this
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Table 3.4: Primary Mechanical Capabilities of the Aalborg Head.

Axis | Range | Resolution (°) | Speed (°/s)

Pan +90.0 0.003 200.0

Tilt +45.0 0.003 200.0
Torsion NA NA 200.0
Vergence | NA - 0.007 45.0
Version NA 0.007 100.0

task list as the starting point of his analysis. His tasks were manipulation and close-
range monitoring of dynamic scenes. From this he deduced that the principle depth
range would be from [0.5,5] meters.

Focus speed was required to change from 0.5 to 1.5 meters in 5 seconds for tracking
purposes, while focus distance was allowed to function over the common range. Aper-
ture control was deemed crucial to the Aalborg head. Christensen provides dynamic
lighting conditions and controlled depth-of-field as primary reasons for inclusion. Zoom
is required to operate in the range of [5,50)mm. He uses knowledge on viewing range and
deductions of desirable feature sizes at certain focal lengths to synthesize these bound-
aries. However, he comments that zoom is on of the features that many researches have
foregone in the interest of size and weight requirements.

The ability to provide a fixation point, called vergence, which is defined by the
point where the axes intersect (in a binocular system) was necessary for the applica-
tions of the Aalborg head. Here Christensen makes a distinction between second and
first generation head designs. He relates that first generation heads used a symmetric

vergence mechanism that provided a coupled motion of the vergence angles. He goes
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on to mention that in such a system the gaze may only be changed to a position along
a line perpendicular to the baseline vector (line between the focal, points also named
the cyclopean axis). Thus, he states that if the goal of vision is insight into biological
systems independent vergence angles is required. With respect to resolution, he states
that it is desirable to have resolution of 0.01 degree in vergence angle to have depth
accuracy better than one 1%. A problem in the use of non-symmetric vergence angles is
that epipolar lines will have tilted with respect to the optical axis. This can be corrected
by a rotation (of each camera) around the optical axis - called cyclotorsion in biological

vision.

Selection of Head Parameters

Christensen points out that since the best accuracy is obtained from vergence stereo
when the vergence angles are symmetric, panning of the head is required. Tilt should
also be included in a head design due to similarities with the human head. He also points
out that the accuracy of stereo reconstruction is directly proportional to the baseline
distance; however, he acknowledges that the correspondence problem is also a direct
function of baseline. Thus, he justifies the use of a controllable baseline so that initial
matching could be done at short baseline distances with increased accuracy gained by
iterative baseline adjustments.

The prototype design of the Aalborg head (see Figure 3.7) contains twelve degrees
of freedom - six optical and six mechanical. The optical (intrinsic) parameters are
capable of fully adjustable zoom, focus, and aperture. Mechanical capabilities include

two vergence motors, two baseline motors, and a pan and tilt system.
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Figure 3.7: The Aalborg Head: A head designed with purposive contraints.

Experimentation

The first application of the Aalborg head involved the use of vergence in combination
with attention control. A set of fixation points was generated from a corner detector
and depth measurements were obtained at each point. Distances of the fixation points
ranged from three to five meters. Christensen reports errors between 3-5% across that
dynamic range. A second experiment involved mounting the platform on a translating
rail. Motion stereo was then used to recover depth at an error rate of less than one

percent.

Discussion

The Aalborg group has done a thorough analysis of basic head design. However, Chris-
tensen has recommend several improvements that could improve his design. These are

outlined as follows:
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e Use a lighter, more controllable set of lenses,

e Avoid backlash at all costs, and

e Use motors with large torque capabilities.

3.4.6 The Surrey Attentive Robot Vision System

Pretlove and Parker [PP93] employed an “integrated engineering” approach to the prob-
lem of robot head design. They begin specification with the assumption that their design
will be used in a manufacturing environment, in particular it must be capable of being
grasped and positioned by a standard industrial robot. They relate that these require-
ments will introduce additional constraints that many previous head designers have not
considered. In addition to the traditional design considerations, they include low weight
and compact size envelope to minimize the effect of the robot head on the dynamic

performance of the manipulator.

System Design

The Surrey head has four primary degrees-of-freedom: independent vergence, focus, and
aperture. However, additional degrees-of-freedom will be present in an actual applica-
tion due to the presence of the robotic manipulator. As a consequence of the lack of
zooming capability and the constant baseline of 200 millimeters, this design requires the
positioning of the head by the manipulator to a position that puts the work area into
the stereo field-of-view. The entire design weighs about 3 kilograms which the authors
report as much lower than any of the previous designs. The kinematic capabilities of

the Surrey head are listed in Table 3.5.
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Table 3.5: Primary Mechanical Capabilities of the Surrey Head.

Axis | Range | Resolution (°) | Speed (°/s)
Pan +90.0 | 0.0 200.0
Tilt | +45.0 0.003 - 200.0
Torsion NA NA 200.0
Vergence 60 0.07 45.0
Version NA - | 0.007 -100.0
Experimentation

Experimentation on the Surrey head consisted of tracking an object along a straight line
of variable depth with respect to the robot’s end-effector. An implementation tracking
a white object on a black background with cycle times of approximately 70 ms was
reported. Future experimentation will revolve around the implementation of a robotic

- docking procedure that will automatically mount the stereo head on the end-effector.

Discussion

The Surrey head represents a promising approach to head désign. The authors have
stated their design goals in a manner that is directly related to their primary task.
Their design makes implicit use of an industrial manipulator as part of the overall kine-
matic package. This has the advantages of reducing the complexity of the head design
while providing capabilities similar to a kinematically more complex head. The pri-
mary disadvantages of the Surrey head include a fixed baseline and the lack of zooming

capabilities. The integrated design is shown in Figure 3.8.
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Figure 3.8: The Surrey Attentive Robot Vision System: A head designed with

and integrated engineering specification.
3.4.7 The University of Pennsylvania Head

The University of Pennsylvania [KFS88,Kro89] reports the development of a robotic
head with two more translational and one less rotational degrees-of-freedom than the
human neck. Table 3.6 outlines a few of the basic capabilities of its mechanical system.
Construction of the system was motivated by the need to acquire quality images across a
large variety of scenes. The authors intend to use the optical and mechanical degrees-of-
freedom to acquire adequate views of objects which may suffer from inadequate lighting

and partial or complete occlusion.

System Design

Five degrees-of-freedom are present in the Pennsylvania design. Four of these are con-

tained within the camera platform, while the remaining DOF is provided by an an-
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Table 3.6: Primary Mechanical Capabilities of the Pennsylvania Head.

Axis | Range | Resolution (°) | Speed (°/s)
Pan 63.8 0.0 NA
Tilt 49.6 0.003 NA

Vergence 5.5 0.08 NA

X Trans | 36.8 cm. ~ NA NA

Y Trans | 25.4 cm. NA NA

tisymmetric vergence mechanism. The platform allows translation in both principal
directions of the image plane. Along with these, the more traditional pan and tilt ro-
tations of the stereo system are provided. Motorized lenses occupy an integral part
of the design allowing 6 times zoom capability. The most unusual design feature of
the Pennsylvania system is the addition of a computer controlled lighting system. Ten
lamps whose intensity can be individual set using duty cycle control are used to image

objects with a large range of reflectance properties.

Experimentation

Krotkov uses the Pennsylvania system as an aid in solving the spatial layout problem.
In particular, he has developed modules for depth from focus and vergent stereo. In
addition to the work done on each of these modalities, a cooperative ranging module
that autonomously computes ranges by cross-checking and statistical testing has been
implemented. His experimentation is believed to be the first “dynamic, active, conjuc-
tive” operation of two visual sensing modalities. Cooperative ranging results showed

dramatic increases in accuracy of the ranging results obtained by any one of the single
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range measurements.

Discussion

The Pennsylvania system was one of the first attempts at robotic head design. The
author admits, “it was built at a low cost, largely from surplus equipment and spare
parts”. As a result, most of the components lack sufficient mechanical precision for
applications in photogrammetric stereo; however, the general ideas behind this system
have had a tremendous impact on active vision platform development. In addition the
experimentation done by the Pennsylvania group is among the most extensive of the

reviewed groups. A complete reference to this Krotkov’s work can be found in [Kro87].

3.4.8 BETH

The Computer Vision and Robotics Research Laboratory at the University of Tennessee,
Knoxville has assembled an integrated sensory-motor platform capable of independent
vergence and accommodation [MTL93a). The platform, called Binocular Eyes for Ten-
nessee Head (BETH) maintains four degrees of mechanical freedom on independent pan
and tilt units and six degrees of optical freedom obtained from motorized lenses. Ta-
ble 3.7 shows the primary mechanical capabilities of the BETH system. BETH was
designed to not only to provide a flexible image acquisition platform, but also to be
used in a dynamic environment where both the robot and objects in the environment
are possibly moving. Marapane claims that accommodation, fixation, and vergence are
critical for processing information in such and environment, and in many cases their

presence will simplify many perceptual tasks [MT94a).
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Table 3.7: Primary Mechanical Capabilities of BETH.

Axis | Range | Resolution (°) | Speed (°/s)

Pan +159.0 0.003 200.0

Tilt +35.0 0.003 200.0
Vergence NA 0.007 45.0
Version NA 0.007 ©100.0

System Design

BETH’s mechanical systems consist of two calibrated, ASCII controlled pan and tilt
units. These units provide movements similar to human lateral-mediai and superior-
inferior rotation. Control is limited to the issue of 9600 baud serial commands. The
stereo system was constructed by mounting both pan/tilt units on a section of optical
bread board. Baseline distances can varied manually but must reside on one inch incre-
ments due to the discrete nature of the mounting plate. Optical capabilities are provided
by two programmable variable zoom lenses. Each lens is mounted onto a pan/tilt unit,
thus giving the independent vergence capability that many advanced applications may
require. Again, the lens control is limited to 9600 baud serial connections. Fully assem-
bled, BETH offers ten degrees-of-freedom to the Tennessee group. BETH is shown in

Figure 3.9.

Experimentation

The most singularly unique feature of the work done on BETH is the extensive use of
simulation in the development of active algorithms. Marapane [MTLI3b)] has developed

both real and virtual BETH systems. In this manner, algorithms are developed and
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Figure 3.9: Binocular Eyes for Tennessee Head (BETH): A multi-purpose head

for use in tracking and robot convoying.

debugged on the virtual BETH. After this rough testing is completed, the algorithms
are ported to the real system for fine tuning and verification.

Testing of BETH has revolved around the concept of active tracking. Marapane has
developed a robot convoying [MT94b] application that tracks an infra-red led on the
back of a teleoperated robot. His algorithm uses the monocular capabilities of BETH
integrated with a single ultrasonic transducer to return approximate depth estimates.
Horstmann, et. al [JHTRT95] again used the monocular facilities on BETH to provide a
predictive tracker using an implementation of the Kalman filter in real-time. The tracker
used a sum-of-squared difference correlator integrated with the predictor to accurately

track pixel blocks from one frame to another.
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Discussion

BETH is a versatile head design that has been tested in several different applications.
The most unique aspect of the UTK system is the existence of a complete graphical
simulation of the hardware system. In fact, most development is done on the simulated
BETH to insure algorithmic integrity before moving to the real device. Also the UTK
group has done a very thorough job of testing the applicability of BETH to a variety |
of active vision problems. Extensive real-time implementations, particularly trackers,
have been applied to research domain problems. BETH has also been employed in
static configurations as a setup for parallel-axis stereo [TT95a) and inverse perspective

mapping [Ric96] applications.

3.4.9 PENNEYES

In addition to the work done at Pennsylvania by Krotkov [Kro89] in the late eighties,
~Madden and von Seelen have designed a robot head in conjuction with the Universities
of Rochester, Maryla.nd, Massachusetts, and Transitions Research Corporation (TRC).
The PENNEYES system is a two axis version of the BiSight head sold by TRC. Fig-
ure 3.10 displays the two-axis head as used in a stereo tracking application. Kinematic
capabilities are augmented through the use of a 6 axis PUMA 560 robot. The major
goal of this joint project was to benefit research through the development and sharing

of a common vision platform.

System Design

The PENNEYES version of the BiSight Head has an independent vergence mechanism

provided to each of the camera mounts. Imaging capabilities are provided through
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Figure 3.10: The PENN EYES Robotic Head: A commercially available head

design.

standard CCD cameras and are supplemented by the addition of motorized zoom lens
with the potential for ten fold magnification. In addition, provision has been made to
mount external lenses to the assembly for smaller viewing ranges. The system is also
equipped with an eight axis motion controller for simultaneous command of up to four

optical and four mechanical DOFs.

Experimentation

Initial experimentation with PENNEYES involved the implementation of a tracker of
single object, high contrast scenes. Using a simple thresholding and centroid calculation,
it was possible to achieve field rate tracking under these relaxed conditions. As a
next generation of experiments, Madden has chosen the problem domain of arbitrary

targets against arbitrary backgrounds. Currently, they have implemented a field rate
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computation of visual error. This system is designed to provided redundant tracking of

an object moving in three dimensions.

Discussion

Kinematically, the PENNEYES system is the most limited of the presented platforms
(when decoupled from the PUMA robot). Its main advantage is that it was derived
from a set of commercially available robot heads that are currently being developed.
The availability of inexpensive, quality active vision hardware should have the affect of
stimulating new research into the process and algorithms of active stereo vision. The
experimentation done by the Pennsylvania group on PENNEYES involved pseudo-real

time implementations of some standard tracking algorithms.
3.5 Discussion

A basic review of the “state-of-the-art” in active platform design has been completed.
Some designs, i.e. KTH head, TRISH, and the Harvard head where designed to be
anthropomorphic in order to implement the mechanisms of low-level human perception
on a kinematically similar platform. These systems where not design with a specific task
goal in mind and therefore fall outside the realm of purposive systems. The Aalborg
head and the Surrey system where implemented in a task-domain framework, albeit from
two distinctly different perspectives. The Aalborg head was designed with a generic set
of tasks in mind. These tasks, manipulation and close-range tracking, were used to

heuristically guide his design process. While the Surrey system used strict mechanical

constraints, such as weight limit and a minimum volume envelope, it did constrain the




stereo design variables in any way as a function of task. The Pennsylvania system and
BETH were both design to solve generic vision problems. Krotkov uses his system to
study the spatial layout problem, while the UTK team used the BETH system to study a
wide range of general vision problems in an active framework. Finally, the PENNEYEs
design is an off the shelf system, designed for general purpose use. It is low-cost and
efficient; however, for many tasks it may suffer from its highly generic design.

What is needed in purposive vision is a design guideline for implementing active
systems. Designs must be framed in a task. Only then can design work begin to
produce systems with stability and robustness in the face of dynamic environments. In
the next sections purposive design is explored in four specific contexts. First, parallel-
axis stereo systems are studied followed by convergent-axis stereo platforms. The fruit
of this labor is a procedure for designing robot heads as a function of task. Given
that the procedure is followed, the design will be optimal under derived constraints.
Next, the calibration problem is studied in detail, and a heuristic for maintaining the
integrity of data is presented. The third section of analysis looks at a generic class
of representations to perform basic functions such as template matching and region
formation. Finally, an algorithm for the design of purposive systems in a Bayesian
framework is highlighted. Using this procedure, it is possible to produce robust model-
based vision using a connected network of simple estimators and numerical optimization
tools. Taken as a whole, this work can be viewed as a guidebook for the production of
purposive vision systems. These systems will provide a higher degree of reliability than

those designed for a generic task and then used to implement specific functionality.
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CHAPTER 4

Optimal Geometries for Parallel-Axis Stereo

4.1 Introduction

Suppose that you are given the task of selecting a particular geometry for a parallel-
axis stereo vision system. If this task is approached from a simplified perspective of
stereo vision and using only a layman’s knowledge, you could affix two conventional
cameras onto a support structure and roughly align their optical axes. Then, dust off
a few old lenses that you were lucky enough to find in a lab drawer and mount them
on the cameras. Then, call your boss and amaze him/her with your industriousness.
Naturally, he is impressed with your ability and selects your arrangement to give range
measurements for the company’s milestone robotic tank firing demonstration. After
narrowly escaping the demonstration, you and your boss are fired.

Or, the task could be approached from an traditional academic perspective which
can be strikingly similar to the previous analogy. Being an industrious graduate student
and interested in building the most accurate stereo vision system possible, I spend
countless hours researching and quantifying sub-pixel precision localization algorithms
and a bullet-proof solution to the stereo-matching problem. Now since no self-respecting
graduate student would turn in a two-hundred page report void of experimental data,
I tape two cameras to my hockey stick, make a few measurements, and find that my

setup has the accuracy that my advisor wanted to see. Of course, he misses the footnote
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on page 146 where I have described that the range measurements were obtained using
object distances between 3 and 4 inches away from the cameras.

Aside from being mildly humorous, these stories serve to illustrate two fundamental
problems that can be easily overlooked in the design of ranging systemé that use stereo
vision. While both systems certainly satisfy the minimal definition of a stereo vision

l system, they will most likely fail when applied to a real problem. In the first case, the
problem was not properly specified in the design phase; consequently, the project was
doomed to failure. In the second, some constraints were specified; however, they were
not formulated in any meaningful context.

Thus we can consider a system adequate if it was designed using sufficient constraints
obtained from a proper specification of the task. Christensen concurs saying, “to provide
a framework for the specification of parameters a specific scenario is considered” [CM94].
Relating this to stereo vision, how can the proper constraints be obtained from a defini-
tion of a task? Clearly, the general task demands that precise three-dimensional range
data be recovered [MT95]. Coupling this with a specific application may require that
other variables such as the binocular field-of-view, minimum object standoff, and maxi-
mum allowable error limits are balanced in an appropriate fashion. This work addresses
both issues. First, a system of flexible constraints is derived that addresses the needs
of a wide variety of stereo-ranging applications. Using these constraints and a simple
model of a stereo system, a closed-form solution is derived that offers the optimal geom-
etry for parallel-axis stereo configurations under the assumed conditions. An algorithm
for Parallel-Axis Stereo Synthesis (PASS) is outlined. This algorithm can be used in

at least two important ways:

e Off-line generation of static parallel-axis stereo geometries that are optimized for
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a particular task.

® On-line generation of active parallel-axis stereo configurations that are optimal

for the current task.

This paper addresses only the first of these possible applications. The text concludes
with both simulated and experimental verification for a sample robotic task. As a first
step, the geometrical structure of a simple stereo model is presented upon which all

derivations and experimental results are presented.
4.2 A Simple Model for Parallel-Axis Stereo Geometry

In [FGL87], a simple, illustrative first-order model of the geometrical relationships
in a parallel-axis stereo configuration is presented. Figure 4.1 represents the basic

geometrical structure of this configuration. In the figure, the quantities f, p and b, which

- represent focal-length, physical dimension of the image plane, and baseline, respectively,

are the physical variables that completely specify the geometry. (Note: p is assumed to
be a constant since most “off-the-shelf” cameras have similar image plane dimensions.)
AZ, AF, and Z;, represent the purposive constraints that will be fully developed in
the next section.

Previously, it was stated that the general goal of ranging systems is to recover the
most accurate range data that is possible. Horn [Hor89] states that the accuracy of
the recovered range measurements increases with increased baseline and focal length.
Thus, for fixed object distances we can increase the accuracy by increasing the product
of baseline and focal-length. Unfortunately, larger baseline distances and focal-lengths

cause proportional increases in the minimum distance which objects must be from the
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Figure 4.1: Basic Geometry: Stereo vision system.

array before they are imaged in both cameras. The basic relationship that represents

these tradeoffs is

bAZ = Z;0 AF. (4.1)

Here, b is the baseline distance. AZ is a component included to limit the field-of-view to
the dynamic range of the robotic workspace. Zmin Tepresents the start of the workspace
volume and the distance to the point were stereopsis begins. AF is a measure of the
sensitivity of the configuration. If it is small the stereo disparities that are generated

will produce highly accurate range data at the expense of the area of stereo sensitivity.

Also notice that the focal length is represented implicitly.




b

Figure 4.2: Geometrical Design Space: Without meaningful constraints, the design

space is infinite. (No stable design points can be located)

4.3 Isolating Task-Based Constraints

As previously outlined, the parallel-axis stereo geometry can be completely outlined
by specifying two variables: baseline and focal length. The abstracted design space for
the problem is represented in Figure 4.2. As shown, there are an infinite number of
possible combinations of baseline and focal-length. The basic task in design is to reduce
this space to a single point which will represent a specific parallel-axis configuration.
Without task-based constraints, the problem is clearly intractable, and its solution is
relegated to intuition. The application of task-based constraints will serve to limit the
design space to a more manageable form and should improve the quality of the resultant

stereo vision machine.

The first set of constraints that should be applied are done in a typical design process.
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They are outlined here for clarity. Although the theoretical design space is infinite, a
real system cannot possibly achieve such a wide array of configurations. It is limited in
both baseline and focal-length. Baseline is constrained by the amount of space available
for the stereo system, while focal-length is usually restricted by the availability of “off-
the-shelf” optical components. Regardless of the physical quantification of the limits,
(which will vary widely from application to application) it is clear that each parameter

can be constrained to lie on an interval (see Equation 4.2).

bmin < b < bmax
(4.2)
Jmin £ f £ fmax.
This results in a reduction of the design space as shown in Figure 4.3. This can be
considered a simple mapping of the problem into a set of configurations that can be
physically realized in a given scenario. However, the number of configurations is still
unbounded and must be restricted by further constraints.

The next constraint that should be included is obtained directly from the geometry
of the setup in Figure 4.1. For a given baseline-focal length pair, a minimum standoff
to the area of stereopsis is implied. Thus, the addition of a interval representing the
limits of this standoff further constrains the design space. This constraint also has a
direct relationship with the application. For example, most robotic manipulators have
a limit on their working volumes. The standoff constraint can be related to the distance
from the stereo system to the centroid of this volume. In this way it can be directly
obtained from the kinematics of the robotic manipulator. Figure 4.4 displays the design
space after application of the standoff interval constraint. Equation 4.3 formalizes this

constraint in the representation model, where p is the quantity representing the physical
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ti‘nin bmax
Figure 4.3: Geometrical Design Space: The addition of simple physical constraints

offers a more manageable design space; however, the search space has been restricted

in a trivial context

dimension of the imaging device. Each point on the standoff boundary line in Figure 4.4
has the same baseline-focal length product. Since accuracy is directly related to this
product, each of these points will produce the same quality of results in the model at
the point where stereopsis begins; however, as will be shown, this line can be reduced to
a single point with the addition of some working volume constraints. Not only do these
constraints represent physical quantities that are readily obtained for the task, their

application can be shown to produce a maximum in the baseline-focal length product.

b
Zmin = 7f <Z (4.3)

In Figure 4.1, the area of stereopsis is represented (in two-dimensions for convenience)
by a simple triangle that can be assumed to be isoceles if the focal-lengths of the stereo

cameras can be assumed to be equivalent. While this geometry is fixed by the parallel-
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Bnin Bhax
Figure 4.4: Geometrical Design Space: Here the design space has been constrained

by a task oriented constraint (standoff: equation );however, each point along the curve

can be considered optimal

axis configuration, it may not be suitable as a representation of workspace geometry.
These work volumes can take on an arbitrary shape depending on the application, avail-
able hardware, and designer specification. It is intended, however, to assume primitive
workspace geometries that will be of some practical use, and try to offer the “best-fit”
of the stereo triangle to that particular shape. Naturally, this fitting process should be
directly motivated by the desire for the most accurate range data that can be obtained

from the input constraints.

4.3.1 A Rectangular Work Space Constraint

A common geometry that can adequately represent many applications is the square, or

more generally the rectangle. Examples of actual systems that have rectangular geome-

65



Figure 4.5: Circumscribing an Isoceles Triangle onto a Rectangle: An infinite

number of solutions exist. However, Area and Perimeter have a distinct minima.,

tries are cartesian robots and many industrial machine vision systems. Typically, the
geometry of the rectangle can be determined directly from the desired task. Therefore,

if given a rectangular work area, the problem becomes fitting the best isoceles trian-

| gle to that area with respect to the accuracy of the stereo system. Unfortunately, as

shown in Figure 4.5, the number of isoceles triangles that can be circumscribed onto a
rectangle is infinite. However, closer examination reveals that the area and perimeter
become infinite as the base of the triangle approachesA the width of the rectangle or
as the height of the triangle approaches the height of the rectangle. Since the area or
perimeter equations are differentiable, a distinct minimum should exist.

Assuming that the length-to-width ratio of the rectangle is «, the relationship of the

base of the triangle to its height is

_ AZw
T AZ —ow’

AF




AF

Figure 4.6: Circumscription of an Isoceles Triangle onto a Rectangle: The
geometrical relationships superimposed with the task-based constraints give a direct

solution to the stereo geometry problem.

Substitution of Equation 4.4 into the formula for the area of a triangle gives

AZ%w

Ag= 2(AZ - aw)

(4.5)

In Equation 4.5, w and « are constants with respect to the area of the triangle; therefore,

the minima can be obtained through direct means. Differentiating Equation 4.5 and

equating it to zero produces
AZ = 20w =21
(4.6)
AF =24 =2y
Figure 4.6 depicts the geometrical relationships that were derived in Equation 4.6. As a

consequence of the assumption of equivalent focal lengths in each stereo pair, the ratio

of AZ-to-AF equals I-to-w (in the case of a square, where [ = w, the ratio is 1).
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Figure 4.7: Circumscription of an Isoceles Triangle onto a Circle: An infinite

number of solutions exist However, area and perimeter have a distinct minima
4.3.2 A Circular Work Space Constraint

Another geometry that is common in many applications is the circle. Many robots have
spherical work volumes and many ranging applications have a central region of interest
and a periphery that can be approximated by a circle or sphere. Figure 4.7 displays
the same preponderance of solutions for the range triangle as in the case of the square.
Again, the area and the perimeter can be uniquely minimized. Equation 4.7 represents
the radius of the maximum circle than can be inscribed in an isoceles triangle with sides
AF and a. (Note: s represents the semi-perimeter).

(s—a)y/s(s—AF)

r= ,

(4.7)

s=at4F
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Solving for a in Equation 4.7 results in

(4.8)

_AF [AF? 4 472
T 20 |AF2 —4r2 ("

Using the pythagorean theorem to solve for @ in terms of the base and height of the

2
a=VAZ2+%F— . (4.9)

Substitution of Equation 4.7 and Equation 4.9 into the area formula for a triangle results

triangle gives

in
AF3r

Ac = AF? — 4r?’

(4.10)

Similarly to the previous case, the radius r in a given problem, can be considered to be

constant. Solving for the minimum area results in

AF =2/3r=a
) (4.11)
AZ =3r
where the optimal case is the equilateral triangle. Figure 4.8 depicts the geometrical
structure of the solution found from Equation set 4.11. An interesting artifact of the
choice of circular geometry is that the focal-length is independent of the constraint
variables and remains constant at a normalized value of 3@ (Note: normalized focal-

length is defined as %) This is because the resulting triangle is equilateral.

4.4 The Parallel-Axis Stereo Synthesis (PASS) Algorithm

Now that a closed-form, optimal solution has been derived, an algorithm for gener-

ating stereo geometries given the input constraints is presented. Figure 4.4 outlines its
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Figure 4.8: Circumscription of an Isoceles Triangle onto a Circle: The geomet-
rical relationships superimposed with the task-based constraints give a direct solution

to the stereo geometry.

structure. Success of the algorithm is linked to a proper match of input constraints to
the task. In the PASS algorithm only two major constraints are considered: work space
geometry and the average viewing distance. It is critical that they be properly specified
in any particular application. As shown in Figure 4.4, the recommended first step is a

careful selection of the viewing geometry.

4.4.1 Specification

Essentially, this step involves the choice of circular or rectangular geometry and speci-
fication of its representative parameters. Selection of the desired geometry is primarily
a task of finding the closest match between task space and the available primitives, in
this case a rectangle, square, or circle. Once the basic shape of the workspace has been
chosen, the expanse of the work space must be determined. An important “rule-of-

thumb” is to keep the workspace as small as possible for the particular task. In doing
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Specify:

1) Specify local geometry of workspace
2) Specify standoff of workspace
Optimize:
1) Compute optimal stereo triangle for geometry
2) Compute stereo standoff
Translate:
1) Compute baseline

2) Compute focal-length

Figure 4.9: Parallel-Axis Stereo Synthesis (PASS) Algorithm: Systemic con-
straints are mapped into unique stereo geometries using a minimum area difference

solution.

this, a premium is placed on the accuracy of the resultant range data. However, as in
all vision algorithms there is an identification/localization tradeoff where precise results
are obtained at the expense of the probability of locating objects.

Figure 4.10 offers one interpretation of this tradeoff. In the figure, three different
geometries are depicted and overlayed onto a particular scene. The smallest stereo
triangle (which is also the the most precise) views only a small proportion of the scene.
In contrast, the larger triangles are capable of viewing larger cross-sections of the scene
at the expense of precision in the recovered range data. This uncertainty is expressed
analytically in Equations 4.14 and 4.15 where baseline is a function of the ratio AF-to-
AZ and focal-length is expressed in terms of the inverse ratio.

One way to derive these parameters is by looking at the geometry of typical objects

that the system will be viewing and then setting the geometrical parameters to some
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multiple of those. For instance, if the scene is to contain objects of less than 4 inches in
maximal span in any direction , then one can select a circle of radius 5 inches to provide

highly accurate numbers.

4.4.2 Optimization

This stage of the algorithm produces the optimal stereo triangle and the standoff using
input constraints and the derivations from Section 3. First, the AF and AZ parameters
are computed for the stereo tria.nglé. In the case of a rectangle or a square, Equation
set 4.6 is emplbyed, or Equation set 4.11 is used if the geometry is circular. Finally,
the average distance to the work space, which is déﬂned as the distance from the stereo
reference to the centroid of the work space (Z4), can be related to the offset at which

binocularity begins, Z ;.. For the rectangular or the square cases, this conversion is

3l
Zmin =24 = 5 (4.12)
‘and for the circle,
Zmin = Zg — 2r. (4.13)

These conversions force the entire work space to be within the area of stereo sensitivity.

Now, all that remains is the calculation of the physical stereo parameters.

4.4.3 Translation

Parallel-axis stereo geometry is completely specified by a baseline and a focal length.
The final stage of the PASS algorithm translates the optimal triangle parameters, AF

and AZ, along with Z;, into these. Baseline is computed directly from Equation 4.1:

Z . AF
b=~ (4.14)
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Figure 4.10: Identification/Localization Tradeoff: As the area of the triangle in-
creases more objects are included in the region of binocularity. However, the accuracy
of the range estimates in that triangle decreases.

Focal length is found using

_ pAZ

f==%F (4.15)

where p is a constant describing the size of the image plane.

4.5 A Geometric Description of the Optimality

The optimality of this algorithm can be described by a simple geometric argument.
In this framework, the constraints are decoupled in the sense that one regulates base-
line and one regulates focal-length. In particular, the geometry of the work space will
completely specify the normalized focal-length for the system. This is a natural exten-
sion of the assumption of equivalent focal-lengths in each camera. The algorithm simply
chooses the largest focal length that will preserve the circumscription constraints. Base-
line is chosen as a function of the minimum distance to the active stereo area and a

simple multiplication by the base-to-height ratio of its triangle. By definition, it is the




only baseline point that will satisfy all constraints. In two-dimensional terms, the opti-
mization occurs in a fit of the working geometry to the triangular geometry of the stereo
model. However, this fitting translates directly into a maximum focal-length and subse-
quently a fixed and maximum baseline. Thus, in terms of our area-based fit the product
of the baseline and the focal-length is a maximum. Alvertos and Gonzalez [ABG89]
confirm this argument when they relate directly the “common viewing area” to the

error in estimating the three-dimensional coordinates of objects within that area.
4.6 Static Parallel-Axis Configuration

In this section, a hypothetical problem that examines the results given in the deriva-
tions of the previous sections is introduced. The problem requires the specification of
a stereo configuration for a robotic work cell. The standoff, Z4, is assumed to be fixed
to a reasonable distance and the remaining variables are examined as the dimensions
of the work space are varied. In this way, a typical application in robotics is analyzed
under three-different workspace constraints (circular, square, and rectangular). The re-
sults are outlined in tabular form for convenience. Note: All problems assume that the
standoff distance (the distance from the stereo system to the centroid of the workspace)
is fixed to 4 m for safety reasons. It could be set to any positive value.

Using a circular workspace constraint where the radius, r, is varied from 0.1 to 2.0
meters. Geometerical data for the minimum standoff, Zmin» and baseline, b, is displayed

in Table 4.1. The findings for the use of circular constraints are outlined:

* Regardless of the constraints, the normalized focal-length is a constant, 3@

e Since the focal-length is constant, the most accuracy is obtained by using the

74




Table 4.1: Parallel Axis Geometry with Circular Work Space: The standoff

is held constant, and the normalized focal length is constant as a consequence of the

equilateral geometry of the triangle.

r 01 (02|04 (06|08 10| 12|14 ]| 16 | 18120

Zmin | 38136 | 32|28 |24 (20|16 12]08]|04]|NA

b 4.37 1 4.14 [ 3.56 | 3.23 | 2.76 | 2.3 | 1.84 | 1.38 [ 0.92 | 0.46 | NA

smallest possible working area.

e Increases in the radius result in proportional decreases in the baseline distance.

Next, a square area is tested in a similar manner. Table 4.2 contains the findings.
Again the normalized focal-length is constant function of the length, I, of a side of the
square, independent of the geometerical constraints. Its normalized value is a constant,
1. Also, the values of baseline and minimum standoff, Zin are forced to be equal. The

results are highlighted as:
Table 4.2: Parallel Axis Geometry with Square Work Space: The standoff is held

constant, and the normalized focal length is constant as a consequence of the isoceles

geometry of the triangle.

l 01 {02)04|{06|081.0]12({14|1.6[1.8] 2.0

Zyin | 38537 (34131128(25(22(1.9(1.3(1.0|NA

b 3851371343128 [25[22(19(13|1.0|NA

o Regardless of the constraints, the normalized focal-length is a constant, 1.

e Since the focal-length is constant, the most accuracy is obtained by using the

smallest possible working square.



e Increases in side length result in equivalent decreases in baseline distance.

The most interesting results were found in the case of a rectangle. Tables 4.3 and 4.4

contain the configurations generated from using four different width-to-length ratios,

where length was allowed to vary from 0.2 to 1.0 meter.

Table 4.3: Parallel Axis Geometry with Rectangular Work Space I: The stand-

off is held constant at and the normalized focal length is constant for each o as a

consequence of the isoceles geometry of the triangle.

l 02 (04|08 10[/021]04] 081 1.0
w [ 05] 102025025/ 05 |0.44] 055

Zin | 37134 [ 28 (25|37 |34 28| 25
b |1.48]1.36{1.12]1.0]296| 272|224 2.0
-g 2.5 1.25

Table 4.4: Parallel Axis Geometry with Rectangular Work Space II: The stand-

off is held constant at and the normalized focal length is constant for each « as a

consequence of the isoceles geometry of the triangle.

! |02]|04]|08]|10]02]04]08] 1.0
w | 014028057 |0.71|0.11]0.22 ] 0.44 | 0.55

Zmin | 37|34 28|25 |37 34| 28] 25
b |5.18(4.76|3.92| 3.5 | 6.66 | 6.12 | 5.04 | 4.5
L 0.714 0.555

e For each rectangular specification, the normalized focal-length is a constant.




e Since the focal-length is constant,the most accuracy is obtained by using the small-

est possible rectangular area.
o Increases in length result in equivalent increases in AZ.

e Increases in width result in proportional decreases in baseline separation.

4.7 Conclusions

A framework for the generation of parallel-axis stereo geometries was presented.
Two primary task-based constraints were used to produce a closed-form solution to the
stereo-design problem. This solution used a minimum area match of the work space
geometry with the inherent triangular geometry of an equivalent focal-length parallel
axis stereo system. From this solution, an algorithm for Parallel-Axis Stereo Synthesis

(PASS) was outlined. Using PASS, a designer can translate work space and standoff

constraints into a optimal stereo design.




CHAPTER 5

Optimal Geomtries for Convergent Stereo

5.1 A Model for Convergent-Axis Stereo Geometry

Figure 5.1 represents, in two-dimensions, the fundamental geometry of convergent
stereo. The concept is similar to that of parallel-axis stereo [Hor89, F GL87] with the
exception of allowing a rotation of the each camera about the vertical axis of the lens
center [ABG89, Kro89, KFS88]. In the figure, two cameras are fizated on point P.
The region of stereo sensitivity is formed by the polygon ABCD which is completely
defined by the set of stereo variables S = {6y,8),0r,¢r, b} assuming that the image plane
dimension p is constant. The angles 6] and O are called the convergence angles and they

‘represent the rotation of the cameras about the vertical axis through the lens center.
Focél length in the left and right cameras is expressed through the variables ¢ and ¢r,
respectively. Finally, baseline, or the inter-camera separation, is denoted by b.

The major goal of this section is to develop a model for each of the critical points
which are defined as the set of points A, B, C, D, P from the figure. Later, this
information will be used to derive a model for the area of the stereo polygon ABCD
that can be used in conjunction with some task-domain constraints to define an opti-
mal configuration of the variable set S. Equation set 5.1 contains the equations of the
principle optical rays of the left camera system in slope-intercept form with respect to

the left camera coordinate system. (For convenience the subscripts of all left camera
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Figure 5.1: Convergent Stereo Geometry: As the area of the triangle increases

more objects are included in the region of binocularity. However, the accuracy of the

range estimates in that triangle decreases.




coordinate lines are even, while the subscripts of the right camera coordinate lines are

odd.)
lo = 21 = tan(f))z;

I3 = z; = tan(f) — ¢)z) = mz) (5.1)

ly = 2 = tan(6) + @)z = nz)
Similarly, equation set 5.2 contains equations for the principle optical lines from the
right camera with respect to left camera’s coordinate system. (All calculations from

this point will be done in the left camera coordinate system.)

ll = Zl = tan(or)(zr - b)
I3 = z; = tan(fr — ¢r) (21 — b) = p(ar — b) (5.2)

ls = z) = tan(fr + ¢r)(zr — b) = o(zxr — b)

The variables m, n, o, p are defined in equation sets 5.1 and 5.2 as

m = tan(f) - ¢)
n = tan(6) + ¢;)
1 (5.3)
o = tan(fr + ¢r)
p = tan(fr — ¢r).
Each of the critical points A, B, C, D, is a vertex on the four sided polygon ABCD.

Given the location of these points as a function of the stereo variables set S, an expression

of the area of the stereo sensitive area could be derived.




5.1.1 Solving for the Stereoscopic Region Vertex Points

The first step in finding the area of polygon ABCD is to find the physical location of
each of the individual points. From figure 5.1, it can be seen than the critical points
are defined by the intersection of two of the principle optical rays, one from each of the
left and right camera systems. Equation set 5.4 contains the location of each of these
critical points in the left camera coordinate systefn. (See Appendix A for a detailed

derivation of each of these points)

Aslgﬂlg,:o—"_b—n(l,n)
B=1Nl3=2(1,n)

CEIgﬂL;:;p——(l,m)

b
-m

D=1lnly = 2-(1,m)

Given these equations, a formula for the area of polygon ABCD can be directly obtained

from the set S of stereo variables.

5.1.2 Derivation of Convergent Stereo Area Equation

Figure 5.2 represents the general configuration of the convergent stereo polygon. Since
no special assumptions about the nature of the polygon can be made other than it
contains only four sides, the area problem for the polygon must be broken into the sum of
the area of two triangles, which can be done quite easily in this case. Equation 5.5 shows
the particular break-down that was used in these derivations. (Another combination

could have just as easily been used.)

AreaABCD = AreaABD + Al'ea.BCD (5.5)
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X
Figure 5.2: Solution for Area of Quadrilateral: As the area of the triangle increases
more objects are included in the region of binocularity. However, the accuracy of the

range estimates in that triangle decreases.

As the equation shows, the sum of the area of triangles ABD and BCD equals the
area of the polygon ABCD. The area of a triangle in a two-dimensional plane is a
simple problem, and it can easily be represented in the structure of a determinant as in

Equations 5.6 and 5.7 for the triangles ABD and BCD, respectively.

ry Yy 1
1
Al'ea.ABD = :ti T2 Yo 1 (56)
z3 ys 1
Z2 Y2 1
1
AreaBCD = :l:§ Ty yYg 1 (57)
z3 y3 1
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Solution of equations 5.6 and 5.7 is a straightforward procedure that results in each of

the individual area equations 5.8 and 5.9.

onb%(n — m)(p - o)

AreABD = |36 —m)(o—n)(p- 1) 58
_ | _mpb*(m — n)(0 - p)

A*BCD = (56 ) p—m) (o= m) (59)

Summation of these individual area equations, as dictated in equation 5.2 results in

equation 5.10.

(0—n)

_ B(n-m)(p— o)’
A‘ﬂ@—mw—m[

‘ (pn—n:n) U (5.10)

This equation describes the area of the convergent stereo triangle in terms of the stereo
configuration variables in the set S. This is an important form of equation 5.2 due
to the relationship between area and accuracy in stereo vision. In the next sections

equation 5.10 will be used to solve for an optimal solution for the set of stereo variables

S.
5.2 Isolating Task-Domain Constraints

In [TT95a], a set of task-domain constraints that are formulated in terms of work
space geometry is used in conjunction with an area-based criterion function to offer op-
timal configurations of parallel-axis stereo. Under those simplified conditions, a closed-
form solution was easily obtained through analytic means. However, this problem is
more complex for two reasons: (1) the area-based criterion function 5.10 does not have
an easily obtained derivative. (2) the equation set S that represents the geometry of a

convergent stereo system has five variables. (The parallel-axis problem contained only
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two.) In the next section a system of constraints is formulated that will be used to

provide logical as well as purposive guidelines for the solution to this problem.

5.2.1 A Circular Work Space Constraint

Figure 5.3 displays a convergent stereo geometry with a circular region inscribed within
the area of stereo sensitivity. Each of the configuration variables from set S, as well
as the constraint variables are also shown. The focus of this section of the paper is to
outline a system of physical and task-domain constraints that will be used to formulate
an optimal solﬁtion for the variable set S.

VA
1 Zr

alN

_ ¢
'y ¢

Figure 5.3: Convergent Stereo Geometry: As the area of the polygon increases
more objects are included in the region of binocularity. However, the accuracy of the

range estimates in that triangle decreases.

The first set of constraints are documented in equation 5.11. These constraints are
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primarily derived from some of the basic physical assumptions about convergent stereo
geometry. For instance, the convergence angles §] and 6y are permitted to vary between
0 and = radians. Thus, only positive range values can be recognized by the system.
Also, the focal length variables ¢} and ¢r have been constrained to lie on an interval
of commonly available focal lengths. This will help to control the convergence of the

optimizing function that will be used in the later sections.

01, or € [0, 7T]
¢ or € [¢min,¢max]

(5.11)

While these constraints are motivated directly from the physical structure of the
problem, they are an inadequate basis of constraint to formulate the optimization of
equation 5.10. Additional boundaries are required. The addition of a circular region of
interest that must be completely contained within the confines of the stereo sensitive
area offers the natural form of condition. Motivation for the use of a circular or spherical
work area in the arena of robotics-based stereo vision can be found in [TT95a).

Given the general conditions in equation 5.11 and the requirement that a minimum
circular area of stereo sensitivity be available to the stereo system, constraints involving
the principle optical axes of the convergent camera systems are evident. To begin with
the extremal optical axes that bear a direct relationship with the focal length of the
system cannot pass through the wedge formed by the set of lines tangent to the circle
passing through each cameras optical vertex. This assumption, together with those of

equation set 5.11 result in
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where

6 — ¢ - a.rcta.n()zé(ii-) + arctan(,\Ll) <0

6+ ¢ - arctan(%) - arctan(;—l) >0

V4

fr — ¢r — arctan( - ) + arctan( ;\'T 0
Z

fr + ¢r — arctan( Feh arctan( ,\’—l )>0

/\l=,/Z(21+Xé

A =/Z3 + (X4 - b)?

(5.12)

(5.13)

and r represents the radius of the circular. The equations in 5.12 effectively prevent the

sides of the polygon ABCD from intersecting the circle in more than a single point.

Naturally, the geometry of the boundary line can be obtained directly from information

regarding the radius of the circle and its position relative to either of the two major

coordinate frames. Now that an area-based criterion function and a systematic set

of constraints have been derived, the principle task of the work becomes given the

geometrical specification of the work space boundaries, what is the “best” configuration

for the convergent stereo system to occupy?




5.3 Nonlinear Constrained Optimization for Convergent Stereo

Configurations

Equation 5.10 is a nonlinear equation in five unknowns. The set of task-domain
constraints in equations 5.11 and 5.12 are not sufficient conditions for the existence of
a unique solution for the variable set S. Therefore, a- minimum in the criterion function
represented by equation 5.10 will be sought under the conditions and constraints docu-
mented in equations 5.11 and 5.12. At this point the construction of the problem, there
is an implied assumption that the area of polygon ABCD has a direct relationship with
the accuracy of the range data produced by a convergent stereo algorithm operating on
it. However, this assumption will be justified in the next section.

A Sequential Quadratic Programming (SQP) algorithm that is directly available in
the MATLAB optimization toolbox [Gra95] was used as the optimization algorithm
that would seek a constrained minimum in equation 5.10. From figure 5.3, it seems
that the minimum area should occur when the intersection of each of the extremal
principle optical rays is a single tangent point to the circular work space. Also, this
formulation would require the optical axis of each camera to intersect at the center of
that circle. Convergence of equation 5.10 should settle near those points which have an
easily obtained analytic solution.

In order to provide some broader applications of this theory two specific types of
convergent stereo systems will be examined. First, equation 5.10 will use the baseline
variable, b as a constant. This will have the effect of reducing the unknowns to four
variables and accordingly a simplification of the problem. This case is motivated by the

existence of a large number of convergent stereo machines that do not support a moving
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baseline [FC93,MT94a, Ts094]. Lastly, the case of convergent stereo with adjustable
baseline will be studied. This case is the most general form of equation 5.10 and will
result in the most accurate range data possible. As a consequence of the advantages

dynamic baseline configurations offer, many new stereo machines have this attractive

feature [PE93, Chr93, KFS88].

5.3.1 Static Baseline Configurations

As mentioned, static baseline configurations change the structure of equation 5.10 to the
minimization of an equation in four unknowns instead of five. Also, it was mentioned
that their is considerable support provided in the literature for such an endeavor. The

problem is structured as follows:

e Input task-domain constraints.

e Find S, with baseline held constant, that minimizes equation 5.10.

Specification of task-domain constraints essentially involves choosing three things: (1)
the radius of the circle, r (2) the geometric position of the center of the circle with
respect to the fixed coordinate frame, the variables Zq and X 4. From these the system
of constraints in equation 5.12 can be computed. (3) the a priori selection of baseline
distance based on a criterion of the designers choice. Appendix A contains the MATLAB
function file that is necessary for input to the algorithm and a sample specification of
these three requirements.

Interestingly, the solution of the posed problem by MATLAB turns out to be the
same solution that was posed earlier by observation of the geometrical construction of

figure 5.3. If, for the moment, it is assumed that this is always the optimal solution or
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more appropriately, at least at this point in the development, near the optimal solution,
the seed point and possibly the solution can be obtained from purely analytic means.
The solution set is

¢ = aSin(Ii,\ld-l)

X 1-b
¢r = asin(l—gr—l)

(5.14)

6) = atan2(Zy, b)

Or = atan2(Zy, X4 - b).
If this solution analytic solution violates the hard limits on focal length and baseline
that are used to constraints the optimization, the MATLAB routine should be used to

provide the nearest design point that lies within the feasible region.

5.3.2 Dynamic Baseline Configurations

So far the formulation of the problem has been relatively straight forward. The basic
assumptions of static baseline have affected a tremendous reduction in the complexity
of the problems posed thus far. For example, in static baseline configurations the
coordinate systems remain fixed with respect to the task-domain specifications, e. g.
X4 and Z4 remain constant with respect to left and right camera systems. In a situation
where baseline is allowed to move, there is an implied movement of one or both of the
camera systems. Thus, a reformulation of the problem is required. Two specific cases
are posed: (1) only one of the camera systems is allowed to move; the other remains

fixed with respect to some absolute reference. (2) both camera systems are allowed to
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move with respect to an absolute reference. The are referred to as Constrained and
Unconstrained baseline movements, respectively. They require the solution of a more
complex problem due to the dynamics involved in the calculations of the task-domain

constraints with respect to the camera coordinate frames.

Constrained Baseline Movement

Even though constrained baseline movement is not the most general case of baseline
translation, it was chosen for study. because it maintains a'sympathetic relationship
with equation 5.10 in one of its forms. In this model, the baseline variable, b, is changed
by moving the right camera with respect to a fixed éoordina.te system at the left camera
system. (Notice: this will have a different affect on the system geometry than moving
the other set of axes.) Also, some active vision platforms may have similar kinematic
construction where a single linear actuator is used to provide baseline adjustment. Fig-

ure 5.3 displays the two-dimensional kinematic composition of such an arrangement.

Unconstrained Baseline Movement

In order for the convergent stereo system to extract the maximum “quality” of range
information from a scene, the geometry of the baseline must be allowed to vary in an
unconstrained fashion. This implies that the left and right camera systems must be

allowed to move in an independent fashion so long as the condition that by < bris

preserved. See Figure 5.4 for the geometry of this model.
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Figure 5.4: Convergent Stereo Geometry with Unconstrained Baseline Trans-

lation: As the area of the polygon increases more objects are included in the region of

binocularity. However, the accuracy of the range estimates in that triangle decreases.




5.4 The Convergent-Axis Stereo Synthesis (CASS) Algorithm

The Convergent-Axis Stereo Synthesis (CASS) algorithm can acquire a closed-form
solution if the allowable range of f is within the solution space. If this is true, a closed-
form solution for the static baseline problem can be obtained from equation set 5.14.
The convergence of both of the dynamic baseline systems is a function of a more complex
interaction of baseline and focal-length. This interdependence will prevent a closed-form
solution from being easily realized. In these cases a seed baseline should be selected and
then the static baseline subproblem should be solved to offer a good approximation to
an initial solution. Figure 5.4 outlines the basic structure of each of the three convergent

stereo algorithms.

5.4.1 Specification

At this point, the choice of geometries of the workspace is limited to the specification
of the parameters of a circle and it geometrical distance from a fixed camera coordinate
frame. It is a good idea to outline, before selecting the workspace geometry, the general
goals of the system. If the system is to be used in its principal role as an identification
tool, alarge workspace geometry which emphasizes maximizing the stereo sensitive area
will be desirable. However, if the system is to be used in a localization task where the
accuracy of the recovered data is paramount, the work space geometry should be made

as small as possible. This competing relationship between workspace geometry and

range accuracy is called the identification/localization tradeoff.




Specify:

1) Specify local geometry of workspace

2) Specify standoff of workspace
Optimize:

1) Seed the baseline

2) Solve the static baseline sub-problem

3) Iteratively compute optimal stereo polygon
Translate:

1) Compute baseline

2) Compute left and right focal-lengths

3) Compute left and right vergence angles

Figure 5.5: Convergent-Axis Stereo Synthesis (CASS) Algorithm: Systemic
constraints are mapped into unique stereo geometries using an iterative minimum area

difference technique.
5.4.2 Optimization

This is the most critical stage in the algorithm. And must be performed differently
in each of the three algorithms. It can be trivial in the static baseline convergent
stereo applications, and can also be computationally prohibitive in the more complex
dynamic baseline cases. Regardless of which algorithm is used, however, the concept
is essentially similar. The appropriate subset of S is located after specification of the
work space constraints. Some of the variables in S do not represent directly represent

camera parameters of the design; rather, they are an intermediate representation that

is better suited for geometrical study.




Static Baseline Optimization

Static baseline optimization can be handled in a very simple manner. Simply solve
equation 5.14 and see if those solutions lie within the allowed boundaries 5.11 and 5.12.
If they do then that solution is optimal and can be used directly. If computed focal-
length is outside of the feasible reason, simply chose the closest permitable focal length
that your camera system will permit. If the vergence angles have been computed out
of boundaries, their is probably an error in the task-domain constraint specification or
the specification is geometrically not suitable for convergent applications, i. e. vergence

angles that are 180 degrees out of phase. The formal steps are:

e Solve equation 5.14 after inputing task-domain constraints.

e Use the those numbers as a seed point to the algorithm.

Constrained Baseline Optimization

Constrained baseline optimization occurs in a fashion similar to the static baseline case.
In fact, the only difference between them is that the baseline is allowed to vary over
the range of physically realizable areas: b € [Drmins Omax)- This problem can be studied
as a generalization of the previous static baseline formulation. If an initial point for
the baseline is chosen from the state of the previous configuration or an initial guess
from the user, then the problem is reduced to the static baseline sub problem. Since
the solution to this problem is known, solving it will provide the constrained baseline
algorithm with an good initial guess for the remainder of variables from set S. The

formal steps are:

e Select a seed value for the baseline, b.
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e Solve the static baseline sub problem to find the other seed variables.

e Optimize the full version of equation 5.10.

Unconstrained Baseline Optimization

The optimization of the unconstrained baseline system will offer the most stable geo-
metrical configuration that a convergent stereo system could offer. It will involve the
minimization of an area criterion function in six variables whose formulation will be

significantly different from equation 5.10. However the overall procedure will consist of:

o Select a seed value for the baseline, b, and b,.
o Solve the static baseline sub problem to find the other seed variables.

e Optimize the full version of unconstrained baseline area function.

This configuration will allow the convergent system to bring its version angle (see fig-
ure 5.6) to values closer to a symmetric vergence system. Such configurations offer the

premium accuracy values of any of the three systems thus described.

5.4.3 Translation

Convergent-axis stereo is completely specified by a baseline, left focal length, right focal
length, the vergence angles. The final stage of the CASS algorithm is a translation of
the geometrical design parameters S into an actual set of variables that can be feed to
a controller unit or computer simulation environment. Clearly, the baseline is either
explicitly set prior to the optimization, as in the static baseline problem, or it can be

directly obtained from S. The same is true for the vergence angles 6 and ;. Therefore,
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the only translation involved in these algorithms is the conversion of the left and right
field-of-view variables into their equivalent focal lengths. This is a done with f = E{EET
where c represents the left or right camera and p is a variable measuring the dimension

of the image plane.
5.5 A Geometric Description of the Optimality

The key factor in each of the previous arguments was.the assumption that the
area of polygon ABCD, in its minimum form with respect to equations 5.11 and 5.12,
has a direct relationship will the accuracy of the derived range values. In [TT95a] a
geometrical argument borrowed from [ABG89] was used to establish this relationship.
However, Christensen relates in [Chr93] that the relative accuracy for measurements
taken along the cyclopean axis of both symmetric and asymmetric convergent stereo
systems is a function independent of baseline and and focal length is not included in
‘his model. He goes on to say that only a high degree of angular resolution is required
to satisfy the accuracy requirements of his model shown in 5.6. He motivates the need
for high accuracy in angular resolution due to the fact that his vergence angles are
close to ninety degrees (an ill-conditioned region in his formulation). However, he is
wrong on two accounts: (1) if the baseline had been adjusted to account for the depth
of the view point, the vergence angles would not be close to singular and the problem
would be better conditioned (2) no one really uses vergence stereo in “point” mode;
it is too inefficient. Using vergence in a region mode involves the addition of real

disparity in a region of depth neighboring the intersection of the optical axis. These

disparities, and consequently, the accuracy of the measurements are maximized in the
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Figure 5.6: Convergent Stereo Model: A typical convergent stereo model relies on
pure angular resolution to provide accurate depth measurements when the real problem

is the integrity of the geometry.

same manner as parallel-axis stereo, the baseline and focal length product. Given this,
some general assessments about the relationship between the task-domain constraints

and the accuracy of the resultant depth measurements can be made.

e The focal lengths of each camera system, @ and ¢r, will be a function of the

radius of the circle, r and its distance from the camera frame.

o The baseline variable will be a function of the depth and the type of baseline

motion allowed by the model.

e The vergence angles, 6] and 6y, will be simple functions of the relative distance

between each of their coordinate frames and the center of the circle in those frames.

5.6 Conclusions

A framework for the generation of convergent-axis stereo geometries was presented.

This framework was applied to two separate, but highly related problems in convergent
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stereo: (1) static baseline convergent stereo (2) dynamic baseline convergent stereo. The
introduction of a system of physical and task-domain constraints was used in a nonlinear
optimization function to arrive at a suitable set of stereo configuration variables. The
solution employed a cost function based on the inherent accuracy/area relationship in
a convergent stéreo system. As a consequence of the structure of the problem, a closed-
form solution can be used instead of the iterative optimization. The existence of this
relationship allowed the construction of the Convergent-Axis Stereo Synthesis or CASS

algorithm. Using CASS, a designer can translate work space and standoff requirements

into an optimal design or configuration for a convergent stereo system.




CHAPTER 6

Calibration for Integrated Active Stereo

6.1 Introduction

Accurate calibration of camera systems is an essential first step in a computer vi-
sion system requiring three-dimensional measurements [WCH92,1PS87,HN91, Nom92).
There are two general philosophies for attacking this problem. The first methodology
concentrates on experimentally determining internal camera parameters [WCH92]. In
this scheme, knowledge of first-order camera parameters and possibly distortion models
work through the perspective transformation to uncover a relationship between image
space and three-dimensional space. The second methodology, however, requires specific
knowledge of external parameters (i.e. a calibration scene geometry) and uses this to
provide a derived transformation between image and world space. Here, the principle
technique uses a linear least-squares algorithm to extract this transformation empiri-
cally from the environment [IPS87, HN91]. Calibration is achieved by fixing the scene
geometry to a known location, and deriving these transformations from it. Inherent in
the recovery of the transformation is a matrix inversion process. In many cases, this
inversion may produce a stable result; however, inaccuracies in modeling and measure-
ment and random perturbations can introduce uncertainty that could result in loss of
rank in the matrix. The attractiveness of this method stems from its ability to pro-

duce accurate calibration without knowledge of the elusive internal camera, parameters.
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Figure 6.1: Stereo Two-Planes Calibration: Depicting imaging vectors from each

stereo camera pair, and their corresponding intersections with the calibration planes.

The Two-Planes method as described by Izaguirre [[PS87, Tsa89] was chosen for these
reasons.

Conceptually, Two-Planes calibration originates from the idea that a line from a
reference point, Wy, to a point in a plane will intersect that plane at a unique point.
When an additional plane is added to the scene, as in Figure 6.1, a vector emanating from
the imaging plane in W,..; space is described. The power of this concept becomes clear.
If the transformation between points located on two known planes in the calibration
scene and a world reference frame is known, a point in three dimensional space can be
described by a vector in W,.;. Solving for this transformation involves many interesting
numerical phenomena. Of particular importance is the matrix inversion inherent in the
either of the proposed solutions. Study of the accuracy and stability of this process

via the singular value decomposition will outline some guidelines for implementing two-
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planes in a “real” scenario.

With respect to Two-Planes calibration, several separate analyses have been per-
formed that relate residual error and metric uncertainty into the accuracy of recovered
calibration targets [DK93,IPS87, Tha93]. These studies, however, neglect the prop-
agation of uncertainty in these intermediate points throughout the vector operations
required to reconstruct a three-dimensional point from them. Therefore, given a set of
calibration parameters and an associated set of assumptions made with respect to ran-
domness in the target geometry, we \lvish to generate a valid nﬁmber that describes on the
average the m#ximum uncertainty associated with a given reconstruction. Figure 6.1
presents a typical calibration scenario showing both intermediate and reconstructed

three-dimensional points.
6.2 Calibration Mathematics

‘It was stated that the exact location of two planes in the world coordinate frame
must be known. Therefore for each world plane, a transformation that describes the
geometrical relationship between points in the image plane and points in the each cali-
bration plane will be derived. Using standard linear interpolation a general form of this

transformative process is

Y = Api(z™, 2™ x Yooy ¥y, 2,y, 1)T, (6.1)

where ¢ identifies the particular world pane; n is the order of the polynomial fit; (XY Z)F

are the coordinates of a world point from plane i; (z,y). are the coordinates of the same
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world point in the image plane of camera c; and A,,; is the interpolation matrix for the
plane 7 and the camera c. Using matrix notation where there are N points of interest,

this expression may be written as
P=LAT, (6.2)

Here, P is a N x 3 matrix of world points, and L is a N x (n 4 1)(n + 2)/2 polynomial
interpolation matrix. In calibration P and L are known, while A, is usually solved

employing one of two techniques outlined in the next section.

6.2.1 Derivation of A,,;

Given a matrix of world coordinate points from plane i with respect to Wyes and their
corresponding projections into camera ¢, Equation 6.2 is left with one unknown. The-
oretically, the linear solution should exist. In most cases, the matrix L is not square;
therefore, a simple premultiplication by its inverse is prohibited. Two useful methods
for solving problems of this type are the Moore-Penrose Pseudo Inverse (MPPI) and
Singular Value Decomposition (SVD). The least squares solution via the pseudo-inverse

as described by Izaguirre [IPS87)] produces
Ane = (LTL)T'LTP, (6.3)
while the SVD for overdetermined systems generates
AL = V[diag(1/0,))(U"P), | (6.4)

where

L = Uldiag(o;)] V7. (6.5)

Selection of the solution mechanism will have significant physical and numerical conse-

quences.




6.2.2 Selection of Solution Algorithms

The first and most important decision in the solution of any linear least-squares estima-
tion problem is the choice of one of these two methods. To begin, equation 6.4 provides
a unique solution only for the overdetermined system, i. e. N > (n+ 1)(n + 2)/2,
while equation 6.3 has a unique solution, independent of n, for N > 6 [Pre88, IPS87].
Thus solution of the normal equation represented in equation 6.3 will theoretically al-
low arbitrary polynomial interpolation order n as long as at least six calibration points
are present. Solution via the SVD, however, introduces a limitation on the number of
terms any given interpolation polynomial can have. More precisely, a two dimensional
(a plane) polynomial of order n requires (n + 1)(n + 2)/2 coefficient terms and con-
sequently the same number of calibration points [TG74)]. This constraint will become
more severe as higher order interpolations are desired. Aside from these basic physical
implications, selection of either of the equations necessarily introduce some numerical
constraints. Naturally both methods require that L be a nonsingular. Assuming this,
Strang relates that it is always better to avoid solving a normal equation [Str86]. This
law results from the property that the eigenvalues of (LTL) are the square of the eigen-
values of L [Str80,ND88]. Therefore, given a sufficient number of calibration points the
singular value decomposition should be used before the Moore-Penrose pseudo inverse.
Table 6.1 illustrates the interrelationship of the eigenvalues as expressed through the
condition numbers of the transformation matrices ( P contained 80 points at a standoff

distance of 124.46 centimeters).
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Table 6.1: Typical Condition Numbers vs. Interpolation Polynomial Order:
Column 1 reports the order of the interpolation polynomial. Column 2 contains con-

dition numbers for the singular value decomposition while column 3 pertains to the

Moore-Penrose pseudo inverse.

Order | SVD MPPI
1 1280 | 1.6 x 10°
2 1.4 x 10% | 1.9 x 1012
3 1.6 x 10° | 2.6 x 1018
4 1.9 x 10'? | 4.0 x 104
5 3.1x 10 | 9.8 x 1030

6.2.3 Selection of Basis Polynomials

Once an algorithm for the solution of a linear least-squares estimation problem has
been chosen, the extremely difficult task of choosing the correct basis polynomials for
equation 6.1 must be tackled. The accuracy of the calibration hinges on the ability of
the system to recover the precise location of individual targets in a calibration plane.
A method for testing the accuracy of an interpolation process is to measure the relative
difference between the physical location of the known data and the values as derived by
the interpolation process. This difference is called the residual error in the transforma-
tion. Measuring it will indicate how well a particular transformation approximates the
known data. As the order of the basis polynomials is allowed to increase the residual
error in the point recovery decreases as a nonlinear function of n. Figure 6.2 displays
this relationship for three different calibration planes. Observation of this information

alone would seem to indicate that the largest interpolation order is the most desirable;
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Figure 6.2: Normalized Error Residue vs. Interpolation Order: Three different

physical calibration planes were implemented with standoff distances of 124.46,83.82,

and 45.72 cm.
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however, the stability of the transformation process must also be examined.
Another important issue in basis polynomial selection is singularity. Singular value

decomposition theory states that every p x ¢ matrixA can be decomposed as
A =UzZVH (6.6)

where U is p X p and unitary, V is ¢ X ¢ and unitary,and X is p x ¢ and diagonal
in that < X;; >= 0 unless ¢ = 7, in which case we write < X;; = o; >, real and
nonnegative [ND88].The values, o;, are called the singular values of A, and the rank of
A is the number of nonzero singular values of A. It must be shown that the inverse of
the matrix A is stable (i.e. A does not lose rank). If the matrix A is square, U, V,
and X are likewise square matrices of the same size. Through the decomposition of A,
any instability in A~! may be exposed. The matrices U and V are square and unitary;
therefore, the inverses are their hermitian transposes. The matrix ¥ is diagonal and
its inverse may be obtained by taking the reciprocal of the individual o;. Press [Pre88]
formalizes this as

A~! = V[diag(1/0;)]UH, (6.7)

and states that the instability will occur only if one or more of the o’s becomes zero, or
A losses rank. Because this theory supposes that the numerical tools have infinite reso-
lution, modifications must be made to support the finite precision of a digital computer.
Therefore, any inverse will not be stable if the reciprocal of one of the o;’s is so small
that is value is dominated by roundoff error and therefore unknowable [Pre88]. This
is expressed formally as the ratio of the largest eigenvalue, or o;, to the smallest, and
is called the condition number. If the condition number is infinite, then A is singular.

If the number is large with respect to the floating point precision of the machine, the
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A is ill-conditioned. The IEEE 754 standard for floating point arithmetic outlines the
smallest increment that is representable by a given floating point number as a long-
double without loss of precision is 1.x 1071° [Pla92]. Comparison of this with value
with condition number of each transformation will indicate the integrity of the derived
transformation. Table 6.1 indicates that matrix conditioﬁ is also a nonlinear function
of polynomial order.

Two important constraints for basis polynomial selection have been outlined. First,
the transformation must produced a. set of data that are known to be accurate within a
certain range. This range will form the basis of all future analysis with respect to error
in the stereo reconstruction. Simultaneously, the tfansformation matrices must not be
singular with respect to the floating point precision of the computing machinery. An
algorithm for basis selection is governed by two competing functions of n. Large n gives

more accurate results at the expense of stability, and visa-versa.

Strategies for Improved Stability

Matrix condition is directly related to the format of the data stored in L. Each row
vector from L is a polynomial constructed from the basis template using a set of image
coordinates as its arguments. Traditionally, these imagé plane coordinates are repre-
sented as integers. In the case where a 512 x 512 pixel array is employed, representation
of image coordinates by integers will introduce coefficients in L that span many orders
of magnitude. Stark warns against this type of representation while Depiero claims that
by normalizing the image coordinates the span of coefficients in L7L was reduced from
21 to 8 orders of magnitude in some cases [Sta70, DK93, TT95b).

Ideally a first order basis polynomial should synthesize an accurate estimate of the
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imaging process following from its relationship with the perspective transformation.
Lens distortion, however, can introduce highly nonlinear affects that make a first order
model inappropriate near the boundaries of the imaging plane; consequently, higher
order modeling is necessary in applications where camera motion is prohibited or the
entire image structure is to be exploited. Goodman relates that most lens abberations
can be modeled as second or third order affects with good results [Goo68]. This sup-
position is further fortified by consideration of the calibration data that is stored in P
which lies in a single physical plane, i. e., it is two-dimensional information. A good
rule of thumb is never to use a basis polynomial with order greater than three unless it

is absolutely necessary.

Synthesis of Calibration Polynomials

In this section, some polynomials of various order are are loaded with test data from
one of the six calibration planes. These polynomials are are analyzed using both the
SVD and MPPI algorithms. Based on the aforementioned matrix condition checks, the
calibration system returns a binary vector indicating the significant polynomial terms.
New interpolation polynomials can be generated by cross-referencing this vector with the
original polynomial and removing the appropriate terms with minimal loss in accuracy.
Tables 6.2, 6.3, and 6.4 display the suspect terms and their corresponding synthesis

flags. All of the lower order terms (not displayed) were found to be significant for both

the MPPI and SVD solutions.
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Table 6.2: Synthesis of Significant Polynomials(High Order): Constraints on

matrix condition and residual error produce a vector that describes whether a particular
polynomial coefficient can be zeroed. The first column indicates from which camera the

data was obtained, while the second column indicates the algorithm.

5 4 3,2 2,3 4

Camera | Alg || z° | 2%y | 2%y° | 2%y | 2y

1 MPPI || 0| O 0 0 0

SVD 1 1 1 1 1

2 MPPI|| 0] O 0 0 0

SVD 1 1 1 1 1

3 MPPI|j 0] O 0 0 0

SVD 1 1 1 1 1

6.3 Monocular Error Analysis

Any analysis of matrix condition must include a study of the effects of perturbation
on it. If small changes in the measured data induce unreasonably large changes in the
derived transformation, it may prove to volatile to use in a practical setting. Table 6.5
displays the condition numbers from three of the six data sets. The measured data was
disturbed in both the image and calibration space. Image space points were violated
with uniformly distributed noise in the interval [-1, 1] (pixels), while calibration targets
were assumed to have an uncertainty of £0.015 inches in all directions. Simulations
were run for 1,000 and 1, 000, 000 iterations. At each step the conditions numbers were
compared with a reference condition number to check for unusual problems (non were

reported!), and an average condition number was synthesized. Unfortunately, it can not
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Table 6.3: Synthesis of Significant Polynomials (Mid Order).

Camera | Alg |l y zy

1 MPPIL|f O[O0 O 0 0

SVD (|11 1 1 1

2 MPPI| 00| O 0 0

SVD 1|1 1 1 1

3 MPPIjjO0f[O0] O 0 0

SVD 111 1 1 1

be said from this type of analysis that the transformation matrix is nonsingular. For any
given data set, the reciprocal of its condition number measures (with respect to a given
vector norm) how far it is from the nearest singular matrix. Given that the magnitude
of the induced perturbations is considerably larger than the best conditioned matrix,
no definite guarantees can be given that will assure convergence. The only solution
becomes to remove the polynomial terms that give are responsible for realizing large

condition numbers.

6.3.1 Geometric Interpretation of Monocular Error

It is desirable to extract some type of measure from the residual error matrices to
describe in a meaningful geometric sense the errors inherent in the least-squares ap-
proximation. We turn to models from linear algebra of the various norms of a matrix

and try to interpret some meaning from them. The most common norms on a PXgq

110




Table 6.4: Synthesis of Significant Polynomials(Low Order).

Camera | Alg || y* |23 | 2%y | zy

1 MPPI || 0 |1 1 1 1

SVD 1)1 1 1 1

2 MPPI || 0 |1 1 1 1

SVD f1]1 1 1 1

3 MPPI| 1|1 1 1 1

SVD 11| 1 1 1 1

matrix A are the One, Two, and Infinity norms which are defined as

1A= S eyl (6.8)
j i=1
lA(l2 = maxoy;, (6.9)
and
A= illaijl. (6.10)

respectively. Once these standard tools are applied to the residue matrices, some useful
geometric information is derived, as shown in Table 6.6. The first column in the table
represents the maximum absolute value of the elements in the matrix. Geometrically,
this represents the limiting uncertainty that a single point can have in one dimension.
If we assume that this error exists in each element of a three-dimensional coordinate
vector obtained by the transformation, the distance formula will produce the radius of a
ball centered at that particular coordinate vector. This measure is the maximum error,

per recovered point, that the transformation coupled with quantitative assumptions
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Table 6.5: Effects of Perturbation on Condition: Simulations where run for 1000

and 1, 000, 000 iterations respectively.

Camera | Order 108 108

1 1 1280 1280.7
2 1.403 x 105 | 1.403 x 108
3 1.617 x 108 | 1.618 x 10°
4 1.977 x 10'2 | 1.997 x 10'2

2 1 1935 1935
2 3.365 x 10° | 3.364 x 106
3 6.391 x 10° | 6.389 x 10°
4 1.352 x 10'3 | 1.351 x 1013

concerning the calibration geometry will acquire. Column three of Table 6.6, the infinity
norm, provides a less severe estimation of this uncertainty sphere by maximizing the
sum of the absolute values of the rows. The One norm, from column two, describes a
cumulative error effect in one-dimension, such as the sum of errors in the z direction.
This is clearly a function of the number of calibration points and not descriptive of error
in the recovered geometric structure.

The presence of ground truth information in calibration permits the derivation of
accuracy information in lieu of repeatability; consequently, the element norm or the
infinity norm ( from table 6.6 ) provides direct measure of the accuracy of two planes
calibration. Given several sets of such data, computation of the variance among one
of the columns of Table 6.6 will measure the precision of the calibration. Table 6.7

contains the accuracy and precision information using both element and infinity norms.
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Table 6.6: Geometric Error Analysis: Six sets of test data are analyzed with three

different norm functions (mm).

Camera | Element | One | Infinity
1 0.406 5.257 { 0.670
2 0.177 1.270 | 0.254
3 0.711 3.733 | 0.889
4 0.812 26.94 1.143
) 0.711 24.56 1.06.6
6 0.812 127.71| 1.092

Table 6.7: Geometric Error Analysis: Derivation of accuracy and precision. (mm)

Norm | Accuracy | Precision

Element 0.594 0.2351

Infinity 0.852 0.3109

It must be pointed out that these measures where composed of data taken at a range
of calibration distances (45.72-124.46) cm. Thus, the information can be taken as an
estimate for the error that will be realized in calibration distances near this interval.
For instance, if Equation 6.1 is applied to a set of image coordinates an estimate of
the uncertainty in the three dimensional point can be obtained from an appropriate
selection of the values of Table 6.7. It would be useful at this point to determine
the sensitivity of the stereo triangulation algorithms to the residual error estimates
contained in Tables 6.6 and 6.7. (All stereo analysis is performed using information

obtained from a second order calibration polynomial.)
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Figure 6.3: Basic Geometry: Stereo vision system.
6.4 Binocular Error Analysis

Fu acknowledges that the mapping of a three-dimensional scene onto an imaging
plane is a many-to-one transformation [FGL87,GW87]. Binocular stereo is a well known
technique for recovering the missing information. These techniques involve the use of
differential information gained from analysis of two separate camera views of the same
three-dimensional scene to reconstruct the original point. Figure 6.3 and Equation

Set 6.11 illustrate the intuitive concepts behind this class of techniques (Hor89].

T+ xr)/2

=
T — T,

y = pWtw/2 (6.11)

T — 2z,

z=bf

) — T,

While these first order relationships are relatively simple and do not lend themselves
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to an accurate recovery of three-dimensional depth information, they do, however, re-
veal the nonlinear relationship in the mapping processes. If it is desired to translate
uncertainty in the image space projections into a measure of error in their recovered
locations, propagation of a valid error signal throughout these simple equations should
be sufficient. However, in a more sophisticated scenario these equations are replaced
with a more adequate representation; consgquently, the presence of nonlinearities in the
context of a specific calibration algorithm require a more complex analysis.

Given a stereo set of cameras viewing a single point in a three-dimensional scene,
an image processing system capable of producing a set of corresponding image space
points, one from each camera, becomes the input to Equation 6.2. After application, a
four member set of three-dimensional points that represent the projection of the scene
point onto each of the calibration planes is generated (see Figure 6.1). This information
defines two vectors, one from each camera, that are oriented toward the scene point,
and the intersection of these vectors defines that point. Figure 6.4 depicts a complete
vector diagram of a scene point, its projections onto two separate calibration planes
for a binocular camera system, and a complete vector description of their relationships.
Problems will result due to the presence of nonlinearities, residual and measurement
error, and spatial quantization affects that prohibit the intersection of these idealized
vectors. Duda and Hart propose locating the scene point one the midpoint of the line of
minimum distance between the two vectors ¥} and 7. Two sets of coordinates vectors
(1311, 1312) and (1321, 1322), returned from application of Equation 6.2 for both calibration

planes join to form 7 and 7, through

[}

rn=PF;~-P,

7= Pp - Py (6.12)
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Figure 6.4: Complete Geometrical Description: Solution to point of minimum

distance stereo triangulation problem via two planes calibration procedure.
A=Py-P,

where A is a vector in world reference space defining the relationship between the
projections of image pixels from the left and right cameras with respect to the world
coordinate space. Again, from Duda and Hart [DH73] the location of the world point

should lie at the head of the vector, ¥ defined by

+ P, (6.13)

(6.14)
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At this point, it would be useful to gain some insight into the sensitivity of Equa-
tion 6.13 with respect to random position error in each of the vectors from the set

V = {Pi1, Py, Py, Bra).

6.4.1 Perturbation Analysis

Since the error in the each of the vectors from the set V was modeled and bounded
in the monocular analysis, these estimates can be used to .measure the propagation of
residual error from the calibration phase to the final three-dimensional reconstruction.
In fact, the norms on the residual error matrices cataloged in Table 6.6 will serve as
the boundaries for the error analysis. As a result of the assertion that residual error is
bounded by the estimates in the table, it can accordingly be stated that the error in
the final three-dimensional reconstruction is bounded if no singularities are present in
either of Equations 6.13 or 6.14. By inspection of these equations, it becomes clear that
a singularity is achieved when the unit vectors #; and @, have the same orientation.
In stereo vision, this corresponds to the case where a stereo camera pair is observing
a point from an infinite viewing distance. Clearly, this case cannot occur in a real
situation; however, it not hard to extrapolate from these equations that as the position
of these unit vectors is perturbed some significant error could be introduced.
Sensitivity was measured in two ways. First, it was desired to determine how
the stereo reconstruction algorithm performs under increasing distance from the ob-
ject points. As revealed by the denominator of Equation 6.14, one would expect the
residual error measured in the reconstructed scene points to experience a nonlinear in-
crease as the distance to scene points is increased. Figures 6.5 and 6.7 present the

magnitude of the percent absolute residual error in the stereoscopic reconstruction of
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calibration targets at a distance of 45.72 cm. The target grid was uniformly distributed
on the imaging plane to ensure global sensor coverage. For convenience, the graphs
are arranged in pairs where an index indicates from which image plane half the error
was measured. The figures indicate that for this standoff distance, maiimum expected
error falls around 1.1% regardless of image plane locations. A second measurement was
included to synthesize a working boundary for this stereo system. A global quality cri-
terion of 3% maximum residual error was used to define the valid region of operation.
Figures 6.6 and 6.8 display the residual error for standoff distance of 124.46 cm. Anal-
ysis of data in these figures confirms that our quality criterion has not been violated.
Using the stereo equations beyond this distance would incur an nonlinear decrease in
their ability to accurately recover object points that would quickly destroy its useful-
ness. Operational distances could be easily extended through the use of lens systems
with larger focal lengths; however, a corresponding decrease in the field of view would
be experienced.

Second, each of the vectors from V was corrupted with uniformly distributed noise
on the interval [—¢, €], where ¢ is one of the estimates from Table 6.6. By definition each
of these vectors is constrained to move within the boundary of the calibration plane.
This means that each vector from V will be allowed to move within a circle of radius €
on the plane that its calibration geometry defines. This operation forms a new set of
disturbed position vectors denoted as V' where one of corrupted vectors from V' together
with three complementary vectors from V are input into Equations 6.13 and 6.14. This
process is repeated on the interval at increments of 565> and the resultant error surface
is plotted for each V and V' combination in order that some sort of conclusions might

be drawn on the response of the triangulation algorithm to uncertainty in intermediate
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points.

Figures 6.9 and 6.11 display the effects of perturbation on front calibration plane

position vectors in terms of absolute position error. From this figure pair, several inter-
esting conclusions can be drawn. First, it is observed that variation in Y-axis direction
(perpendicular to the baseline of the camera systems) prévokes a slow varying reéponse
in the error function when compared to the X-axis disturbance. Also a mirror symme-
try exists between the two plots. Both of these phenomena can be described in terms of
the stereo triangulation equations. Any disturbance in the X direction corresponds to a
direct manipulétion of one of the vectors used in the denominator of Equation 6.14. De-
pending on random error and equation nonlinearity, the reconstructed calibration point
will actually be located in front or behind the actual calibration plane. Thus, perturba-
tions that decrease the angle between these vectors will also decrease the amount of error
realized in the reconstruction. correspondingly, perturbations that increase the angle
will experience a rapid nonlinear increase in measured error. This relationship is not in
| general true for points not lying on the calibration plane, but it does provide a useful
description of how the nonlinearity in the stereo equations amplifies the uncertainty
from the position vectors from V. Mirror symmetry follows as a direct consequence of
the geometrical relationship between the triangulation vectors #; and %, and their dot
product.

A disturbance in 4 that decreases the angle between them can be realized by an
displacement of % in the opposite direction. Figures 6.10 and 6.12 contain similar results
for the back calibration plane. One important point that must be conveyed depends
on the understanding that these error functions are point functions. This means that

the shape will vary according to their locations in the imaging plane and the random

119




Normalized Error

Normalized Error

[N}

0.3

0.2F

1 1 A A i A

0.1 4
[} 0.5 1 1.5 2 2.5 3 1.5

Horizontal Distance from Image Center

Figure 6.5: Percent Residual Point Error: Error measurements are obtained from
the application of calibration points the stereo equations. Measurements are displayed

for lower half of the image plane at a standoff of 45.72 cm.
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the image plane at a standoff of 122.5cm.
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Upper half of imaging plane at 122.5 cm.

- 8 T —s r
-Lm B S -sm
[ ;
1- 0O | - 2
G e 5
12 ¥ N~ e
A £
1.~ - | N
m \ | § =
13 & i 1 n_.u..
[N | : 1
I - /.,-oC
8 I
- @ :
|3 v Toens
“A w D
................... -
1- 8 - | 2
S gz 5
- T ;
1s N | T I3
N E
0 o
OOH . - - ‘.- ~ 5 = -~ h .“ OG.H

JOLI POZI[eULION IO PozZIjeULION

Percent Residual Point Error: Upper half of imaging plane at 45.72cm.

Figure 6.8: Percent Residual Point Error

Figure 6.7




10 T T T T T

I variation —,
Y variation —

Relative Error

Magnitude Perturbation

Figure 6.9: Sensitivity of Stereo Equations: Uniform Perturbations in P,; derived

from normal analysis of monocular residual error.
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error in the stereo reconstruction; however, the basic relationships that indicate that

random displacement in the direction of the camera system baseline vector will realize
large nonlinear shifts in the reconstruction error while displacement perpendicular to

the baseline vector will not be as severe.
6.5 Conclusions

An in-depth mathematical analysis of the calibration mechanism was performed.
Depending on the order of interpolation, the transformative process was found to be
numerically stable over the operating parameters via a singular value decomposition and
perturbation analysis. It was discovered that if the number of calibration target permits,
singular value decomposition provides the most stable and an accurate solution. The
existence of a direct relationship between the condition numbers of the Moore-Penrose
pseudo inverse and those procured directly from the interpolation matrix proved this.
In cases where numerical resolution or other constraints requires polynomials that a
specific data representation format cannot handle numerically, a method for removing
troublesome interpolation terms before thei; ill effects can propagate was presented and
found to be successful.

Analysis of the residual error realized in triangulation of calibration targets and
the consequential reconstruction of the calibration planes reveals the nonlinear rela-
tionship between the two-dimensional residual error bounds synthesized in the monoc-
ular analysis and the propagation of this error through the stereo equations. It found
that uncertainty along the camera baseline vector is numerically more significant that

displacement perpendicular to the baseline vector. Examination of reconstructed cali-
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bration planes revealed that the maximum uncertainty in point location of the stereo
system with standoff distances less that 122.5 cm would be less than 3% as a linear

function of distance. Beyond this range additional optics would be required to improve

performance to an acceptable level.




CHAPTER 7

Representations for Integrated Active Stereo

Tarr and Black rise to the defense of Marr’s paradigm with a computational and
evolutionary argument along with flanking counter-attack in a proud military fashion.
First they assure us that “It is flezibility that distinguishes this reconstructive approach
from the purposive approach” [TB94a]. They claim that it is the goal of vision to build
symbolic scene descriptions and use “cognitive” operations on these models to interact
with the world. Evolutionary justification for this hypothesis lies in their extension of a
principle of natural selection of human languages to vision. Computational justification
relies more on finger-pointing than fact and can be summed by their statement, “The
reconstructive approach is no-more mired in the ill-posed nature of visual perception
than is the purposive approach” [TB94a]. They begin their criticism of the active
paradigm with misunderstanding [Alo94] when they (Tarr and Black) reveal “the goal
of an active vision system is to reformulate traditionally static vision systems in terms
of dynamic exploration of the environment.” Next, they complement their mistake by
ensuring us that the introduction of active constraints into previously recorded data
is a promising technique for the development of robust applications. Their criticism of
the active paradigm is primarily concentrated at the purposive level and is lacking in
sufficient justification. They conclude by saying, “...we believe it is better suited for
understanding and mimicking the overall visual behavior of frogs rather than humans.”

Their final response [TB94b] is essentially a concession that both ideal Reconstruction
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and Purposivisim are elusive and worthy goals.

7.1 Representational Philosophies

Tarr and Black, in their defense of reconstruction, do raise several excellent questions
that remain unanswered. Some questions are biological in nature and center around the
evolutionary pressures to evolve one type of vision over another. While these questions
are intriguing and certainly merit study, they are somewhat misplaced in an analysis of
practical vision. Indeed, solution to those problems may be ill-posed as well! With all
of this aside, concentration can be set on the main question their text raises. What
types of representation need to be internalized in vision?. Should we seek to
build vision with abstract representations that are suited for general-purpose tasks such
as reasoning. Or should we use task-level representations to simplify and strengthen
our algorithms? Perhaps, representations should be foregone entirely in the sense of
Brooks [Bro91] and synergistic and emergent properties sought. If these questions could
be answered in the optimal sense at the systems level, objective judgments on the merits

of representation in any form would be verifiable.

7.1.1 Challengers with Purpose: The Purposivist

Aloimonos is the most ardent of the purposivists and his views represent its extremum.
He claims that purposive vision is capable of producing flezible and intelligent vision,
and may, in fact, offer insight into the operation of the human brain. He has also
implied that purposive vision is the natural extension of the active paradigm. He further

states [Alo94],
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the fundamental problem of a vision system is determining what information
from the image should be used and what representation of it needs to be built

so that the relationship of the system to the world can best be implemented.

From this statement it can be seen that Aloimonos does not advocate foregoing internal
representation as Brooks; in fact, he is saying the opposite. Vision must use optimal
representation as a function of the task. Aloimonoé’ views with respect to recovery are
inflexible. He retorts, “I can now tell you that vision has nothing do with recovery;
vision is a recognition process”. [Alo94]. He qualifies this with four characteristics of

vision. Vision is

e Associative

Interpretive

Directed

Selective

However, what is not clear from his statement is to what “vision” he is referring. It is
not the precise recovery of depth used in photogrametry, nor is it the state of computer
vision today. He is describing characteristics of vision in general. The same general
vision that he has declared a “chimera”. Human or general vision may indeed embody
these four qualities; however, computer vision most definitely does not. Computer vision
is what we make of it; it can be as quantitative or as qualitative as it needs be. In this
respect Aloimonos has lost perspective. Blind statements of the merits of subjective

qualities of visual system are not productive. Someone once said, “The proof is in the
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pudding”. And before any ideas from either camp should be adopted, an objective,

quantitative analysis of vision systems using both methodologies must be pursued.

7.1.2 PeaceMakers: The Realists

Tsotsos [Ts094] forces us the fundamentals of the issue with his analysis of the tractabil-
ity of each of the paradigms thus presented. He relates that the Marr paradigm, the
active and purposive paradigm, as well as the methodolog.y of Brooks are NP-hard in
their general formation [Ts090]. If we accept this as true, it comes as an astounding
revelation. It implies that arguments supportive of the computational efficiency of one
of these paradigms over another is meaningless. Computational comparisons must oc-
cur at the systems level before a meaningful quantification can be assigned. We may
say that vision system A is more computationally efficient that vision system B, but
cannot say that active/purposive/qualitative visual theory is framed in a more favorable
computational structure. We must look elsewhere for our justification, but where?
Fischler focuses on what he believes is central to this debate, “...the extent to which
it is possible to construct a meaningful representation of a scene without an understand-
ing of the purposes for which the representation will be used” [Fis94]. From this, it is
quite clear that he is supportive of using task-level knowledge in the design of visual
systems; however, he criticizes the notion of a general or abstract representation for
intelligent vision. In his mind, correspondence to the physical world is a fruitless basis
for representation as it violates the very definition of a representation scheme - to make
some knowledge explicit and eliminate some knowledge. In this context, a general rep-
resentational scheme becomes impossible since there is no way to intelligently disregard

some information and select other information without some knowledge of task. Sandini
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and Grosso [SG94] hold the similar view that reconstruction is axiomatically purposive.
In this framework, representation does make explicit use of task, and if vision systems
perform a task then conversely they must use some representation. Advantage, accord-
ing to both groups, is gained from the using the minimal representation dictated by the
purposive approach.

Christensen and Madsen [CM94] view the active and Marr paradigms as comple-
mentary processes where basic research in vision is conducted via reconstruction which
is combined with purposive level analysis into functional systems. Jain [Jai94] agrees
when he asserts, “representations are central to any computational approach”, and also
says, “Every vision system ever developed was for a purpose and will be for a pur-
pose”. Brown [Bro94] concentrates on both finding areas of deficit and highlighting
assets in both paradigms. Purposive vision, as he maintains, may discourage think-
ing about General vision which he has defined as human vision. He also claims that
the behavioral context in which many purposivist present their work is exclusive and
does not prove useful in any way. According to Brown, purposivisim’s main asset is its
drive to intelligently integrate vision architectures. As for a reconstructionist approach
he relates, “the reliable, world-linked, cognitively impenetrable status of reconstructed
representations is one of their most attractive features”. [Bro94] In saying this, he is
telling us of the merit of reconstruction. Aggarwal counters with, “the seductive promise
of reconstruction is that if we can just get more information from the external world
and build it into our internal models, we then will be able to easily pick and choose the

specific information we need.”
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7.1.3 What has been Learned

The idea of researching the usefulness of a representational scheme is directly motivated
by its possible uses. As the principle thesis of this work stated: no single form of repre-
sentation can be considered adequate or even feasible for all possible applications. Thus
the goals of this work ca.ﬁ be directed to finding efficient, flexible, and accurate represen-
tations for our task or application. In particular, the difference between representations .
for identification and localization tasks will be examined. In doing this, range sensing
can be fully optimized for input into a perception or learning algorithm. Some of the

benefits expected from this endeavor are

e Reduced storage costs,
o Increased stability and robustness in learning algorithms,

Reduced complexity of vision programming,

e Improved efficiency in the task domain, and

Direct mapping into an viable computational theory.

Any representational form for active stereo, or any task that seeks to make use of
vision, should be designed to implement at least a partial set of the guidelines outlined in
the previous list. Ideally, it should facilitate all of them; however, since no representation
is capable of meeting all the needs of an active vision system. The baseline representation
should be loosely structured and highly tunable for a particular task. Also, depending on
the vision task it should be able, in its limit, to faithfully represent systems that require

use of any of the basic representational schemes, Recovery, Purposive, or Reactive, with
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minimal effort. Therefore, we look to a basic mathematical theory that provides the
capabilities of looking at stereo imagery with the capabilities to simplify system-level

vision.
7.2 Parametric Elliptical Fourier Representations

Any closed, continuous curve can be decomposed into a parametric representation
using Fourier series coefficients. In systems with a single independent variable, Tol-
stov [Tol62, Goo68,OW83] relates that one dimensional signal with period 27 can be
represented by

[ o]
z(t) = ao + Z(ak cos(kt) + by sin(kt)). (7.1)
k=1

Staib, et al. [SD92, KG82, LH87] show that any two dimensional plane curve can be

decomposed in to a parametric Elliptical Fourier representation as

z(t) _| +i ap by cos(kt) . (72)
y(t) Co k=11 ¢ dg sin(kt)

In both equations 7.1 and 7.2 individual elements of the matrices are obtained from

2 | _ L [ 2(t) cos(kt)dt , 3)
Co * 27 y(t) cos(kt)dt
and
ar by _ 1 37 z(t) cos(kt)dt L [27 z(t) sin(kt)dt | (14)
ek di L[5 y(t) cos(kt)dt L [2™ y(t) sin(kt)dt

Using a truncated version of the series in Equation 7.2 and writing in matrix nota-

tion, any closed, continuous, two-dimensional plane curve can be approximated by

N
B(t)=C,+ Y CiTi(t). (7.5)
k=1
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Figure 7.1: A Perfect Ellipse: Parameterization generates two one dimensional data

sets by scanning the x and y coordinates into individual vectors.

In this form, C, represents the origin of the parametric decomposition which is com-
puted from equation 7.3 and the 4X4 matrix Cy is derived from equation 7.4. The
sinusoidal basis vector, Ty is shown in equation 7.2. The order of the approximation,
N, controls the amount of high frequency components used in the representation. For
instance, circles and ellipses can be modeled using an order of one, while points are of
order zero. (Note: all curves referred to as plane curves are assumed to be continuous
and closed unless specifically mentioned in the text)

Figure 7.1 shows a perfect ellipse in two dimensions. A parameterization is obtained
by radially scanning from the center of mass and generating two line profiles as shown
in Figure 7.2. From here, a Parametric Elliptical Fourier Representation (PEFR) is
obtained using equation 7.5 with the user selecting the desired order depending on the

characteristics of the input data. In this case, an order of one should be sufficient to
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model the characteristics of the input data. Table 7.1 contains the PEFR coefficients
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Figure 7.2: Parameterization of a Perfect Ellipse: Discretization of the input curves

causes high frequency noise to be imposed onto the underlying fundamental sinusoids.

up to third order for the perfect ellipse( see figure 7.1) input to the system. In the table,
discretization error has added noise onto the individual Fourier components; however,
the basic structure of the ellipse is recovered to within 4% for curves of order one and
gradually improves with more coefficients.

In addition to the fundamental matrix equation for PEFRs(shown in Equation 7.5), a
weighted curve representation that penalizes selected frequency components is proposed.
Thus it will enable the user to design at representation with band rejection properties.
This is extremely important when the frequency components of template models are

well understood. The frequency weighted PEFR is related as

N
B(t) =C,+ ) _ afCiTi(t), (7.6)
k=1

where o4 is a weighting scalar on [0, 1]
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Table 7.1: Estimation of the Input Curve: with varying orders

Order | N=1| N=2 | N=3 || Original

ap 62.83 | 62.83 | 62.83 64.0

Co 64.11 | 64.11 | 64.11 64.0

a; 28.79 | 28.79 | 28.79 30.0

az 0.0 0.48 0.48 " 0.0

as 0.0 0.0 0.0.37 0.0

¢ 15.88 | 15.88 | 15.88 15.0

c2 0 -0.1 -0.1 0.0

c3 0 0.0 -0.14 0.0

7.2.1 PEFR’s as a Representation for Active Stereo

In general, a three level hierarchy of stereo matching must be maintained. Points,
Regions/Area, and Boundaries [Tha93,NP83,Gri93] are typical representations used to
match image structures in a corresponding stereo pair. As will be shown, PEFR’s will
provide a capability to synthesize all three structures, while fulfilling at least one of our

representation requirements, e.g. reduced storage costs.

Points PEFRs

Point-based operation is linked to the reconstructionist paradigm of Marr [MHS80,
Mar82]. Matching and correspondence algorithms for image points, or pixels are well
documented [AC94,ABG89,5S90]. Since the body of literature for point representations

is exhaustive, a simple relation of how degenerate PEFRs can simulate points is offered.
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From equation 7.5, given any plane curve, a zero order approximation to that curve
is the center of mass. In space, this is registered as a single point, not necessarily on
the boundary of the curve. Therefore, using PEFRs as points is a simple matter of

assigning the location of the point to the vector, Co. The equation for this construct is
B@t) =Gy, (7.7)

which is clearly independent of the parameter t. A matrix, or image, is constructed

similarly.

Plane Curve (Boundary) PEFRs

In order to simplify operations on plane curves, we look to a new centered representation
that lends itself well to radially sampled curves. Therefore, given a 1 x 2 vector B, a
centered version is given by

. N

B(t)= B@) - Go= Y. Cy (t), (7.8)

k=1

where the right side of the equation is trivially obtained from equation 7.5. This means
that plane curves can be generated and operated on at the origin and then translated
to their actual location in space.

The next point that needs to be addressed is the resolution or coarseness of the
representation. Given that we are interested in plane curves of a digital nature, equa-
tion 7.8 and a set of Fourier coefficients, Cy, that is scanned radially in A@ uniform
increments along the interval [0, 27] will produce an (M +1) x 2 curve template matrix,
called S. The rows of matrix T each specify a unique point along the curve boundary,

with the exception of the last point which is a replicate of the initial point to ensure
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continuity. The operation of creating S is encapsulated by

~
~

sT (ia) = B(ia6) + Co, (7.9)

where‘ the parameter t = Af = %’ and ¢ is the specification of the row of matrix S. Now,
a centered, variable resolution template of a plane curve is available. This representation
will form the analytical basis for the rest of the chapter.

Using a variable resolution representation will facilitate computational efficiency
and matrix storage requirements. However, one must be wary of sampling issues in the
reconstruction of PEFRs from the original figure. In fact, Shannon’s sampling theory
relates that in order to generate an adequate representation our parametric curves must
be sampled at two times the rate of the highest frequency present in the curve in order to
avoid aliasing. Figure 7.3 shows two possible forms of aliasing that will be encountered
in the use of PEFRs. The first form is a direct consequence of Shannon’s theorem and
it is manifested through inadequate sampling of the parameterization. The rows [2 — 6]

of the figure matrix afe PEFRs with varying sampling rates and constant order. The
original image was a simple square shown as the very first figure in the diagram. As
shown in the first few columns, the aliasing is severe enough to form degenerate shapes.
Next, a phenomenon caused by inadequate use of high frequency terms in the PEFR is
shown in rows two and three respectively. In these two rows, the PEFR cannot mimic
the structure of the input curve regardless of the sampling rate. This is corrected for
in the last rows of the matrix where the PEFR order is somewhat higher. Thus, two
hard constraints must always be satisfied when using PEFRs as a representation in any

system. They are:
¢ Sampling of the parameterization must satisfy Shannon’s sampling theorem.
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Figure 7.3: Sampling vs Order Grid: Rows [2— 6] of the figure matrix have constant

order [1 — 5]. Columns of the figure matrix have constant sampling rates (2,4,...10,12].
The first row contains the original image followed by the intersection of it with the ideal

PEFR with 500 samples and orders [1 — 5], respectively.

e PEFR order must be sufficiently matched to the input data characteristics or

degenerate structures will emerge.

Region PEFRs

A homogeneous region of space is implicitly described by discrete curve map, S where
the resolution of the region is controlled in equation 7.9. Given this curve description,

it is possible to design a function f(S) called a filling function that produces a uniform
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region bounded by the curve S. This function is formally defined as

. k where, x(a),y(b) on the interior of S
R = f(F,k)= (7.10)

0 otherwise

For regions the operations are derived from the filling function on a centered plane curve,
however these operations are not limited to centered functions due to their association
with basic set theory. The first operator is the familiar union operation. This essentially

constructs a composite PEFR that is the union of N different PEFRs. It is defined as

R=[)R. (7.11)

R=JR. (7.12)

7.2.2 Fundamental PEFR Operators

A filling operation has already been defined in the previous section that augments a
plane curve by filling of its interior with a constant scalar value. This has many uses
in the analysis of homogeneous regions that can be thus simulated. In addition to
this functional operator, several additional operations are implied since the basis of
PEFR curve theory lies in the Fourier series. (Note: Unless specifically mentioned all
basic operations are plane curve specific. Operators on regions must first be applied
to the base plane curve and then the filling function can be used to generate a valid
region.) The first operator comes as a direct consequence of the Fourier series property
of addition. Which relates that the Fourier series of a sum is the sum of the Fourier

series. This directly lends itself to define a blending function for a set of N centered




plane curves. Thus, a centered N-blend is defined as
~ Nos :
B =) a;B;, where o +---+ an = 1.0. (7.13)
i=1
Clearly, an average of N curves can be obtained by the constraint of equivalent coef-
ficients. However, this structure will allow the use of prior knowledge as a weighting
coefficient. Scaling is another property that falls directly from Fourier series properties.
The scaling property is thus related as
2, N -
aB(t) = Y aCyTi(t) (7.14)
k=1
Differentiation is also expressed implicitly in this representation. If equation 7.8 is
rearranged such that the coefficient matrix is separated in two column vectors such that

N

B(t) = Y[CLCRI T (t), (7.15)
k=1
where
=[cicd, (7.16)
then
5 N -
B'(t) = ) HCR[-CilITk (). (7.17)
k=1

Likewise, an integration of the curve is available as a consequence of Fourier series
properties. The formal expression is
C,
[ By =200+ kz_:[ck -GRIE O (7.18)
Notice this representation provides a number of convenient operators to deploy in system
design; however, it has the disadvantage of making the curve length difficult to recover

using simple operations on Fourier coefficients.
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7.3 Conclusions

A basic theory of parametric curve representation was outlined. This theory relies
heavily on the Fourier series for many of its fundamental advantages. In addition, a
group of operations that can be used directly on these representations was outlined.
Finally, a representation capable of multiple resolution analysis was derived. Using
this basic tool combined with the Fourier series properties offers many advantages. In
terms of the guidelines for adequate representation that was outlined in the beginning
of the chapter, three main advantages, computation efficiency, reduced storage costs,

and direct mapping into computational theory were realized.

7.3.1 Computational Efficiency

The use of a variable resolution PEFR can be directly quantified through the use of
equation 7.5 and basic knowledge of digital imagery. Two tiers of computational ad-
vantage can be identified in the PEFR schema. The first is inherited directly from the
properties of a Fourier series. All of the aforementioned operations have been reduced
from operations on plane curves to operations on Fourier series. Thus, many complex
systems can be designed and built to operate on the internal representation rather than
the original image resulting in a computational advantage. For an excellent discussion
on the computational advantages of the Fourier series see Tolstov [Tol62].

In many cases, the internal representation must be converted into a form that is
compatible with image-based operations. In this case, the computational advantages
associated with the Fourier series are forfeited in favor of those in equation 7.9. For

example, the operation of template matching which is a common operation consists of a
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multiplication followed by an integration to give the total response of the template to the
image. This operation is typically formed by direct multiplication of the template image
onto the original image. This results in 2I? additions and multiplications, for square
images, where I is the dimension of the image and is typically quite. large. A more
efficient concept of template matching is related in [SD92], where the dimensionality
of the operation is reduced to a function of the curve length given in equation 7.18.
Here the total cost for operations is 2.0 L, where L is the length of the curve in pixels.
Variable resolution PEFRs further reduce this computation by the M /L. So the total
number of operations is 2.0 x M where M << L.

Table 7.2 contains hard numbers for the three different template matching mecha-
nisms previously outlined. In the table, the number of operations for full image template
matching grows with the square of image size. It is independent of the template geome-
try. In full curve template matching the discretized curve length forms the basis of the
number of operations. In this example an ellipse that grows in proportion to image size
was used; accordingly, the number of operations grows with the baseline curve length.
For mutli-resolution PEFRs a constant sampling angle of 6° was employed, giving a

constant cost for all imaging sizes.

7.3.2 Storage Requirements

The storage requirements of a frequency weighted PEFR are a simple function of the
order of the PEFR and the internal representation used in the digital computer. The
unit size is related by

Sp = (5.0N +2.0) » sizeof(ir), (7.19)
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Table 7.2: Operation Cost Comparison: for three different types of template match-

ing schemas

Image Size | Full. Image | Full Curve | PEFR
64 x 64 8192 75 60
128 x 128 32768 150 60
256 x 256 131072 300 60
512 x 512 524288 600 60

where ir is the internal representation used in the system and the “sizeof” operator
gives the number of bytes for that input N is the order of the PEFR. The size of the

PEFR image vector from equation 7.9 is given by

Ss = 2(M + 1) * sizeof(ir) (7.20)

Table 7.3 contains a comparison of the storage costs associated with PEFRs of varying
- resolution and order. The units in the table are “bytes” and represent the total combined
storage cost of a PEFR with order N and an image vector derived from that PEFR

with samples M.

7.3.3 Direct Mapping in Computation Theory

The issue of mapping into a viable computational theory is a major issue in the use of
any internal representation. In particular, it is desirable to make certain major fruits
of that theory available to the vision programmer in a trivial manner. From section 2
of this chapter, certain efforts were made to realize part of this goal. A fundamental
set of operators was presented that facilitates simple mathematical operations on the

chosen representation. However, the major benefit of using PEFRs was only hinted at
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Table 7.3: Storage Cost Comparison: with varying resolutions and orders

Order Samples

10120730 40 | 50 | 60

1 29 (49 (69 | 89 [ 109 | 129

2 34 (54 |74 | 94 | 114 | 134

3 39 15979 99 | 119 | 139

4 44 1 64 [ 84 | 104 | 124 | 144

) 49 1 69 [ 89 | 109 [ 129 | 149

6 54 (74 194 (114 | 134 | 154

in the previous subsection. It centers on the use of template and model matching to
perform tasks such as stereo matching, object identification, and regional analysis. In
using PEFRs to form templates from a binocular image pair and/or individual images,
Maximum A Priori (MAP) estimates can be obtained in an explicit manner using a
PEFR and an input image set. While the explanation of this is left in detail to the
remaining chapter, it allows the inclusion of a large, well-developed body of optimization
theory to be included directly into vision design. Coupling this with explicit MAP
estimates using multi-resolution PEFRs, powerful visual systems can be designed using
the baseline architecture presented in the following chapter. This architecture will
bind local representation, computational theory, and task-domain knowledge into an

algorithm well-suited to handle difficult problems in vision.
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CHAPTER 8

Architecture for Purposive System Design

Many designers use sequential block algorithm design as a simple road map to imple-
ment a visual system. In this design methbdology, an algorithm is decomposed into a
network of sequentially connected sub-components. These sub-components, or modules,
implement some specific computational function, e.g., edge-detection, thresholding, etc.
By connection of the output of one module to the input of another module, complex al-
gorithms can be constructed in a simplified framework. In a similar manner, individual
algorithms can be viewed as functional blocks and assembled into a complex system.
The primary advantage of this type of linear decomposition is the speed of implemen-
tation and the warehousing of functionality into a conceptually simple representation.
While this class of methodology offers many advantages to the designer, it can pro-
duce inadequate results for highly dynamic vision applications due to the propagation
of component error from block to block. In this type of degeneration, a sequence of
individually robust modules can lead to global algorithmic instability. In this work an
alternative to the sequential block design is presented.

A Bayesian Algorithmic Network Design, or BAND, is proposed. It uses a system
of estimation algorithms together with their Bayesian priors and evaluation functions
embedded into a matrix that describes the network. Given this design matrix, the ques-
tion is posed, “Which sub-component of the Bayesian network has offered an optimal

result in light of the given information?”. The richness of this structure is provided
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through the flexibility of optimization techniques and the inclusion of task-level knowl-
edge that can tailor the BAND network to a particular application. For instance, a
static BAND network can be constructed to provide a class of edge-detectors for two-
dimensional medical images. Each individual edge detector may have been constructed
under the sequential block algorithm, or SBA, paradigm. The BAND network can
then be optimized to adjust the Bayesian priors to favor detectors that return single
pixel edges, or weight the priors based on system timing information for time critical
applications.

This analysis begins with a break-down of the SBA design philosophy and a demon-
stration of how component error propagation can lead to algorithm failure. From here
the BAND theory is developed and presented in the context of system design. Next,
simulated results are discussed. Chapter 11 offers an implementation of a BAND net-
work for the extraction of cranial structures from positron emission tomography (PET)

images.

8.1 Sequential Block Algorithm Design

Figure 8.1 conveys the traditional mode of vision algorithm construction. A task is
decomposed into a sequence of N processes that operate in a sequential manner; that is,
the input to process ¢ is dependent on the output from process i—1.(Note: More complex
algorithm design is possible in this paradigm using loops, feedback, etc.; however, for
the purpose of simplifying the analysis of these structures, it has been assumed that
more complex operations are encapsulated within the function of a particular process.)

With each process, P;, a value called the probability of success can be assigned to that
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Figure 8.1: Sequential Block Algorithm: A model of algorithm design where func-
tional blocks are assembled sequentially to provide complex functionality in the assem-

bled system.

process. This value may or may not have a computational basis; however, it is viewed
as the chance that the process, P;, was successful given the input sequence. To further
simplify the mathematics, it is assumed that the output of each process is independent of
the outputs from the previous processes. This system could be extended using a Markov
state model where the probability of P; is dependent on the success of the previous states;
however, the Bayesian model will provide an upper bound measurement on the success

of SBA design. This quantification will provide the best baseline for our comparison
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Table 8.1: Sequential Block Algorithm (4 process algorithm): Showing how a

sequence of relatively robust processes can lead to systems with low reliability

Process | Pr(S7) | Pr(Si) | Pr(S?) | Pr(S})

P, 0.97 0.90 0.80 0.85
P, 0.92 0.85 0.75 0.53
P; 0.95 0.95 0.86 0.82
Py 0.99 0.99 0.69 0.65

Pr(S) 0.84 0.72 0.36 0.24

with BAND systems.

Elementary probability theory states the the probability of the union of N indepen-
dent events is the same as the multiplication of their individual probabilities. Thus,
given the NV processes from Figure 8.1, the probability of success of the algorithm is

computed as
N

Pr(Sx) = [] Pr(Si|Di-1, Py, ..., Pca). (8.1)

=1

And in light of the independence assumption from the previous paragraph, is equivalent

to
N

Pr(Sy) = H Pr(S:|Dgi_1). (8.2)

1=1

Equation 8.2 illustrates that given the state of input data after the preceding step,
Dg,i-1, and a vector that measures the confidence of a component process, P;, the
probability of the success of the system can be derived. Table 8.1 displays the confidence
in 4 different SBA designs with strong to medium confidence in the individual component
blocks. Even in blocks where confidence is greater than ninety percent for each block, the

overall system confidence erodes rapidly. In addition to this drawback, SBA algorithms
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Figure 8.2: A “General” Algorithm: A simplistic model of algorithm design where
an algorithm has been tuned for a particular class of input data. If it is used in the

classification of a different class of data, performance will suffer.

usually suffer an additional problem that results from the design of “general” vision

modules.

8.1.1 General Algorithms and SBA

Almost from the beginnings of computer vision research, it was the desire of researchers
to build general vision modules. In early computer vision thinking, these modules would
perform in a robust manner across all combinations of input data. Figure 8.2 shows a
system where a single algorithm is responsible for deriving models from any class of data
that is presented. As research into practical computer vision progressed it gradually
became evident that this type of generic system is only a theoretical construct and
could not possibly have any mapping into a realizable system [Alo90b, Alo89, Alo90a].
In contemporary computer vision, an algorithm must be designed for a particular visual
task. In other words, we build algorithms as a function tuned to the input data, and

the algorithm constraints must come from requirements of a specific task.

149




Table 8.2: General Algorithm (1 process, 4 data classes): An algorithm that is
designed for a particular data set may suffer instabilities when presented with dissimilar

types of input

Sequence | Dy | D Dy | D3

Pr(S|Di,1) | 0.97 | 0.84 | 0.78 | 0.82

Pr(S|Dy,2) | 0.95 | 0.93 | 0.64 | 0.45

Pr(S|Dy,3) | 0.95 | 0.96 | 0.59 | 0.53

Pr(S|Dy,4) | 0.99 | 0.90 | 0.61 | 0.42

Pr(S|Dy) {0.96 | 0.91 | 0.65 | 0.55

Table 8.2 displays the results of 4 different trials of an algorithm designed to delineate
structures in the brain. The primary algorithm was trained on input from class 0. From
the table, the performance of this algorithm degenerates when presented with data from
increasingly dissimilar data sets. The data set types were as follows: (0) FDG with 3D
reconstruction, (1) FDG with 2D reconstruction, (2) 0-15 Water with 3D reconstruction,
and (3) 0-15 Water with 2D reconstruction. Clearly the algorithm was designed for

primary use with FDG systems.

8.1.2 Looking for a Better Framework

Based on the these simple preliminary studies, a framework for purposive vision has
no place in linearly-sequenced, general vision modules. Linear sequencing can result
in poor system performance and general vision design is impractical at best. Theories

of purposive vision relate that each algorithm must be designed with a task in mind,

L.e., each algorithm is tuned to a particular data class. Again, it is equally impractical




to design a set of algorithms for each set of related data in problems that may require

hundreds of differing data streams. An answer lies somewhere in the middle. Robust
systems can be designed to reference more than one data class with less than a cardinal
number of algorithms to do it. By taking advantage of the full computational power
of a minimal algorithm set and exploiting as many high-level purposive constraints as

possible, robust task-level vision will emerge.
8.2 Parallel Block Algorithm Design

In selecting a design methodology for a purposive active vision system that extends
the capability of the traditional SBA design, it is desirable to encode into this archi-
tecture two useful system design strategies that will facilitate its utility. They are: (1)
implicit parallelism, and (2) dynamically reconfiguration [FF95). It is also recognized
that to provide a fundamental modular structure to these system that SBA blocks will

be used as fundamental components.

8.2.1 SBA Networks

As previously stated, the fundamental problem of SBA design is that single block al-
gorithms are inherently tuned for a single class of data, e.g. pre-processing by image
filtering is adjusted to the average expected noise levels. If the algorithm consists of a
single block, it will have limited utility when presented with inputs that have dissimilar
noise structures. One possible way to compensate for this effect is to use multiple SBA
blocks embedded in a two-dimensional matrix, or network, structure. In this configura-

tion, shown in Figure 8.3, a set of N SBA processes, P,, are tuned to N classes of input
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Figure 8.3: SBA Network Algorithm: A parallel model of algorithm design where

an individual elements of a process matrix have been tuned for a particular class of

input data.

data, Dr (Note: M = N). This type of system works well where the number of input

data sets is limited and the characteristics of the input data are well-understood. It

makes implicit use of parallelism and can be trivially mapped into a parallel architecture.

It has no reconfiguration, or feedback systems.

This architecture can be simply extended by imposing a fully-connected matrix (in-

put to process) on the system. In other words, each of the classes of input data, Dy, is

routed to each of the processing components, P,. This takes advantage of the full com-

putational power of the two-dimensional network and will produce a model matrix with

NzN elements. Shown in Figure 8.4, this model is highly parallelizable, but lacks feed-

back capability. Now that the characteristic of implicit parallelism has been imparted

to the network, the paradigm must be extend to include reconfiguration and feedback

capabilities. A functional feedback mechanism could be using a weighted scheme that

is a function of the input data and the process operating on that data. An iterative

mechanism that will adjust the weights based on the results of model evaluation com-

pletes the feedback and reconfiguration loop. In addition to these fundamental looping
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Figure 8.4: SBA Fully Connected Network: A more complex model of algorithm
design where each data set is input to each process and the results area encoded into a

model matrix.

constructs, it is useful to have a method of exploiting orthogonal information available
when processing the data at different levels of resolution or from different channels
of analysis in an optimal fashion. Figure 8.5 illustrates a system design model that
has both parallization and dynamic reconfiguration capabilities. An operational theory
for this model requires the development of several components. First, a mathematical
model must be attached to this semantic model. This model must faithfully represent
the weighting function, the evaluation functions, and the network reconfiguration capa-
bilities that this design concept requires. The theory of Bayes [Pap84] is well suited to

model the capabilities of this network.
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Figure 8.5: A BAND Network: A more complex model of algorithm design where

each data set is input to each process and the results area encoded into a model matrix

which is evaluated and used to adjust the optimal output.

8.3 Bayesian Algorithmic Network Design

The formal definition of Bayes’ theorem and the fundamental building block of a

BAND network is

Pr(MD)

Pr(M|D) = B (8.3)

Stated verbally, this means that the probability of event M, given that condition D has

occurred, is equivalent to the ratio of the probability of both M and D occurring to the
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probability of event D. Usually this equation is presented as

Pr(M)Pr(D|M)

Pr(M|D) = PrD)

(8.4)

Using this formulation, D is the input to the Bayesian system, i.e., an image. M is
a set of parameters that describe some information deduced from the input, usually
a representation of the desired output, i.e., the edges from an edge detector. The
probability of D is called the Bayesian prior probability of the input. (Note: A common
assumption is that P(D) = constaﬁt.) P(M) is the prior probability of the parameter
vector. And ﬁhally, P(D|M) is the probability of the input given the model set, M.
Given equation 8.4, a well documented technique to find the mazimum a posteriori, or

MAP estimate from a set of possible models M with respect to a given input, D is
MmaplD = m?.x [Pr(M,lD)] . (8.5)

Using standard optimization techniques [Par62, RRR83], distribution for the prior prob-
‘abilities of the input models and a likelihood estimator for those models, the MAP so-
lution is easily computed. Two fundamental problems exist in finding MAP estimates:
(1) generation a probability density function that represents the Bayesian priors of the
model, and (2) the construction of data-driven likelihood estimators that represent the

principal part of Equation 8.5.

8.3.1 A Bayesian Model

Using the BAND model in Figure 8.5, the first part of the model is clearly a two-

dimensional Bayesian probability network with structure,

Pr(D4|M (i, k)) Px(M(i, k))
Pr(Dy) )

Pr(Mmgp|Dy) =
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From equation 8.6, M (7, k) is the model generated by process P; when operating on input
Dy. Again assuming the probability distribution of the input data sets is uniform, then

the map estimate can be given by
Mmap|p, = max [In Pr(Dg|M(i,k)) +In Pr(M(i, k))]. (8.7)

Equation 8.7 and Figure 8.5 indicate, given an input data set of a particular class, a
global MAP estimate is obtained from each of element of the available processing matrix
provided an adequate likelihood estimator was provided. In addition, the user has full
control over the two-dimensional Bayesian prior matrix, Pr(M (i, k)).

From here, one of the major problems of MAP estimation is explored. Even in
cases where excellent likelihood estimation functions exist, there is no control on the
quality of MAP estimation. In cases, where optimization is employed as a tool to obtain
MAP estimates in a timely and efficient manner, the problem is further compounded
by smoothness requirements of many optimization algorithms. Fundamentally, there
is no guarantee that useful modeling information will be realized from the Bayesian
estimator. In applications where a high level of confidence in the resultant estimations
is demanded, task-domain knowledge provides additional constraints that will positively

impact the results.

8.3.2 A Task-Domain Estimator

In this schema, models generated by each of the individual processes are model esti-
mates, possibly MAP estimates in their own right, given input data and the process.
Thus, a vector of M MAP estimates is available. A simple solution would be to do a
global MAP estimation on the model probability matrix and set that to be the solution.

However, this solution neglects two fundamental problems with MAP estimation:

156




e No effort is made to exploit orthogonal information that may be contained in a

subset of the initial MAP estimates, and

e No explicit correlation between MAP estimation and correct results is implied.

These problems are addressed through the addition of task-domain constraints to but-
tress the integrity of MAP estimation and the generation of an optimal blending function
that isolates complementary information from different channels of the networks and

forces a more complete solution.

A Multi-Channel M AP Estimator

- It is possible to consider each column of estimators in Figure 8.5 as a separate channel of

multi-channel analyzer. Using this viewpoint, it is desirable to recombine this possibly
orthogonal information into a form that represents more accurately the salient qualities
of the input data rather than any characteristics imparted by the individual analyz-
ers. Since the basis functions for internal representation where selected in the previous
chapter (Representations for Active Stereo), the fundamental results and properties of
that analysis are exploited here. In particular equation 7.9 which relates representations
at differing scales, and equation 7.13 which is a simple scheme for combining a set of
PEFR estimations into a linearly-weighted combination called an “N-blend”.

Assume first that the per process results have been obtained. In this case, a set of
N MAP Models for the input data set Dy have been derived. Associated with these N
models is a vector of probabilities from the initial MAP estimation, see equation 8.7, that

are used to generate a seed point for the coefficients vector of equation 7.13. Assuming
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these probabilities are taken at equivalent scale, the coefficient vector seed is defined as

S, Pr(M (i map, k)).

(8.8)

1

The seed curve is generated by the application of the coefficient vector from equation 8.8
and the MAP models from the N applications of equation 8.7 to equation 7.13. Next,
this seed curve, C(a, D) is input to another MAP estimator with uniform priors to

return the optimal blended function. This function C(amap, D) is obtained from
C(omap, Di) = max [Pr(C(a+ ¢, Dy))]. (8.9)

The tri-phasic function of the task domain estimator is to: (1) vary the parameters of
the blended estimation so as to select an optimal blend from the initial MAP estimates;
(2) Given the set of initia]l MAP estimates and the optimal blend, force a task-domain
evaluation of each estimate; and (3) Select the optimal estimate from evaluation of the
task domain cost functions. In step 3, it becomes desirable to depart from the theme of
MAP estimations so that the verification of MAP estimates in a task-domain framework

can help alleviate the afore mentioned problems of Bayesian estimators.

A Framework for Task-Domain Estimation and Verification

At this point in the process, the primary candidates for promotion are the N initial
MAP estimates from the individual processes and the optimal blend obtained from

equation 8.9. From here two classes of task-domain estimators are defined:

e Inclusive, and

e FEzclusive.
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Inclusive constraints can be modeled as continuous probabilities, [0,1] that represent
some computational evidence that a particular model offers when compared to the
input image. Exclusive constraints are designed to exclude models from consideration
in cases where computational evidence supports these constraints; thus, an exclusive
constraint is a highly nonlinear function, i.e. a step function, that takes the discrete
values of 1 or 0. Further, exclusive constraints weight both the Bayesian priors and
the likelihood estimators from equation 8.7, while inclusiv;a constraints operate on the
likelihood estimators.

Given a specification for X inclusive constraints and Y exclusive constraints and
assuming independence among the probability relationships, The weighting model for

inclusive constraints is

X
1% (i, k) = [T Pr(L|M(i, k)), (8.10)
=1
and is
Y
EY (i, k) = [] E,(M(, %)) (8.11)
y=1

for exclusive constraints where the exclusion function is defined as

1 if E(M(i,k)) >0
E,(i,k) = (8.12)
0 , otherwise

Thus, the formal optimization function for a BAND network is the maximum of
Mwmap)p, = max EY (i, k) [In IX (i, k) Pr(Dy| M (i, k)) + Pr(M(i, 0], 61
the weighted MAP estimate of the initial model estimates; and,

Cwmapip, = max E¥ (i, k)I* (i, k) [Pr(C(a + €), D), (8.14)
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the optimal blend which was seeded with equation 8.8. This BAND is specified formally

as
Mpand = max {Mwmapwk , Cwmap]Dk} . (8.15)

The BAND estimate from equation 8.15 has some interesting properties that MAP

estimators lack. These properties are:

e The possibility of a null estimate.
o The inclusion of possibly orthogonal information from equation 8.14

o Inclusion of task specific information in the form of constraints into the estimation

process.

8.3.3 A Simple Example

In this example, a simple multi-channel BAND estimator is constructed to demonstrate
the benefits of this technique over standard MAP estimation. We begin with an initial
estimate of a variable width line profile with unity area that is contaminated with
uniformly distributed noise, shown in Figure 8.6. To illustrate the functional utility of
the BAND network a simple neighborhood smoothing and edge detector combination
are used to locate the point of square wave transition. (Identification of this point will
specify the complete geometry of the square wave.) Clearly this scheme will work well
in cases where signal-to-noise ratios are high; however, in low signal-to-noise profiles
BAND estimation will significantly outperform traditional MAP estimation.

In our simple BAND network there are two process and Bayesian priors are assumed
to be static and equal. Process A does not smooth, seeking maximal derivatives directly

from the raw data. Process B implements a 5X1 neighborhood smoothing operation
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SQUARE WAVE CONTAMINATED WITH UNIFORM MOISE
T T T T T T T T

Figure 8.6: Simple Square Wave: shown with and without the application of uni-

formly distributed noise.

followed by the same edge detection procedure. A sample data set, such as Figure 8.6
is input to the network, and two transition point candidates, a and b, are output. From
here, likelihood estimators are derived from the correlation of the model square waves
specified by the candidate transition points, a and b, and the raw data. Once probability
estimates are available, Equation 8.8 and Equation 8.9 are used to formulate an optimal
blend for @ and b. This operation produces another possible transition point, c.

Now, there are three estimates available. One from the unsmoothed detector, es-
timate a. One from the smoothed detector, estimate b, and one from the blending
function, estimate c¢. The specification of task-level constraints is warranted. In par-
ticular, optimization will have difficulty with low signal-to-noise and will benefit from
the added boundaries. In this example, the single constraint is an inclusive constraint
(see equation 8.10) that weights the correlation-based likelihood estimate by a fraction

of the perimeter. This constraint is added to control singular estimates of the square
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BAND ESTIMATEION OF A SQUARE WAVE
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0.0 0.5 1.¢ t.5 2.

BAND extimation: solid. MAP estimation. dashed
Figure 8.7: Unit Area Square Wave: contaminated with uniformly distributed noise

in the range [-1,1] with BAND and MAP estimates overlayed.

wave that can arise in highly noisy images. This perimeter constraint is

I'(i, k) = —=, (8.16)

where [ is a constant, 25.0 in these examples. Using equation 8.16 with equations 8.13
and 8.14, produces the weighted MAP estimations that are input into equation 8.15 to
give a final result.

Figure 8.7 shows the results of application of this BAND network to a unity area
square wave (amplitude 1.5) together with the results of the sample MAP estimation.
Note from the figure, that both BAND and MAP estimations are correct for this high
signal-to-noise profile. Figure 8.8 shows the same results with higher levels of uniformly
distributed noise. The MAP estimates are wandering; however, the BAND network
provides the correct result. Again, in Figure 8.9 the BAND estimation has proven

superior to MAP estimation.
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X
AAND estimation: solki MAP eatimation: dashed
Figure 8.8: Unit Area Square Wave: contaminated with uniformly distributed noise

in the range [-1.6, 1.6] with BAND and MAP estimates overlayed.

8.4 Conclusions

A method for the construction of purposive vision algorithms has been proposed.
This method, loosely based on Bayesian probability theory and Elliptical Fourier Rep-
resentations, has several advantages over traditional MAP estimation. The integration
of task domain constraints into the estimation processes provides an internal mecha-
nism for relating simple physical relationships into an effective estimation and quality
control procedure. Also, the existence of the null estimate highlights an important lack
of traditional MAP estimation: the ability to reject posed estimates based on sufficient
task-level knowledge. Finally, and most importantly, the ability to design estimators
that include multiple layers of resolution or multiple channels of analysis in a parallel

computational network offer superior performance with reduced design time.
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Figure 8.9: Unit Area Square Wave: contaminated with uniformly distributed noise

in the range [-2.5,2.5] with BAND and MAP estimates overlayed.

Table 8.3: BAND Square Wave Estimator (2 process algorithm): Showing how

a sequence of relatively simple algorithms can lead to very robust algorithms

SNR 0.75 0.90 0.45

Trials | MAP | BAND | MAP | BAND | MAP { BAND
100 65 84 84 95 32 56
100 71 86 91 95 40 60
100 74 87 91 99 43 58
100 82 92 92 99 33 49
100 79 95 80 90 38 56
100 7 93 87 93 41 57
100 82 89 89 96 39 65
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CHAPTER 9

Dual Arm Work Module

The Dual Arm Work Module (DAWM) is composed of two six degree-of-freedom
hydraulic arms mounted on a five degree of freedom base." In reference to their mount
_points on the base, each arm has comfortable reach of about 80 inches directly ahead
of the base mounting point. The only suitable location for mounting a stereo camera
system was determined to be directly above the center of the base about 20 inches. This
translated into a 135 in. offset from the stereo mounting point to the sensitive area of
the robotic manipulator. In a single plane, the robot could move about 12.5 inches in
any direction from that point without kinematic difficulty.

Grasping of small objects was the intended tasks. More specifically, objects between

1 and 4 inches were going to be cut with the “Jaws-of-Life” hydraulic cut tool. In
addition, it was determined that it was necessary to cut objects along the entire 25 in.
length that DAWM could transverse in the direction from base to tip. Putting these in

terms of our stereo constraints with a rectangular work space gave the following:

e [ ~ 25.0 inches.
o w = 4.0 inches
e Z4 =~ 135.0 inches.

Using PASS, it was found that

® Zmin = 98.0 inches.
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e AZ = 50.0 inches

e AF =~ 8.0 inches
Translating these variables into specific geometry gives:

e b =19.0 inches.

I —
° = 0.20.

(Note: Actually focal-length for the system using our CCD cameras was calculated to

be 48 mm.)

9.1 Implementation of a PASS System

Figure 9.1: Stereo Platform Design: Stereo vision system designed using the PASS

algorithm.

Stereo configurations generated with PASS are bounded by the parameters used
in the synthesis( shown in Figure 9.1). In other words, if a design is optimized for a
specific geometry, then objects must be present in the sensitive region before they will be

imaged. In some more complex applications of this algorithm, a wider field-of-view will
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Figure 9.2: Stereo Platform Design: Stereo system mounted on the Dual Arm Work

Module (DAWM) at the Oak Ridge National Laboratory.

need to be searched for the object while a PASS configuration is used for the ranging
process. For the DAWM module, the constraints used were drawn directly from the
task, cutting of small objects; however, the static geometry is not sufficient for the task
of locating objects of interest from a large field-of-view. For this reason, a two degree
of freedom rotational stage that allows pan and tilt motions was incorporated into the
design. The unit was stepper motor driven with quoted accuracy of less than %5 of a
degree. It supported a full range pan with a kinematically restricted tilt of 45 degrees.

The stereo unit is also shown mounted on the DAWM in Figure 9.2.

9.2 Simulations of the PASS Model

In order to provide some experimental validation of the model, a simulation of
the stereo camera system was implemented. The model include spatial quantization

typical of a standard CCD array, baseline uncertainty due to thermal expansion of the
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mounting brackets and measurement error, disparity error caused by pixel localization
problems in detection software, and uncertainty in focal-length caused by refocusing
and aberrations in the optics [TT95b]. Parameter noise was assumed to be Gaussian

and set to the following:

e Baseline Uncertainty: 0.0033 in. (std dev)
e Focal-length Uncertainty: 0.0025 in. (std dev)

e Pixel Uncertainty: 1 pixel (std dev)

This permits the assumption that maximum errors will occur at three standard de-
viations from mean [Sob94]; therefore, maximum errors were limited to 0.01 in. for
baseline, 0.0075 in. for focal length, and 3 pixels for localization errors.

Figure 9.3 represents the maximum accumulated error for objects located 100 inches
from the stereo array with baseline and focal-length perturbed. It shows that the max-
imum error distance was around 0.18in. (Note: That is total distance: representing all
three principle directions) Figure 9.4 shows a similar plot with baseline and disparity
perturbed. Maximum error was around 0.35 inches, well within the specified limits.
Figures 9.5 and 9.6 respectively were contaminated with the same levels of noise; how-
ever the object points were located at a distance of 150 inches. Maximum combined
distance error hovers at around 0.75 inches. While this figure is a little high, it does
represent a 0.25 inch allowance in each of the principle directions. Also, it is important
to acknowledge that most of the manipulation work will accrue in the 110-130 inch
range. Also it is a measure of the maximum expected error, typical errors should have

around half the magnitude.
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Figure 9.4: Sensitivity Analysis: Estimated range error for object distances of 100

in. with baseline and disparity perturbations.
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Figure 9.6: Sensitivity Analysis: Estimated range error for object distances of 150

in. with baseline and disparity perturbations.
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9.3 Experimental Validation

Experimental data was obtained from the system by the placement of a planar
target in view of the camera system. (Note: All stereo matching was done manually to
minimize mismatching.) The target was randomly oriented and target spacing was not
uniform. To test the accuracy of the system, three-dimensional range information was
obtained from each target. Then, this data was used to find a best-fit in a least squares
sense to a model of a plane. Residual error of the fit was obtained by using the derived
model coefficients to compute the predicted values of one component of the model, and
then subtracting the predicted from the actual.

The general equation of a plane in Cartesian coordinates is
az +by+cz+d=0; (9.1)

however, this model needs to be rearranged to make it suitable for solution of the
coefficients set in a least squares fit. This new model follows from a simple rearrangement
of the terms in the form

z = —(mz + ny + p), (9.2)

where m = 2,n = %, and p = %. Given that we have N pairs of three-dimensional

coordinates, theses equations can be formulated in a matrix representation as
Dg=Z, (9.3)

where D is the augmented, N x 3 matrix of z and y values in equation 9.2; ¢ is the
3 x 1 vector of coefficients of the planar model from the same equation, and Z is the

remaining vector from the range triplet. Model coefficients are where found using the
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normal equations [Str86, Pre88],

g=(DTD)'D7Zz. (9.4)

Two sets of range data using the same three-dimensional reference point were ob-
tained. Both sets where then fit to a plane using equation 9.4. (Note: approximately
50 range points where distributed over the entire stereo region.) Table 9.1 documents
the statistics on the residual error. There, u represents the mean absolute error instead
of the average error, which in a least-squares approximation should be nearly zero. The
standard deviation and the minimum and maximum values present in both data sets
are also presented. A freeze frame from a video of the DAWM robot actuating an

autonomous cut is shown in Figure 9.7.

Table 9.1: Planar Model Coefficients: Least-Squares coefficients for planar model

of two sets of range data obtained from the same three-dimensional reference point.

u | 0.6563 | 0.5262

o | 0.8459 | 0.6699

min | 0.0411 | 0.0024

max | 2.0846 | 1.6863

172




Figure 9.7: Robotic Cutting Task: Stereo vision system designed using the PASS

algorithm is providing three-dimensional coordinates that direct the hydraulic cutting

tool to its target.
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CHAPTER 10

A Convergent-Axis Stereo System

In dynamic vision, static baseline systems with fixed lenses are not suitable for many
tasks [KFS88, Kro89]. For instance; in the PASS stereo system designed in chapter 8,
it is not possible to obtain optimal range estimates for a single point at some distance
from the sensor arrangement; rather, one is forced to use the workspace definition that
was included in the design phase to obtain estimates that are optimal for that entire
workspace. Thus, range estimates at any single point in the workspace are typically
sub-optimal. There exist a plethora of improvements over static baseline parallel axis
systems [Cla92,0K93, AA88, Jai89, NP83]; however, in this chapter a dynamic-baseline,
convergent axis stereo system platform is designed and built using the CASS design
paradigm from Chapter 4. This system architecture will be built on the following

principles:
e A weakly calibrated stereo system (where possible).
e Dynamic reconfiguration for optimal geometrical configurations.
e Automatic contrast and focus enhancement.

e Pipelined architecture for near frame rate execution.
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10.1 Hardware Design

In contrast to the DAWM system built in Chapter 8, it was desired to build a
desk-top stereo acquisition platform that was capable of convergence and made use of
motorized lenses that were readily available. By definition the system was to operate
on a single piece of optical breadboard measuring one foot wide by six feet long. The
stereo platform would be buttressed against the base of the optical plate. A circle with
a one foot radius, centered at four feet from the baseline coordinate system of the CASS
platform, was set to be the desired workspace. This was necessary for operation of the
automated camera features in their linear range of operation.

Using mainly surplus equipment from previous projects, i.e. pan/tilt units, linear
motors, and variable zoom lenses, dictated some limits on the design. However, the
available equipment was enough to implement a system with fundamental convergence
and dynamic baseline capabilities. Figure 10.1 abstracts the kinematic capabilities of
the system. The basic design consisted of mounting one of the motor units on a linear
table and the other onto a base plate with the same vertical offset as the linear table.
Next, the centers of the rotational stages where placed twelve inches apart on a piece
of optical bread-board. With the linear table in the zero position, the baseline of the
system was capable of motorized adjustment from ten inches to fourteen inches using
the motor control software.

The optics of the system were manifested by two variable focus, zoom, and aper-
ture lens systems. These systems were mounted on the rotational stages as shown in
Figure 10.1. They replaced the fixed zoom lenses of the PASS system from Chapter

8. In a convergent stereo system, it is possible to optimize the zoom once the optimal
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Front

Side Top

Figure 10.1: Platform Concept: Front, top, and side views of a conceptual platform

with vergence and dynamic baseline capability.

convergence has been achieved. In this way, recovered range estimates are obtained

with the maximum accuracy possible.

10.2 Computational Architecture

Computational muscle for the system was provided via a real-time image processing
system controlled by a UNIX host. Each of the video feeds was piped into a Datacube
image processor. The left camera made use of an MV200 system while the right camera
used an older generation MV20. These systems are able to implement complex image
processing functions at near frame rates. More complex, nonlinear or vector, processing
was handled by transferring data from either of the MaxVideo (MV) boards to an IP860

vector processor with a fast bridge that bypasses the common VME backplane. Here,
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Figure 10.2: CASS Real time Computing Engine: A VME-based computing ar-

chitecture for the implementation of low-level processing on convergent stereo systems.

tasks such as thresholding or integration can be implemented with high throughput. In
cases, where the vector processor is occupied or motor control tasks need to be actuated,
two Motorola MV167 (40MHZ) general purpose processor boards provide additional
support. The main board is charged with managing the VME backplane, tasking the
servo-lens motors, and communication with the UNIX host. The secondary processor
serves as a general purpose processor. The complete computation system is depicted
in Figure 10.2 Using this special hardware, three systems will be produced. First,
a system for regional focusing will be implemented to improve local range estimates.

Then a simple weakly calibrated, reflexive, auto-aperturing system will be derived and
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tested for improving global image quality in highly unstructured lighting environments.
Finally, the derivations from chapter 4 will be implemented into the motor and zoom
lens control software to implement a fundamental capability of vergent stereo and auto-

zooming behavior.

10.3 Pipelined Auto-Focus

A common manual operation in many vision systems is focusing. If objects are
always placed at the same depth for viewing by a vision system, then a single focus
setting is adequate. However, in a dynamic imaging platform, objects at many depths
may be presented. In order to improve the usability of these designs, an auto-focusing
functionality is critical. In addition, the ability to focus must be restricted to a subset, or
region, of the input image. It does not make sense to focus an entire image, given a large
depth of field in the scene; rather; using local regions, a gradient maximum technique
was implemented to highlight regional features. Also, do to the dynamic nature of the
uses of this imaging platform, it was desirable to formulate a set of requirements that
will help to minimize the impact of the focusing algorithm on the user activity. These

requirements are:

e Operates in < 5 cycles (6 Hz).

e Needs user input (the region of interest).

e Must settle quickly (no ringing).

e Weak calibration if possible.
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10.3.1 An Optimal Technique

Tenenbaum [Ten71,TB76] has previously shown that a region of an image can be brought

into crisp focus by maximizing

T(f)=;ialf;:y).+.mg;’y) , (10.1)

where R is the region of interest from the input image I(z,y). In active vision equa-
tion 10.1 is known as the Tenengrad function. The region of maximum focus can be

found by

T'(f) = m?xT (10.2)

Thus, the best focus can be found by computing the gradients at a subset of the focus
ring positions and choosing the one that gives a maximal response to equation 10.2.
The lone input to this system is the region, R. Since auto-focus is considered to
be an intermediate level behavior, with some input required from high-level control
software, the origin of R is not a primary concern. This subsystem, given the input
image stream and the region of interest, will simply return an optimal focus position to

the high level control software.

10.3.2 A Real-Time Implementation

Auto-focusing behavior was relatively simple to implement given the presence of the
real time hardware. Once triggered, by the loading of a region R into the the MaxVideo
processors, the data pipelines would feed only the pixel information from the region R
into the individual convolution units that performed the gradient enhancement. Then
the local non-linear processor and the ALU of the Datacube hardware was used to

perform the final components of the Tenengrad Function. This value, see equation 10.2
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Figure 10.3: CASS Auto-Focus Engine: Regional Focusing via the Tenengrad func-

tion at (5 Hz).

was stored in the MV167 processor memory and the focus motor was advanced. A

graphical version of the image pipeline is shown in figure 10.3

10.3.3 Results and Conclusions

A simple auto-focusing technique using constrained optimization was implemented on a
real-time image processing system. Using windowed gradient maximization techniques,
a region of interest was brought into crisp focus by searching for the focus position
that gave the maximal response to equation 10.2. This subsystem relies on the ability

of high-level control software to present a valid region of interest. It requires only an
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Figure 10.4: Auto-Focused Image: Toy truck with the region of interest centered on

the cross.

operating range of parameters and does not require explicit calibration. Since the focus
ring has much better settling times than the other lens systems it runs on the MaxVideo
system at a rate of 2-5 Hz, depending on the system load. Figure 10.4 displays a sample
object after auto-focusing was performed with the region of interest encompassing the

red cross on the white circle of the toy ambulance.

10.4 Pipelined Auto Aperture

The textbook definition of illuminance is the “amount of light received per unit area
on the image plane surface during exposure.” Since the aperture of a camera system
is a ring of a certain diameter that restricts the amount of light impinging on the lens
system, the illuminance is directly proportional to the square of the diameter. Therefore,

the relative brightness of the scene can be controlled by changing the aperture settings.
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A common problem in camera systems is the control of scene lighting to a level
acceptable for automated processing. In tightly controlled lighting, it is possible to
achieve good image contrast by fixing the aperture to a specific value; however, in
dynamic environments this method of contrast setting can lead to many manual changes
as lighting conditions vary throughout the day. A usefﬁl feature of a flexible désktop
acquisition platform would be some sort of “real-time” automated control of the aperture
to deliver an optimal image contrast. Since this level of behavior is typically reflexive
in a biological system, it is desirablé to make it function similarly in a machine system.
This speciﬁcation leads to certain requirements that must be followed in order for the

system to be reflexive.

e Operates in 1-2 cycles (15 Hz).
e Runs without user knowledge (refiexive).
e Must settle quickly (no ringing).

o Weak calibration if possible.

10.4.1 An Optimal Technique

The first attempt at contrast enhancement was to try to mimic histogram equalization
with the aperture. Technically, it is possible to change only the relative brightness of the
image by changing the aperture setting; however, there does exist an aperture setting
with maximal contrast. Thus if that setting could be found, the relative light levels
would be controlled and the problem solved.

The problem is basically to seek the minimum difference between the current image

histogram and the uniform histogram as shown in figure 10.5. The formal equation for
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Figure 10.5: CASS Auto-Aperture Concept: Minimizing the difference between

the current histogram and a uniform histogram given the input image.

the difference between the histograms is
e(z) = ha(z) — ha(z) = ho(z) - C, (10.3)

where C = P/L. P is the number of pixels in the image, and L is the number bins in

the histogram. Squaring the error function produces
e*(z) = h2(z) — 2Chq(z) + C2. (10.4)

The minimal difference between the actual histogram, h,(z), and the desired histogram,
hi(z), can be found by minimize the error term in equation 10.4 integrated across the
entire histogram. Integration leads to the expression
.9 L
min e (z) = m&n; [hZ (z) — 2Chq(z) + CZ] , (10.5)
where o is the aperture setting. This equation reduces to

L
min €*(z) = min ) _ h}(z) (10.6)

z=0
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since the second and third terms are both constants. Notice that equation 10.6 states
that the desired solution is the solution which offers the minimal energy in the his-
togram. While this solution is mathematically very attractive and can be solved by
simple optimization techniques, two problems become immediately apparent. First the
solution is iterative and relatively computationally intensive; it is not suitable for a
reflexive system. Also, the large mechaniqal settling time of the aperture system, ap-
proximately two seconds, would send search times into tens of minutes. Either of these

behaviors is highly undesirable, taken together a new approach is desperately needed.

10.4.2 A Weakly Calibrated Technique for Auto Aperture

Starting with the definition of illumination, as previously mentioned, an auto-aperturing
system is built using information relative to the current device settings. Thus, given an
aperture setting, a new setting will be computed that gives improved lighting charac-
teristics in a single step. The computation is analytical and can be performed during
the time allotted in the requirements.

Figure 10.6 depicts two different settings of aperture on the same camera system. It
is known that the ratio of illuminance between the two settings is proportional to the

ratio of the squared diameters, that is,

I wr}
I_l — ;’12" (10-7)

A measure that is tightly correlated with image illuminance is the mean value of the

histogram, u. Thus, substituting for illuminance and reducing equation 10.7 gives

o = 15 (10.8)
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Figure 10.6: Two Different Aperture Settings: Illuminance is proportional to the

square of the diameter.

Solving for r, produces

V 1

The only remaining step is to decide what the correct value for uy. This is the desired

setting of the histogram mean, which is related to contrast.

ro=nr k—L (1010)
V M1

It can be set, as in equation 10.10 to any value from the interval [0, L]. A good rule of

thumb is to set it to L/2, e.g. k = 0.5.

10.4.3 Results

In general two conditions will be present in any image presented to the system. In the
first kind the image intensity is too low. In Figure 10.7, the aperture setting on the
input image was manually set to give a generally dark image. After the auto-aperturing
algorithm was performed on the input image, the updated histogram displays a more
distributed array of gray-level information. The next general class of input images

shows an image histogram (solid lines) that is clearly saturated at the high intensity
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Figure 10.7: Corrected Aperture Setting (Too Dark): Aperture position is solved

using a weakly calibrated model to give fast performance.

range. After auto-aperturing was run on the input system, the histogram has been
redistributed to a more sensible structure. However, due to the approximation of the
weak technique, the saturation problem cannot be completely undone. An example of

type of arrangement is shown if Figure 10.8.

10.4.4 Conclusions

A weakly calibrated auto-aperturing technique was implemented and verified on a real-
time processor system. The algorithm resided at at the level of reflexive behaviors
and functions exclusively from the user if it is enabled. It is sub-optimal in the sense
that it does not implement equation 10.6; rather, it relies on a model derived from the
basic physical relationship of illuminance and aperture size. It makes no assumptions
about the calibration of the aperture settings, which will have to be applied in most
lens systems that do not support relative movements. Implemented on the MaxVideo

processing boards, the auto-aperturing algorithm delivers corrected aperture settings at
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Figure 10.8: Two Different Aperture Settings (Too Bright): Aperture position

is solved using a weakly calibrated model to give fast performance.

the rate of 10-15Hz.

10.5 Dynamic Regional Reconfiguration

The experimental verification of the mathematics derived in chapter 4 involved re-
constructing the target grid shown in Figure 10.9. Essentially the 3-D coordinates of
this plane are known to within the error tolerances of the optical plate. An estimate of

each point location was computed using the following four step procedure:

An optimal set of convergent stereo variables is computed; and the stereo platform

is reconfigured.

e Auto-aperturing is performed.

Auto-focusing is performed.

A range point is computed.
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Figure 10.9: Stereo Target Grid: for the convergent stereo vision system.

Once estimates for all the target grids have been obtained. The residual error of a planar
fit is computed and shown later in the document. Ideally, these results should demon-

strate the superiority of convergent stereo systems over. parallél-axis stereo systems; as

well as experimental verification of the underlying mathematics.

10.6 Range Estimation

Using the same experimental setup from chapter 8, the accuracy of the convergent
stereo system was analyzed. Again a randomly oriented target was placed in the field

of view. Each scan point was manually targeted and the dynamic reconfiguration was
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Table 10.1: Planar Model Coefficients: Least-Squares coefficients for planar model

of two sets of range data obtained from the same three-dimensional reference point.

p | 0317 | 0.482

o 0.243 | 0.189

min | 0.0011 | 0.0015

max | 0.832 | 0.5321

used with a circular workspace region of two inches to improve speed performance.
Once system reconfiguration had completed. Auto-focusing of each lens system was
performed. Then, assuming perfect convergence, the values of the range estimates where
computed. This data was then fitted to a plane using the same methods as chapter 9.
Table 10.1 relates the statistics of the residual error. Again, u is the mean absolute

error since in a least squares fit the average error should be zeroed.

10.7 Conclusion

A CASS stereo platform, see Figure 10.10 has been implemented and tested. The
platform was equipped with three abilities that give improved performance for dynamic
stereo tasks over the PASS system of chapter 8. Auto focusing behavior provides the
ranging system with crisp image sets for stereo matching. This ability is considered an
intermediate level behavior since it requires the specification of a region 6f interest from
high level control software. Generally this software ability is exercised after dynamic
reconfiguration has been successfully completed and before range estimation has begun.
Next, an auto-aperturing method was implemented using weak, or partial, information

from the calibration model. This model has the tremendous advantage of taking only

189



Figure 10.10: CASS Platform Design: Design sample without linear actuator to

supply dynamic baseline capability.

two frame cycles to complete and offers a closed form solution to the aperturing problem.
Finally, a dynamic reconfiguration scheme using the nonlinear optimization from chap-
ter 4 was implemented on the control processors. When an objective region has been
properly quantified, the dynamic reconfiguration process, handles the anti-symmetric
convergence, the zooming characteristics and the baseline structuring in a quick opti-
mization technique. Manual verification of range estimates proved to be superior to

those of the PASS system in chapter 8 per unit baseline.
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CHAPTER 11

Automated Synthesis of Structure from Cranial Imagery using BAND

Networks

The process of attenuation correction in PET imaging is critical to quantitative
studies of the human brain. Traditional computational methods rely on calculation of
an attenuation map from the raw sinogram edge boundaries. These methods have the
advantage of obviating the need for reconstruction that image-based attenuation correc-
tions require as a precursor. However, in three- dimensional acquisitions or low signal-
to-noise ratio, or low SNR, studies, sinogram thresholding methods may be problematic.
While image-based attenuation correction may require additional reconstruction time,
the use of prior information and structural relationships among neighboring images in
a brain volume, may result in better detection and localization rates than in reduced
SNR images, especially three-dimensional acquisitions. In this vein, an image-based

brain attenuation correction algorithm has been implemented.
11.1 Introduction

This implementation consists of four major algorithmic components as shown in
Figure 11.1.Volume segmentation is the first processing step. In this stage, the image

volume is segmented into three separate regions, superior, inferior, and mid-brain im-

ages. The contour generation algorithm parameters change depending on the particular

region of the brain to which an image belongs. For instance, contour generation starts in
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Figure 11.1: Block Diagram of Contouring Algorithm:

the mid brain images where the count rates are the highest and proceeds outward in both
superior and inferior directions. In this way, initial guesses and parameter estimates are
obtained from the images with the highest SNR. The second step uses a network of
simple optimization procedures arranged in a competing hierarchical structure to locate
the brain/skull boundary contour. Each optimization procedure is executed in order of
increasing computational costs until an acceptable solution is located. If no acceptable

solution is found, the image is discarded. Once the brain/skull boundary is located
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and verified, the algorithm proceeds to locate the scalp/air boundary contour. When
found, a skull layer is generated from the knowledge of the brain/skull boundary and
the scalp/air boundary.

This step is repeated for each of the selected images from the input s'equence. Upon
termination of the contour generation algorithm, a specification of the soft tissue and
bone structures in the brain has been synthesized for a proper subset of the input
volume. Due to discarded images or the input parameters to the contour generation
algorithm, the specification of a complete density volume, i. e. one density image
for each emission image, is incomplete. The third stage of the algorithm, relies on
interpolation as a means of generating the missing density images. Methods both for
open-ended interpolation, e. g. an interval is bounded by only calculated density
image, and normal interval interpolation exist. Again, these methods are dependent
upon classification of the images from the initial volume segmentation in first step of
the algorithm. The final step of the algorithm involves using the density parameters
to generate a full volume of density images. These images consists of a solid generated
from variable order elliptical Fourier representations. These solids represent a model of
the brain consisting of a homogeneous soft tissue region together with an optional bone
structure specification. The individual bone and soft tissue regions contain a constant
value representing the attenuation coefficient of each of these structure. From here,
these density images are forward projected and exponentiated to produce a complete
attenuation map for the initial input volume. This attenuation map may then be input

along with the original sinogram to an attenuation correction procedure.
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11.2 Volume Segmentation

In a single head-first brain study, the image volume consists of an array of images
that are arranged in order, starting with superior brain images and running through
the mid brain to inferior brain images. While these initial and final images in the
brain volume offer convenient starting points for the contour generation algorithm, they
usually contain images that are the lowest in quality due to the reduced signal that
is registered at these locations. What is desired, then, is to select as an initial point,
images with the maximum count rates, or SNR. These images, usually located in mid-
brain region, are segmented and labeled in the first step of the attenuation correction
algorithm. In addition to this group of "high” SNR images, two other labelings are
also produced. Superior brain images which are assumed to be bounding the mid brain
region of the volume and linearly proceeding in the direction of the top of the skull
possess the interesting quality that some planes for this segment of the brain volume
‘may not contain a heé,-d signature at all; or, a few of the planes may possess such a
weak signature that it is desirable to reject these images to prevent further processing.
This is accomplished by direct ratio of the autocorrelation function from the edges of
the image to the autocorrelation function from center of the total count mass (of the
image). This measure gives some indication of the relative noise in the system.

Its value is thresholded and those images with deficient ratio are label as rejected,
while the remaining images are passed for further processing. Due to the rapid bi-
furcation of structure in the inferior brain region, the only preprocessing done is the
selection of an optimal image from which to begin processing of images from this region.

This selection is a simple selection of the image with the maximum count rates. From
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Figure 11.2: Volume Segmentation of PET Image Sequence:

here, these three labeled regions are passed in the order of (1) mid brain, (2) inferior
brain, and (3) superior brain images, into the contour generation algorithm. Shown in

Figure 11.2

11.3 Iterative Contour Generation Algorithm

Contour generation begins with a simple modeling of the tissue distribution of the
brain as shown in Figure 11.3. As shown in the diagram, the tissue density from a simple
transaxial cross section of the brain can be modeled as a single, solid region of soft tissue

with a elliptical ring of bone embedded with it. Assuming this simple structure is an
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Figure 11.3: Tissue Density Model for the Human Head: The view is transaxial.

adequate model, three distinct structures are formed: (1) the uniform soft tissue region
that is surrounded by the skull which represents the density of brain tissue (2) the
elliptical ring which is representative of the skull density, (3) and the external uniform
soft tissue region which is composed primarily of scalp tissue. (Note: The density of
the background regions is by default assumed to be zero.) It is the task of the contour
generation algorithms to produce a set of contours that can unambiguously reproduce
this density image in a straightforward manner from the input set of images.

As mentioned, the input to the contour generation, at the slice level, is assumed to
be an image of the distribution of biological markers within the brain. Independent of
the nature of the maker, it can be assumed that the region of the skull will register
substantially less activity than either of the remaining soft tissue regions. It is upon
this assumption that the contouring algorithms are based. In them, two boundaries

are sought: (1) the brain/skull boundary which is modeled as a step transition from

196



activity to non-activity radiating centrally about the center of mass of the entire image,

and (2) the scalp/background boundary which is modeled in a similar manner after

processing based on the results from step one. While these two contours have definite

physical meaning, finding them is only an intermediate goal. Once localized, a synthetic
map of attenuation values must be derived from them in a straightforward manner. As
mentioned in Figure 6, the generation of a "mu” image with two distinct regions, one
of bone and one of soft- tissue, is desired. This can be done is done from a simple
algebraic combination of the two boundaries, together with the user specified values of
skull thickness. In special cases which arise in practice, albeit infrequently, where one of
the two possible contours was not localized or was rejected by the verification process
are handled as follows: (1) when the scalp/background boundary is not present, the
skull region is simple added as an direct extension of the skull/brain boundary with
the appropriate mu value, and (2) when the skull/brain boundary is not present, the
a uniform mu region is generated using the scalp/background contour as a boundary

shell.

11.4 Boundary Localization in the Mid Brain:

Contour generation begins with the interval of images that represent the mid brain.
For images from this region of the brain, the contour generation algorithm may proceed
in two distinctly different manners. In first method, the existence of a seed point, or a
starting boundary is assumed (Note: This is the normal mode of operation). This seed
point, can be obtained from estimates of previous images, or estimates from algorithms

that have previously run on the current image. Once an appropriate seed point has
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been selected, the algorithms proceed by optimizing various energy functions until a
suitable critical point can be located. After the optimizations have been performed, the
generated boundaries are subjected to a series of simple evaluations to determine if the
boundary is consistent with the images. If the boundaries are found to be consistent,
they are passed to the next stage of processing. In the second method, no adequate
seed points exist and the algorithm resorts to the generation of a seed point directly
from the image data. Two distinctly different boundary éeneration algorithms exist.
The first one attempts a direct segmentation of a discrete number of radial lines of
response that intersect in the center of image mass. This segmentation is based on the
locations of zero crossings in the second directional derivative parallel to these lines of
response. The second algorithm implements and optimization of an energy function
along these radial lines of response. Then energy function is a linearly decaying ratio
of a windowed gradient and distance from image center. The optimal result the initial
line of response is feed into the next optimization as the seed point. Once a complete
set of boundary points have been generated in either method, a unique boundary curve
can be synthesized from them directly.

Synthesis of both skull/brain and scalp/background boundaries in mid brain images
proceeds in a direct manner. First, the skull/brain boundary is derived as mentioned
in the previous paragraph. Once this has happened and the boundary has passed some
simple verification steps (area, mass and center of mass checks), scaled versions of the
boundary are used to generate simple filters for the image before processing to locate the
scalp/background boundary is begun. This processing consists of the following steps:
(1) The region of the image that is bounded by the curve is removed and replaced with

a function of radially increasing intensity (This aids in the next boundary search). (2)
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A simple filter is constructed from the original boundary that provides and upper limit
on the search of the optimization for the scalp/background boundary. Values outside of
this region are zeroed. Once this processing is completed, searching for the remaining
contour proceeds in a manner similar to the first. Boundary Localization in the Inferior
Brain

In the iterative contour generation algorithm, analysis begins with mid brain bound-
aries and is followed by inferior and superior boundaries, respectively. As previously
mentioned, the inferior brain region is marked by a rapid bifurcation of brain structures
as the brain stem becomes more prominent. For this reason, a traditional optimization
as is done for mid brain searches for the brain/skull boundary is not possible. In order to
overcome these inherent difficulties, the assumption that the skull/brain boundary does
not deviate much as the brain images progress into the inferior brain region. Given this
assumption is true, it allows the use of a single composite brain/skull boundary across
the entire region, assuming corrections for minor translations and rotations from image
to image. Therefore, using the last few contours generated from mid brain images as a
road map, a single skull/brain contour is derived. Then, it is applied, with corrections,
to each image in the inferior region. From here, the processing proceeds in the same
manner as for mid brain images. The skull/background boundary does not experience
the same erosion that the brain/skull boundary does; therefore, the same optimization

routines are used here as in those from the middle of the brain.
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11.5 Boundary Localization in the Superior Brain

Superior brain images are the las; of the triple set of brain images to be processed.

In this region of the brain, a steady, regular decay of both the SNR and the area of the
both the brain and skull structures is experienced. For this region, processing of these
images is further sub-divided into two separate regions. This is done for two reasons:
(1) to gain an empirical measure of the rate of contraction in these brain structures,
and (2) to insure that a pool of relevant images are used to derive brain contours for the
superior brain structures. Again, segmentation of superior brain images into two regions
is done by thresholding the total mass of the image intensities. Given this grouping into
"Primary” and ”Secondary” categories, processing is markedly different for each group.
The ”primary” interval, ideally, represents the images that are closes to the mid brain
region, and it also should contain enough images so a suitable contraction parameter can
be estimated. Processing in this region is different from processing of mid-brain images
‘in only that a seed pdint is estimated for each ”primary”-superior brain images. Once
the set of "primary images has been analyzed, a rate of contraction, or scale factor, is
calculated from the measured contraction of the area across this interval. This scaling

factor is used to generate seed curves for images in the ;’secondary”-superior region.

Images from the ”secondary” segment of the superior brain prove to be the most
problematic for two reasons: (1) The SNR is rapidly decaying, as the area of the image
is decreasing rapidly, and (2) some images from this interval may not have any usable
signature from a true biological process at all. These images will be dominated by noise
and should be rejected. Identification of the skull/brain boundary for images in this

segment uses a algebraic contour solution generated from the ”primary” interval scaled
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with an appropriate multiple of the scale factor and corrected for minor translations
and rotations. The scalp/background boundary is located in the same manner as that
of the previous two regions except for two major points: (1) The optimization occurs
on only the first few terms of the seed point curve and the resultant boundary curve is
true ellipse regardless of the order of the seed point, and (2) The resultant boundary is
cross-checked with the seed point to insure continuity of area, mass, and center of mass.
If it fails these tests, the scalp/background boundary is rejected and a simple uniform

soft tissue model is employed.

11.6 Partial Recovery Effects

Upon completion of the iterative contour generation algorithm, ideally a set of
boundary curves for each of the input images should exist. However, in practice, many
of the generated boundaries are discarded leaving a set of images that may have zero,
one, or two boundary curves, as well as a set of images that have been rejected from
processing all together due to low SNR. This is shown in Figure 11.4. In addition the
first and last positions of the image volume may have intervals with relevant images,
but no boundary curves for input into the attenuation correction algorithm. Additional

processing to fill in these missing intervals is required.

11.7 Volume Synthesis

As previously mentioned, the final output of the contour generation algorithm is
usually a partial set of contours for the brain images of the input volume. Thus, it

becomes necessary to complete the boundary volume by "filling in” the missing bound-
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Figure 11.4: Iterative Contour Generation Algorithm:

ary sections. In estimating the missing boundaries across and interval, three distinct
possibilities arise, as follows: (1) An interval with valid curves on both ends, or (2) an
interval with a single valid curve in the superior brain, and (3) an interval with a single
valid curve in the inferior brain region. (Note: the second and third cases are handled
differently due to the disparity between the brain structures in the inferior and superior
regions.) In Figure 11.5, the general process volume ”interpolation” is outlined.

To begin with, an input volume is scanned for all the sequences of partial volumes
that have valid curves on both ends. In these simple cases, a simple linear interpolation
of the raw curve parameters is performed for each image in the interval that requires a

curve estimate. This type of interpolation applies to mid, inferior, superior, and any of
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their combinations in a uniform manner. The next possible type of interpolation is an
open interval in inferior brain images. By definition this interval can be open only on the
"downstream side” (as directions proceed from superior to inferior brain). If an interval
of this type is isolated, the preceding sequence of images with valid curves is analyzed
and an average representation is derived. This average representation is applied over
they entire open interval with each individual curve being corrected for center of mass.

The remaining possibility consists of and open interval in the superior brain. Again, by

definition, this interval is open on the ”upstream” side. For most images in this region,
the geometry of the image is rapidly contracting as the images move up to the top of

the brain. For this reason, the sequence of valid curves from the downstream region are
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analyzed and from this sequence a line is fitted to the curve parameters. The slope of
this line represents the contraction of the brain mass as images scan to the top of the
brain, and the offset represents the translation of the center of mass. New curves for the
open interval are calculated from the line parameters and corrected for actual center of
mass.

Once all of the interpolations have completed, a fully generated volume of curves
exists for the brain and the scalp (if the scalp boundary'computed). However, this
volume of curves must be converted into a density image for input into the forward
projection process. Once this is done and the density images are forward pro jected, the

attenuation map can be created.
11.8 Attenuation Sinogram Generation

Fundamentally, the process of constructing an attenuation sinogram from a two ele-
ment curve model consists of four steps: (1) map each set of curves into a solid image con-
taining the "mu” values for the particular tissue type, (2) perform a three-dimensional
smoothing on the density image volume, (3) forward projection with reconstruction
variables of (zoom, xoffset, yoffset, intrinsic tilt, and z rotation, and (4) exponentiation
to produce a valid attenuation file. These steps are depicted in F igure 11.6.

The first step in producing an attenuation file is to take the set of curves produced
by the contour generation code and making valid density images. Depending on the
validity of the input curves, there are three distinct possibilities: (1) both scalp and brain
boundary curves exists, (2) only a scalp boundary exits, (3) only a brain boundary exists.

(Note: the fourth case where neither boundary exists is removed by the interpolation
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cm is convolved with the density volume
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step. In such cases where both scalp and skull boundaries exist, a uniform region of soft
tissue constructed from the scalp curve is filled in with the density value for soft tissue.
Then, a skull region of the specified thickness is overlaid onto the soft tissue region
at the mid point between the scalp and brain curves. For the cases, where no scalp
boundary is computed, a single skull layer of the specified thickness is grown onto the
soft tissue region filled in from the brain boundary. And finally, when only a scalp curve
exists, a skull layer of the specified thickness is overlaid onto the soft tissue region grown
from the scalp contour, as in the case where both curves exist. Once this procedure has

been applied to the entire volume, a three dimensional Gaussian with FWHM of 0.75



The final steps consist of a forward projection of the filtered density volume into a
two- dimensional sinogram. This forward projection has the capabilities of transforming
the forward projection sinogram into the space of the original sinogram by reversing the
reconstruction variables mentioned previously. This results in a "log” sinogram of the
density image, which is multiplied by the radial resolution and exponentiated before
- writing to disk. As a final note, all attenuation maps are written as two-dimensional

volume mode sinograms.
11.9 Experimental Results

Figure 11.7 displays a reconstruction of a PET image with attenuation artificats.
Notice the tracer distributions along the tranaxial centers exibit a bowl shaped inten-
sity distribution. Figure 11.8 displays the post-interpolation scalp/air and brain/skull
boundaries from the iterative contour optimization procedure. Notice that the first
four superior brain images, while possessing some signal, have been rejected by the
algorithm due to low SNR. Figure 11.9 presents the contours after “filling” with the
appropriate mu values. In this case a skull layer has been added in addition to the
normal mu constant for soft tissue which consitutes the bulk of the brain density. The
coronal and sagital slices, in addition to the transaxial, are displayed in Figure 11.10.
These planar views display the fidelity of the algorithm in reconstruction of both the
skull layer and the recovery to the tissue density distribution of the human head from a
system of tracer reconstructions. This algorithm is currenﬂy undergoing clinical trials
to determine its utility in PET centers. Field trails of the system have been completed

in Aarhus, Denmark, Lyon, France, and Detroit, Michigan.
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Figure 11.7: Uncorrected Image Data: A model of algorithm design where functional

blocks are assembled sequentially to provide complex functionality in the assembled

system.
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Figure 11.8: Synthetic Contour Generation: A model of algorithm design where

functional blocks are assembled sequentially to provide complex functionality in the

assembled system.
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Figure 11.9: Synthetic Tissue Density Map: A model of algorithm design where

functional blocks are assembled sequentially to provide complex functionality in the

assembled system.
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Figure 11.10: Tissue Density Volume View: A model of algorithm design where
functional blocks are assembled sequentially to provide complex functionality in the

assembled system.
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CHAPTER 12

Discussion and Conclusions

The motivation for this work was to establish a set of procedures that could serve
to initialize the design of a vision system in a task domain framework. The benefits of
task-oriented design, from concept to completion, were manifest in reduced design com-
plexity and a reliability increase in the context of a specific task. For applications that
require accurate and robust estimates of input data in a timely fashion, superior design
will lead to superior results. This Task-Oriented DEsign Methodology, or TODEM,
offers a set of tools that facilitates purposive system design in a direct and undeniable
manner. Under the TODEM architecture, four steps were used to implement a task-
based design. The four steps were: (1) modeling the system (MODELY); (2) generating
task requirements and integrating this knowledge into the system model (TRAIN), (3)
formulation of cost functions using a goal list specification (FOCUS); and a final, possi-
bly iterative evaluation of the integrated model to produce a task-based design (FIRE).
With TODEM, three principal problems from general vision were studied in a purposive
framework: (1) sensor geometry, (2) calibration, and (3) representation; as well as, the
high-level algorithm design problem of how to implement solutions to these problems
using task-domain, or purposive, constraints. The first of the problems that TODEM
addressed was sensor design for a class of stereo vision platforms.

For the sake of brevity, the study of these platforms was limited to parallel-axis

and convergent-axis stereo systems. An algorithm for Convergent-Azis Stereo Synthesis
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(CASS) was outlined. In this algorithm two specific design problems where addressed,
(1) static baseline convergent stereo, and (2) dynamic baseline convergent system. A
triad of weapons was employed to solve this problem. A set of physical (bounding box)
and task domain constraints along with the non-linear design equations was used with
a nonlinear optimization procedure to arrive an an optirﬁal design solution. A special
. case of the CASS algorithm, an algorithm for Parallel-Axis Stereo Synthesis (PASS),
was presented. Armed with the design equations for this algorithm and knowledge of the
work space, an optimal closed-form éolution for the parallel stereo geometry was derived
with minimal eﬁ'ort. The solution for each stereo configuration problem was offered via
a minimum area technique that was proven to prﬁvide the maximum average accuracy
over the entire workspace. As a byproduct of optimal design, the competing nature of
accuracy versus workspace coverage was outlined and demonstrated using real test cases.
Chapter 9 covers in detail a PASS system used in the localization and identification of
small pipe networks at‘the Oak Ridge National Laboratory. While Chapter 10 describes
.a, weakly calibrated CASS application for small object identification implemented at the
University of Tennessee, IRIS Laboratory. Both of these stereo vision platforms were
calibrated the second component of the TODEM architecture, a modified Two-Planes
algorithm.

The heart of TODEM calibration is the well-known Two-Planes algorithm [IPS87].
It was modified to use task-domain information to provide data that fit the stability
and accuracy requirements of a specific task in an optimal fashion. Since accurate
calibration can be computationally expensive and numerically unstable, it should only
be employed where absolutely necessary. Naturally, this type of selective specification

fits directly into the TODEM framework. The calibration of two systems on opposite
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ends of the localization /identification spectrum was explored using this philosophy. One

system was designed to provided maximum accuracy over a limited field of view. This
system demands a highly controlled level of physical and numerical stability. Using the
PASS design algorithm and the calibration module, a stereo system that could recover
depth with a maximum uncertainty of less than 3% as a function of distance with a
standoff of 125 cm. was designed, prototyped, and tested. Accordingly, calibration
and CASS where joined to design a éystem for small object identification which had no
recovery requirements but had stringent real-time constraints. The former is discussed
in Chapter 9 while the latter is demonstrated in Chapter 10.

Another component of TODEM design is adequate representation. This represen-
tation had three requirements that were derived from the fundamental capabilities of
most active systems. Parametric Elliptical Fourier Representations, or PEFRs together
with a formal system for implementing fundamental operators on them was presented.
Using this representation has the innate advantage of designing model-based or tem-
plate information directly into the initial sensor readings, thus task-specific foveation
and attention schemas were encoded at the lowest-level of processing; as a consequence,
object search times were drastically reduced. Chapter 10 records a CASS system for
small object localization that was constructed using foveation and attention schemas
for small object identification. Chapter 11 uses the same representational objects to
perform object localization of cranial structures from Positron Emission Tomography
(PET) imagery with demanding accuracy requirements.

Implementation of any subset of these three active vision design specifications will
produce more robust visual estimators. However, for systems where robust operation

across a wide range of input data and noise levels is required; or, where conflicting task-
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domain requirements cannot be resolved, TODEM presents an architecture for visual
algorithm integration using Bayesian Algorithm Network Decisions, or BAND. In this
architecture, task-domain visual systems were designed to operate across a sequence of
input data classes to provide unparalleled levels of robustness and accuracy of estima-
tion. The key idea behind this plan is to use a series of related algorithms to exploit
orthogonal information in a Bayesian framework to respond robustly to a wide range
of input data. In this way conditional probabilities of how an specific visual algorithm
responds to a specific class of visual input was encoded into the decision making process.
In addition, a network history is maintained to provide reliability information derived
from task-specific constraints at each network decision after training is completed. The
reliability estimates were adjusted after each new data set is presented. Chapter 11
illustrates a 4x4 BAND model used in the accurate localization of structure in cranial
PET images.

Three classes of visual systems where implemented and tested using the TODEM
paradigm. These requirements of these problems were used to derive task specific
(TRAIN) information that helps to reduce the design effort and improve reliability
and robustness across a plethora of input data. A list of system goals was then used to
formulate a task driven cost function (FOCUS) that is capable of expressing conflicting
goals and inherent uncertainty relationships in a simple format. The system model,
user specification and cost functions were then used in iterative evaluation to produce
an optimal set of state variables for the system under test (FIRE). In each specific case,
the effectiveness of the TODEM architecture was thoroughly tested and verified. It was
also demonstrated that the range of support for TODEM applications is not limited to

the class of vision systems using binocular stereo; rather, it can be applied to any spe-
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cific vision problem that offers sufficient task-domain information. It does not address
problems in general vision directly nor does it intend to. The implications of this theory

in future work is considered in Appendix A.
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APPENDIX A

Future Research Possibilities

Active system is a complex and rapidly changing field in the infancy of its develop-
ment. This work has addressed a limited class of problems associated with stereo vision;
even while hinting at the possibility that the TODEM architecture can be applied to a
broader range of active vision problems, it has not developed a broad-based theory of
active visual system design. And it is in this vein that many research opportunities and

extensions to the TODEM theory exist.

A.1 A General Framework for Digital Camera System Design

The parallel-axis and convergent-axis systems are both formulated in the context
of dual camera systems. While this encompasses as large body of the work in active
systems, it leaves a large opening for extending this theory to the design of recovery
systems for N camera systems. Also, the technique uses a measure of optimality that
averages the error over the entire workspace. If more generic optimization constraints

are incorporated, the richness of the theory would be significantly extended.

A.2 Integration of Representation into the Acquisition

In each of systems presented, the primary form of acquisition is three-dimensional

depth information. An additional and costly processing step is required to process this

226



data into the TODEM representation. With some research effort the latency induced

by this conversion would drastically improve the real-time performance of a TODEM
design. This might be accomplished with special purpose hardware or efficient software
that given a sequence of IV input images will return an TODEM representation of the

scene.

A.3 Extension of the Calibration Model

The TOPIC calibration module is of limited utility to vision problems in general
since it is primarily aimed at the recovery paradigm. The calibration module could be
integrated with representation and a user selected foundation algorithm if the TOPIC

framework was extended.

A.4 Use of Generalized Representations

Elliptical Fourier Representations used in a Bayesian framework have some specific
computational advantages for the class of problems that we have studied. In particu-
lar the construction of likelihood estimators is particularly simple in two-dimensional
imagery. It would be nice to extend these types of schema to three dimensional using
more advanced representations, such as Harmonic Sphereodial representations that have
advanced three-dimensional properties. Also, a multi-dimensional representation would

be more appropriate for the encoding of task dependent information.
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A.5 Use of Composite Bayes Networks

Using linear combinations of parameter estimators has proven advantages in the
computation of maximum a posterior networks. I would be of great use to extend
the BAND network equations to include functional composites of principal model es-
timators. Not only would this enhance network performance, but it would make more

efficient use of the available data.
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