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Abstract

There is a growing demand for 3D virtual models of complex physical
objects in a wide range of applications. Thus far, the task of reconstructing
high quality object models with range cameras (a shape measurement sensor)
has been a manual, time consuming process. There is a growing demand to
automate the model building process. The key open problem is to find an
accurate, robust and efficient view planning algorithm - that is, the process
of determining a suitable set of sensor viewpoints and imaging parameters
for a specified reconstruction task with a given imaging environment.

This thesis presents and analyzes the performance of a model-based ap-
proach to view planning for automated object reconstruction. The view plan-
ning approach is “performance-oriented” in the sense that it is based on a
set of explicit quality requirements expressed in a model specification and in-
corporates performance models for the range camera and positioning system.
A new theoretical framework for the view planning problem is presented as
an instance of the set covering problem with a registration constraint and is
formulated as an integer programming problem. The theoretical framework
facilitates a more intuitive understanding of the nature of view planning. It
also provides an explicit mathematical formulation amenable to a well under-
stood set of exact and approximate solution techniques. The measurability
impact of pose error is studied in detail and counter-measures are presented
to mitigate its effects. Methods for sparse sampling of object surface space

and viewpoint space are presented and their performance is characterized.
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Chapter 1

Introduction

This chapter provides an overview of the problem, defines the thesis scope,
defines view planning requirements, proposes some performance measures,

describes the research contributions and outlines the thesis document.

1.1 Problem Overview

1.1.1 Motivation

There is a growing demand for high quality 3D virtual models of complex
physical objects in a wide range of applications, including industrial, train-
ing, medical, entertainment, cultural, architectural and others. Computer
graphics can produce synthetic models for some of these applications by a
combination of artistic and technical design processes. In the computer vi-
sion field, on the other hand, model acquisition is achieved by measuring the
shape and visual properties of real physical objects. Numerous applications
require the computer vision approach to object surface reconstruction.
Thus far, the task of object shape reconstruction with geometric measure-
ment sensors has been a manual, time consuming process. The associated

hardware and software infrastructure is costly. Details of the reconstruc-

1



2 CHAPTER 1. INTRODUCTION

tion process are complex and subtle. Education, training, experience and
skill requirements for technical personnel are high. Consequently, there is
a growing imperative to automate or semi-automate the object reconstruc-
tion process. While a limited number of commercial systems [Hym], [Dig]
offer semi-automated tools to assist the reconstruction technician, there is
presently no general purpose commercial system for automated object re-
construction. The principal benefits of enhanced view planning technology
for automated object reconstruction will be improved productivity, improved
quality, faster throughput, reduced operator skill level requirements, reduced
rework requirements and lower cost.

Two broad classes of shape measuring sensors are used for 3D object
reconstruction - mechanical and optical. Mechanical Coordinate Measuring
Machines (CMMs) use precise mechanical movement stages and touch probes
to achieve very high measurement precision - around 1um for a high end
machine that is suitably calibrated and operated by a skilled technician.
However, such precision comes with high acquisition and operating costs. As
a result of their relatively low data acquisition rate, CMMSs are generally
suitable for sparse sampling applications only. While measurement precision
of the best passive or active optical range cameras is an order of magnitude
inferior to that of CMMs, their capital and operating costs are substantially

lower and they are capable of dense sampling at high throughput rates.

1.1.2 Scope

This thesis deals with the problem of view planning ! for automated high

quality object reconstruction by means of active, triangulation-based range

IClarifications on the scope of the thesis are contained in Chapter 3 on model-based

performance-oriented view planning.



1.1. PROBLEM OVERVIEW 3

cameras. In this context, view planning is the process of determining a
suitable set of viewpoints and associated imaging parameters for a specified
object reconstruction task with a range camera and positioning system. By
object reconstruction we mean acquisition of a virtual computer model of
the surface of a physical object. This is normally in the form of a triangu-
lated polygonal mesh representation of surface geometry. Alternative surface
representations such as splines, swept cylinders and super quadratics are ad-
vantageous in special cases but are neither as general purpose nor as flexible
as a triangular mesh. While the focus of the work is on object reconstruction,
techniques developed here are also generally applicable to inspection. The

latter is an easier problem as it starts with a defined CAD model.

1.1.3 Imaging Environment

The imaging environment (Figure 1.1) for object reconstruction consists of a

range camera, positioning system, various fixtures and, of course, the object.

Range Camera The principal component of the imaging environment is a
range camera - a sensor for 3D shape measurement. A wide variety of tech-
nologies are used for measuring object shape. See, for example, the classic
review at [Bes89]. Range cameras can be categorized into active and passive
devices. The most common passive range-finding technology is stereo vision,
a technique humans are intimately familiar with. Passive stereo can provide
accurate measurement at short stand-off distances. In general, passive stereo
depends on visual texture on the target object, is subject to illumination con-
straints and interference, and can provide only sparse depth measurement.
With their own integral illumination source, active sensors are capable of

dense depth measurement and are far less susceptible to external interfer-
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Range Camera

Imaging Work
Space Frustum

Figure 1.1: Imaging Environment

ence. However, the active illumination source (frequently a laser) may impose
safety constraints on system use. Active range sensors can be divided into
two sub-categories, time-of-flight and triangulation. Time-of-flight systems
require very accurate timing sources and typically provide modest resolution
(a few centimeters) for longer range applications i.e. tens to thousands of
meters. Many different types of triangulation sensors have been developed
and are in wide use. All are based on the same principle of triangulating a
measurement spot on the object from a physically-separate camera optical
source and detector. In general, active triangulation-based range cameras
are capable of very precise (100um or better), dense depth measurements
(many samples per square millimeter) over relatively small sensor frustums

i.e. up to about a meter in stand-off distance.

The focus of the thesis work is on triangulation-based active laser range

scanners as they are widely used for precise measurement over relatively small
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imaging workspaces for both object reconstruction and inspection. Several
of their attributes are important for view planning. The optical baseline,
the distance between the laser and the optical receiver, is significant with
respect to the measurement stand-off distance to the object. Consequently,
coverage shadow zones? arise with respect to visibility by the laser, the op-
tical receiver or both. The sensor field of view (FOV), depth of field (DOF)
and therefore frustum volume are limited. Measurement precision and sam-
pling density are highly non-uniform within the frustum. Additionally, the
measurement process is subject to random non-isotropic geometric noise and

several artifact phenomena.

Positioning System Imaging all sides of a three-dimensional object re-
quires a variety of viewing perspectives. Thus, a positioning system is re-
quired to move the sensor, the object or both in some combination to achieve
the desired viewing perspectives. An imperfect positioning system introduces
pose error which has two consequences. Firstly, a planned view is not the
one actually executed. Sufficiently severe pose error can render view plan-

ning futile. Secondly, the resulting pose uncertainty necessitates an image
registration stage.

Viewpoint Space Viewpoints should be treated as generalized viewpoints
[TTA95], [TAT95], [RM97], [Pit97a], consisting of sensor pose and a set of
controllable sensor parameters. Thus each viewpoint has an associated sensor
configuration. Sensor pose is limited by the degrees of freedom and range of
motion of the positioning system. Viewpoint space V is the set of generalized

viewpoints defined by the range and sampling of these parameters.

2Typical shadow effects can be seen in Figure 4.19.



6 CHAPTER 1. INTRODUCTION

Object The object is the feature to be modeled. Specifically, we wish to
capture its 3D shape. Object surface space S is the set of 3D surface points
sampled on the object. These can be considered as vertices in the resulting
object mesh model.

Fixtures Gravity requires that the object be supported by a fixture of some
kind. Consequently, acquisition of all-aspect views will require the object to
be repositioned on the fixture at least once and more likely several times.
After each repositioning, the new relative pose must be determined to bring
the system into a common coordinate frame. Fixtures, the positioning system
and any other structures in the imaging workspace I introduce occlusion and

collision avoidance considerations.

1.1.4 Reconstruction Cycle

The classical object reconstruction or model building cycle (Figure 1.2) con-
sists of four main phases - plan, scan, register and integrate. A sequence
of views must be planned to derive the view plan or nezt-best-view (NBV)
list N. The sensor must be translated and rotated to the appropriate pose
and configured with appropriate settings, after which the physical scanning
process must be undertaken. Unless the positioning system is error-free,
acquired range images must be registered by means of an image-based regis-
tration technique such as the standard Iterative Closest Point (ICP) method
[BM92] to bring them into a common coordinate frame. Subsequently, reg-
istered images must be combined into a single, non-redundant model - a
process commonly known as integration. The process continues until some
stopping criteria are satisfied.

These are the basic reconstruction steps. Other related activities are
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Integrate

Figure 1.2: Object Reconstruction Cycle

briefly as follows. Calibration of both sensor and positioning system is an
essential prerequisite and may need to be repeated after certain positioning
system reconfigurations. Filtering of noise and artifacts is required at several
stages in the model building process. Additionally, depending on the appli-
cation, there may be a requirement for model compression or decimation and
for texture mapping of reflectance data onto the geometry.

While challenges remain, adequate solutions exist for the scan-register-
integrate portions of the process to satisfy the goals of automated object
reconstruction®. On the other hand, the view planning component remains
an open problem despite two decades of research. For large reconstruction
tasks, the image registration and integration (model building) tasks can be
very time consuming. By the time deficiencies in the partial model are dis-
covered, the imaging team may have left the site or access to the object
may no longer be readily available. Hence, there is a need for a view plan-

ning scheme capable of developing reliable view plans in a timely manner for

3Research on ICP refinements remains an active field of research. For example, see
[RLO1] and [LGGO1]. Research on model building also remains active, with a number of
open issues [Rot00].
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comprehensive object coverage in accordance with all technical criteria of the

reconstruction task.

1.1.5 The View Planning Problem

From the foregoing, it is apparent that the view planning problem (VPP) in-
volves reasoning about the state of knowledge of three spaces - object surface
space S, viewpoint space V" and imaging workspace I. While tied to three-
dimensional surface geometry, S is amenable to a 2D parameterization. In
the unrestricted case, the pose component of viewpoint space V" is six dimen-
sional - three position and three rotation. Configurable sensor parameters
such as laser power and scan length can further raise the dimensionality of
generalized viewpoint space. Thus. we indicate the dimensionality of view-
point space as 6D*. Imaging workspace [ is the 3D workspace capable of
being viewed by the sensor over the full range of the positioning system. It
is of concern primarily for visibility analysis and collision avoidance consid-
erations. The complexity of the VPP is immediately apparent from the high
dimensionality of the search spaces in S, V and I.

This work concerns view planning for performance-oriented reconstruc-
tion [SRRO0] which is defined as model acquisition based on a set of explicit
quality requirements expressed in a model specification. In addition to all-
aspect coverage, measurement quality is specified in terms of precision, sam-
pling density and perhaps other quality factors. Performance-oriented view
planning requires suitable models of both sensor and positioning system per-

formance. Specifically, it requires:

e a sensor model to include a description of the camera geometry, frustum
geometry and characterization of measurement performance within the
calibrated region, and
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® a positioning system model describing the degrees of freedom, range of

motion and positioning performance within the movement envelope.

Given this imaging environment and reconstruction cycle, the view plan-
ning task is deceptively simple, yet computationally complex. Expressed

informally, the view planning probiem is as follows:

For a given imaging environment and target object, find a suitably
short view plan N satisfying the specified reconstruction goals

and achieve this within an acceptable computation time.

N will be a subset (preferably a very small subset) of viewpoint space
Vie. N C V. We will shortly see why it is impractical in most realistic
reconstruction cases to seek an absolute minimal length view plan. What
is an “acceptably short” computation time is application dependent. In an
industrial setting, the object reconstruction application involves repetitive
modeling of different objects. In such a case, throughput is critical so the
emphasis is on time-efficient algorithms, perhaps trading off some aspects of
quality, such as the length of the view plan, in the interests of time efficiency.
In some reconstruction tasks, the quality of the model is the primary objective
and time efficiency will be secondary. Inspection applications involving the
repetitive execution of an inspection plan on a production line will place a

premium on view plan efficiency over the time taken to create it.

1.2 View Planning Requirements

In this section, we define requirements for the view planning process in greater

detail®. The requirements are stated from a research perspective. Additional

‘Pito [Pit97a] provides a good description of the view planning problem and defines

constraints on the choice of the next-best-view and desirable properties of view planning
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development and system integration details will arise when moving prototype
view planning algorithms to a production configuration of an automated

object reconstruction system.

1.2.1 Assumptions

To begin, our definition of the view planning problem for object reconstruc-

tion is based on several assumptions:

e Both the range camera and positioning system are calibrated and cal-

ibration parameters are available to the view planning module.
e The imaging workspace is compatible with object size and shape.

e Range camera performance is compatible with the model specification

for the reconstruction task.

e The sensor and positioning system have compatible performance. Specif-
ically, positioning system pose error is compatible with the volume of

the range camera frustum.
e Object shape is compatible with sensor capabilities.

e Object material properties are compatible with sensor capabilities.

The last two items merit elaboration. Range cameras are inherently sam-
pling devices. Therefore, the reconstruction process is subject to the limita-
tions of a sampled representation of continuous surface shape. The familiar
sampling theorem applicable to sampled signals in one and two dimensions
does not extend to three dimensions. As there is no natural low pass filter
for 3D physical shape, aliasing effects can be anticipated. Convoluted shapes

algorithms.
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can easily be conceived which cannot be fully imaged by a range camera,
for example a gourd or a sea urchin-like shape. Deep cavities, deep holes
or multiple protrusions will be troublesome or completely impractical to im-
age. Therefore, practicality requires that object geometry and topology be

“reasonable”.

Laser scanning sensors experience difficulty with certain materials. They
perform best with material having surface scattering properties and a rel-
atively uniform reflectance, neither overly absorbent nor overly reflective.
Natural or man-made material with volume scattering properties such as hair
and glass produce multiple reflections over a surface depth zone, degrading

or prohibiting accurate range measurement.

The dynamic range of the current generation of range sensors is limited.
Excessively absorbent material will scatter insufficient light, causing “drop
outs” i.e. missing data. Shiny surfaces are characterized by specular reflec-
tion. Depending on illumination and observation geometry, specular surfaces
may result in drop outs due to insufficient scattered energy or outliers or drop
outs (depending on camera design) due to receiver saturation from excessive
received energy. Multiple reflections on a shiny surface in corner regions can
also produce wild measurements. Finally, abrupt reflectance changes will

produce edge effects in the form of measurement biases and artifacts [CL96].

Consequently, the current work is limited to view planning for objects
with “reasonable” shape and benign reflectance characteristics. The issue of
extending view planning to objects with more difficult reflectance character-

istics is addressed in the concluding chapter under future work.
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Category | Requirement

Model quality specification
Generalizable algorithm
Generalized viewpoints
View overlap

Robust

Efficient

Self-terminating

General

Minimal a priori knowledge
. Shape constraints
Object Material constraints

Frustum

Sensor Shadow effect
Measurement performance
6D pose

Pose constraints
Positioning performance

Positioning
System

Table 1.1: View Planning Requirements

1.2.2 Constraints and Requirements

The following constraints and requirements apply to the view planning task
for object reconstruction. They are summarized in Table 1.1 under the cate-
gories of general, object, sensor or positioning system. The following amounts
to a “research specification” for a view planning system. Where objectives
are quantified, it is presumed that research-quality algorithms are subject
to refinement, development and system integration on suitable production
hardware and software platforms.
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Model Quality Specification By definition, performance-oriented view
planning is based on a model specification containing explicit, quantified
model quality requirements. In our work, we specify measurement preci-
sion and sampling density. Additionally, there is an implicit requirement for
100% surface coverage. In other applications such as inspection, it may be

appropriate to limit coverage to specified object regions.

Generalizable Algorithm For wide applicability, the view planning tech-
nique should apply to a broad class of range sensors, positioning systems and

objects, while staying within our assumptions.

Generalized Viewpoints [n addition to sensor pose (position and orien-
tation), the view planning algorithm should be capable of planning reconfig-
urable sensor parameters such as laser power and scan length through the use
of generalized viewpoints. A generalized viewpoint {v, \,) consists of sensor

pose v and a set of controllable sensor parameters A,.

View Overlap The view planning algorithm should provide the degree of
image overlap necessary for integration and registration. Image integration
requires image overlap along the boundaries of adjacent images in the view
plan. If pose error is such that image-based registration is required, the
image set should have sufficient overlap and sufficient shape complexity in

overlapping regions for registration of the image set.

Robust The view planning algorithm should be immune to catastrophic
failure, handle sensor and positioning system noise and artifacts and require

minimal operator intervention.
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Efficient The view planning algorithm should be efficient enough to be
competitive with skilled human operators. As an initial goal, the algorithm
should be capable, with production-quality hardware and software, of pro-
ducing a specification-compliant view plan for a moderately complex object

within one hour.

Self-terminating The view planning algorithm should recognize when the

goal has been achieved or when progress towards it has stalled.

Limited a priori knowledge The view planning algorithm should be
effective with minimal a priori object knowledge, specifically no more than

approximate bounding dimensions and centroid.

Shape constraints The view planning algorithm should be effective with
all reasonable object geometry and topology that is compatible with sensor

measurement capabilities.

Material constraints The view planning algorithm should be effective
with all object material properties that are compatible with sensor measure-
ment capabilities.

Frustum The shape of the viewing frustum should be modeled. This in-

cludes sensor depth of field (DOF), field of view (FOV) and scan length or
scan arc.

Shadow effect The bi-static nature of the sensor should be modeled - that
is, the physical separation of the laser and detector.
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Measurement performance Sensor measurement performance should be
modeled. This includes variation of measurement precision and sampling
density within the frustum and surface inclination effects. The following
range camera artifacts should be modeled: geometric step edges, reflectance
step edges and multiple reflections.

6D pose The view planning algorithm should handle a positioning system

with an unconstrained pose space, three position and three rotation.

Pose constraints The view planning algorithm should model constraints

on the degrees of freedom and range of motion of the positioning system.

Positioning system performance Positioning system performance should

be modeled, to include pose error and repositioning/reconfiguration time.

Capabilities of current view planning techniques will be examined with

respect to these requirements and issues in the next chapter.

1.3 Performance Measures

The following measures are proposed for evaluating view planning algorithm

performance for a given reconstruction task with a given imaging environ-
ment:

e View plan quality The quality of a view plan is determined by the
quality of the reconstruction it generates. This can be expressed as the
overall verified measurability® m, of the reconstruction with respect to

the model specification. m, is an indicator of the fidelity and robustness

SMeasurability is defined in Chapter 3.
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of the view planning process plus the adequacy of the discretization

schemes for viewpoint space and surface space. The goal is m, = 1.0.

View plan efficiency A simple measure of view plan efficiency is the
length of the generated view plan relative to the optimum achievable
for that task i.e. e, = ngp/n, where n = |NV|. As it may be impractical
to determine with certainty the optimum view plan length ng, for
complex reconstruction tasks, a suitable surrogate is the length of the
best solution n g, found thus far amongst all view planning techniques
examined for the same task i.e. nope = Npges:- €, is an indicator of the
efficiency and completeness of the discretization schemes for viewpoint

and surface space and the efficiency of the set covering process. The
goal is e, = 1.0.

View plan computational efficiency This factor evaluates the computa-
tional cost of generating the view plan. Two performance measures are
computational complexity and execution time on a defined platform.
Each of these measures has weaknesses, but together they provide a
reasonable appreciation of algorithm performance. Computational ef-
ficiency indicates the efficiency of the discretization schemes for view-
point and surface space, the efficiency of visibility analysis and the
efficiency of the set covering process. Computational efficiency goals

are application-dependent.
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1.4 Contributions

The main contributions of this thesis are summarized as follows:

e Development of a new theoretical framework for the view planning
problem (VPP) as an instance of the set covering problem (SCP) with
a registration constraint [SRRO01a], [SRRO1c].

e Development, implementation and characterization of a model-based
performance-oriented view planning concept [SRR00]. Performance-
oriented view planning is defined as view planning with respect to ob-

Jjective, quantified technical requirements specified in a model specifi-
cation.

e Characterization of sparse and approximate sampling of object surface
space [SRRO1b].

e Development and characterization of model-based viewpoint generation

algorithms for efficient, sparse sampling of viewpoint space.

e Characterization of the performance impact of pose error due to posi-
tioning system imperfections and identification of counter-measures to
mitigate the effects of pose error [SRRO1d], [SRRO1e], [Sco02].

Prior theoretical treatment of the view planning problem has been lim-
ited. The new theoretical framework presented in this thesis makes clear
the isomorphism between the view planning problem and the well known
set covering problem of combinatorial mathematics and therefore explains
why the VPP is NP-complete. In addition to providing a basis for a more
intuitive understanding of the nature of the problem, this framework pro-

vides an explicit solution formulation as an integer programming problem
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while addressing image registration requirements. A large body of tech-
niques and experience exists for integer programming and solving the SCP,
including both exact and approximate solution techniques. We show that
a constrained greedy search set covering algorithm is appropriate for view
planning in object reconstruction.

The performance-oriented model-based view planning concept (Modified
Measurability Matrix or 3M) incorporates a number of innovations: an ex-
plicit model quality specification, more detailed sensor and positioning sys-
tem models than heretofore used, objective rather than subjective success
criteria and techniques for sparse sampling of object surface space and view-
point space. The 3M technique is a readily parallelizable algorithm.

The characterization of sparse sampling of object surface space provides
some engineering rules of thumb for sampling density and surface noise tol-
erance in the exploratory model. The parameters examined are sampling
density, surface noise and object shape.

Efficient techniques for sparse sampling of viewpoint space are developed
and characterized. These effectively reduce the pose component of view-
point space from six dimensions to two or three, depending on the algorithm.
Viewpoints are treated as generalized viewpoints and reconfigurable sensor
parameters are optimized on a per-viewpoint basis. The sampling of view-
point space is not fixed a priori but is optimized on the basis of object shape
and the capabilities and limitations of the sensor and positioning system.

The impact of pose error on view planning had not been examined prior
to this work. The research reported herein provides a quantitative and qual-
itative assessment of pose error effects using a general purpose error model.
Based on this analysis, a variety of countermeasures are proposed to mit-
igate pose error effects. The quantitative analysis should assist in setting

view planning system parameters and in conducting system-level tradeoffs.
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1.5 Thesis Outline

The outline of the remainder of the thesis is as follows:

Chapter 2 reviews related work in the literature.

Chapter 3 describes the modified measurability matrix concept and

discusses computational complexity.

Chapter 4 provides a theoretical framework for the view planning prob-
lem and presents experimental results for a greedy search set covering

algorithm modified to include a registration constraint.

Chapter 5 analyses object surface space discretization in the exploratory

model, in particular sampling density and surface noise.

Chapter 6 presents and characterizes viewpoint generation algorithms

for efficient sampling of viewpoint space.

Chapter 7 analyses the performance impact of pose error and provides

view planning counter-measures.

Chapter 8 concludes the thesis and discusses issues for future work.

Key symbols, acronyms and abbreviations are defined at Annex A.



Chapter 2
Related Work

This chapter surveys the view planning literature applicable to object recon-
struction, evaluates existing methods with respect to the previously defined

view planning requirements and describes the remaining open issues.

2.1 View Planning Surveys

Surveys relevant to view planning for object reconstruction can be found
primarily in doctorate and masters theses published over the last decade.
These are listed at Table 2.1.

In a brief and clearly written technical report [HH98] addressing only
seven papers ([BYW+95], [Con85], [HK89], [MB93], [Pit96b], [TAT95], [WF90]),
Hall-Holt quickly zeroes in on two key view planning issues - representation
of available geometric information and how to deal with the potentially vast
search space. While he does not answer the questions he poses, Hall-Holt
succinctly examines from several perspectives the view planning approaches
taken by some of the most notable authors. The survey concludes with
a discussion of open issues: algorithm efficiency in the presence of large

amounts of data, appropriate geometrical representations, hybrid models,

20
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LYear Author(s)

1999 | Flavio Prieto Ph.D thesis [Pri99]

1998 | Michael Reed Ph.D thesis [Ree98]

1998 | Olaf Hall-Holt Technical Report [HH98]

1997 | Steven Abrams Ph.D thesis [Abr97]

1997 | Brian Curless Ph.D thesis [Cur97]

1997 | Nikos Massios Masters thesis [Mas97]

1997 | Dimitri Papadopoulos-Orfanos Ph.D thesis [PO97]
1997 | Richard Pito Ph.D thesis [Pit97a]

1997 | Roberts and Marshall technical report [RM97]
1997 | Yiming Ye Ph.D thesis [Ye97
1996 | Joseph Banta Masters thesis [Ban96]

1996 | Leland Best Ph.D thesis [Bes96)

1996 | Mark Wheeler Ph.D thesis [Whe96]

1995 | Jasna Maver Ph.D thesis [Mav95]

1995 | Tarabanis et al survey paper [TAT95]

1994 | Stephane Aubry Ph.D thesis [Aub94]

1994 | Kiriakos Kutulakos Ph.D thesis [Kut94]
1994 | Chris Pudney Ph.D thesis [Pud94]

1994 | Lambert Wixson Ph.D thesis [Wix94]

1993 | Timothy Newman Ph.D thesis [New93]
1993 | Sergio Sedas-Gersey Ph.D thesis [SG93]
1992 | Glen Tarbox Ph.D thesis [Tar93]

1993 | Xiaobu Yuan Ph.D thesis [Yua93]

1992 | Konstantinos Tarabanis Ph.D thesis [Tar92]
1992 | Besma Roui-Abidi Ph.D thesis [RA92]

1990 | Michael Buzinski Masters thesis [Buz90]
1990 | Seungku Yi Ph.D thesis [Yi90]

Table 2.1: View Planning Surveys

multi-resolution techniques, ray tracing avoidance, quantitative performance

assessment, performance benchmarks and improved scanner models.

The most widely referenced sensor planning survey is by Tarabanis et al
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[TAT95]. The authors consider three vision tasks - inspection, recognition,
and reconstruction - but focus almost exclusively on the first of these. The
underlying perspective is that of conventional intensity imaging, although
a few references are made to range imaging. View planning is categorized
as following one of three paradigms - synthesis, generate and test, or expert
system. The open problems in view planning circa 1995 as seen by Tarabanis
et al were:

e Modeling and incorporating other constraints such as integrating colli-
sion avoidance with view planning, dynamic sensor planning and mod-

eling the operating range of the employed sensor.

e Modeling and incorporating other sensors such as tactile, range, force-

torque and acoustic sensors.

e Relaxing some of the assumptions made in current approaches such as

feature uncertainty and error characterization.

e [llumination planning to include higher order lighting and reflectance

models, multiple sources, specularity and inter-reflections.

e Sensor and illumination modeling to include mapping model parame-

ters to controllable sensor settings and accurate sensor noise models.

A comprehensive survey of automated visual inspection systems by New-
man and Jain [NJ95] considers binary, intensity, colour and range image
sensors for a wide range of inspection applications.

As will be seen from the surveys, view planning methods can be cate-
gorized in several different ways. From our perspective, we begin with two
top level categories - model-based or non-model-based. It is convenient to

then sub-categorize the two classes somewhat differently. At the end of this
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Model-Based
View Planning Algorithms
| |
Set Theory Graph Theory Computational
Geometry

I— Visibility Matrix |— Aspect Graphs I—MGalleryProblem

Figure 2.1: Model-Based View Planning Algorithms

chapter, current methods are evaluated with respect to the view planning

requirements derived in Chapter 1.

2.2 Model-Based View Planning

Model-based view planning methods can be categorized by the representation

used for the knowledge embedded in the object model (Figure 2.1).

2.2.1 Set Theory Methods

Visibility Matrices At the heart of the set theoretic approach is a visi-
bility matrix, whose elements encode the visibility of discrete object surface
points from each pose in quantized viewpoint space. All essential visibility
information regarding the imaging domain is encoded in a single data struc-
ture. A more sophisticated enhancement replaces visibility by measurability,

in which the data elements encode estimated measurement quality.

Tarbox and Gottschlich Tarbox and Gottschlich [TG95] incorporate el-
ements of set theory, graph theory, computational geometry, mathematical
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morphology and statistical non-linear optimization in their thorough exami-

nation of view planning for automated inspection applications.

They discretize the solution space by recursive subdivision of an icosa-
hedron and constrain solutions to lie on a viewing sphere completely con-
taining the object with the viewing direction oriented towards the center
of the sphere. They further assume that the object lies completely within
the sensor’s frustum. An octree-encoded voxel occupancy model is used to
represent the sensing volume. Their view planning approach is tailored to
a specific long-baseline, active triangulation-based range sensor so that the
view planning problem becomes one of examining the set of all ordered pairs
of points on the view sphere separated by the specified sensor baseline. They
briefly discuss culling inadmissible points from the viewpoint set by means
of ray tracing operations, such as those occluded by a mounting fixture and
supporting plane. The principal consideration in viewpoint selection is taken

to be the surface area that a given viewpoint is capable of sensing.

Consideration of grazing angle effects figures prominently in their ap-
proach. Different grazing angle thresholds are set for the light source and
the camera. Grazing angle constraints are only considered from the perspec-
tive of their impact on dilution of surface sampling density and viewability
at acute angles in the presence of surface micro-structure. This perspective
masks the most important impact of grazing angle which is on measurement
error. Other aspects of sensor noise and artifacts are not considered.

The authors note that it would be desirable to define the search for a good
inspection plan as - “Find the smallest number of sensing operations such
that the union of the subsets of surface points measurable by each operation
completely covers the surface point set.” However, as this problem is known
to be NP-complete, the authors conclude that it will be necessary to employ
a view planning algorithm that can find a satisfactory but not necessarily
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optimal view sequence.

Tarbox and Gottschlich develop and examine the performance of three
algorithms. The first two employ an irrevocable selection strategy and differ
by the manner in which grazing angle constraints are treated. The third algo-
rithm is novel in that it employs a revocable selection strategy for viewpoint
set minimization based on a randomized search with simulated annealing.

To account for slight pose errors, they remove viewpoints which are not
robust to pose variation. This is accomplished by morphological operations
on the viewpoint set associated with each surface point.

Their approach is based on a measurability matrix M(Z,j) computed
by a complete visibility analysis for the laser source and camera over the
set of all surface points and all admissible viewpoints. Given the span of
the discretized variables, the computational complexity of the approach is
prohibitive. This is a fundamental limitation regarding direct applicability
of the work to object reconstruction. Nevertheless, the authors’ thorough
and well written treatment of the subject provides useful insights into several

aspects of the view planning problem.

2.2.2 Graph Theory Methods

Aspect Graphs An aspect graph of an object has a node representing
every aspect of that object and arcs connecting all adjacent aspects on an
object [TG95|, [BD90]. An aspect is loosely defined as the set of viewpoints
of the object such that the unoccluded portion of the object seen from all
those viewpoints is qualitatively the same. In other words, viewpoint space
is partitioned into regions providing equivalent views. Each node represents

one such region while arcs represent their adjacency in viewpoint space.

While aspect graphs are an intriguing theoretical possibility, there are
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practical difficulties. When dealing with objects as simple polyhedra and
considering a viewpoint purely in terms of the visibility of object features
from that point, the criterion “qualitatively the same” simply means that
the same vertices, edges and faces are visible from that viewpoint. When
the object is changed from discrete to continuous, quantization of viewpoint
space inherent to an aspect graph representation strictly fails. For some ap-
plications, one may redefine an aspect graph in terms of the visible topology
of the object’s silhouette, but this is not useful for object reconstruction.
Additionally, as we are dealing with a sensing problem which involves not
only visibility but mensuration, viewpoints with the same visibility (i.e. the
same aspect) are by no means equivalent for sensing purposes. Secondly,
aspect graphs for even moderately complex objects quickly become huge and
unwieldy, as does the computational complexity of handling them.
Consequently, aspect graph theoretical development is not sufficiently ma-
ture [FMA*92] to be a suitable representation basis for performance-oriented

view planning for automated object reconstruction.

2.2.3 Computational Geometry Methods

Art Gallery Problem A classic 2D computational geometry problem con-
cerns the visibility of edges in a polygon, the so-called “art gallery problem”
[Urr00], [XCB86]. Given the floor plan of an art gallery as a polygon P, the
problem is to find an upper bound on the number of “guards™ represented
by points such that the interior walls of P are completely visible [KKK80].
The task is to determine the minimum number and placement of watchmen
who collectively can see all walls in the gallery. The object reconstruction
problem is somewhat related to this classic computational geometry prob-

lem. However, there are additional complexities - three dimensions, bi-static
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Figure 2.2: Traditional Non-Model-Based View Planning Methods

visibility (source and receiver) plus mensuration in lieu of visibility.

2.3 Non-Model-Based View Planning

It is convenient to classify existing view planning methods (most of which are
non-model-based) by the domain of reasoning about viewpoints - that is, vol-
umetric, surface-based or global (Figure 2.2). Some methods combine several

techniques. The majority of current methods fall into two sub-categories-

voxel occupancy or occlusion edges.

2.3.1 Surface-Based Methods

Surface-based algorithms reason about knowledge of object surface space S.
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Figure 2.3: Occluding Edges in Geometric Images with Mono-static Sensor

Occlusion Edge Methods

Occlusion Edges The most commonly used traditional view planning
mechanism exploits geometric jump edges. Illustrated in Figure 2.3, this
approach is based on the premise that occlusion edges internal to the image
indicate surface areas not yet sampled, while boundary jump edges repre-
sent the boundary of the unobserved volume. In both cases, occlusion edges

provide cues for the next best viewing direction.

Maver and Bajcsy Some of the earliest papers using the occlusion edge
method are by Maver and Bajcsy [MB90], [MB93]. Their approach is tailored
to a long baseline laser profile scanner with a positioning system limited to
a single rotational degree of freedom. The two-stage method separately con-

siders source and receiver occlusions. The focus was on finding and labeling
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boundary occlusion edges. View planning is done with reference to a plane
defined by the support fixture. The initial stage plans views as a rotation
about the range camera boresight. The projection of occluded regions on
the support plane is approximated by polygons. Occlusion-free arcs are com-
puted by a visibility analysis making assumptions about the height of each
“shadow zone pixel”. A histogram is formed by summing the viewing arcs for
each pixel and a next-best-view is determined from histogram maxima. The
algorithm is computationally intensive due to the many-on-many visibility
calculations. Performance is sensitive to the underlying assumptions.

In a second view planning stage, described analytically but not imple-
mented, occlusion edges of source shadow zones are used in a similar manner
to determine a new orientation for the camera illumination plane. The au-
thors restrict the search for new scanning planes to the set perpendicular to

the original scanning setup. Simulated results are shown.

The approach is limited by its formulation as a 2 1/2 D scene view rather
than a true 3D perspective. The scene is defined as a horizontal x-y array of
pixels with a height value, either measured or assumed. Coupled with sensor
and positioning system limitations, the method is incapable of acquiring an
all-aspect model.

Contour Following

Once having located a portion of the object, the contour following technique
involves “painting” the object with the sensor by keeping it in close proximity
to the surface at all times. The technique has been applied to a class of range
sensors with a limited sensing volume. Collision avoidance is a primary
concern. Pudney [Pud94] describes the application of contour following to a

robot-mounted range sensor.
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Conventional terminology labels range sensors as range “cameras”, im-
plying an output in the form of an “image”. In fact, most range cameras are
profile scanners which only acquire data in an image format through linear or
rotational sensor motion by a fixed or programmable amount. Contour fol-
lowing usually involves acquiring long strips of profiles of an arbitrary length
rather than a range image in the conventional sense'. Because the position-
ing systems used typically are accurate in pure translation but have limited
mobility or may require recalibration in rotation, scanning is frequently done
along non-linear curves with a fixed orientation. The technique is widely used
commercially with mechanical CMM devices. Contour following works best
with objects large in size relative to sensor coverage and for relatively sim-
ple shapes with smoothly flowing lines. It is more problematic with smaller
objects and more complex shape. Other contour following work with range
sensors includes [SCF98], [LBG99].

Parametric Surface Representations

Superquadric models have been widely used in machine vision applications
due to their flexibility and compact representation. However, they are limited
to fairly simple scenes unless the scene is segmented and piece-wise fitted with
separate models. Additionally, superquadrics are highly non-linear.

Whaite and Ferrie Related more to robotic exploration than object re-
construction, the autonomous exploration approach of Whaite and Ferrie
([WF97], [WF92], [WF91], [WF90]) nevertheless provides an interesting high
level perspective on characterization and exploitation of uncertainty in view

planning. Their gaze-planning strategy uses model uncertainty as a basis for

ISee also the discussion at Section 6.2.1.
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selecting viewpoints. After the data is segmented, the task is to find superel-
lipsoid parameters best describing each segmented part. They observe that
the best sensor locations are those where the ability to predict is worst - that

is, where variance in the fit of the data to the current model is greatest.

Because of concerns about the validity of the linearized theory, they take
a conservative approach in which the sensor is always moved in small steps.
Using a numerical analysis technique, they search for and move the sensor
in the direction of maximum uncertainty. Movements are constrained to a
view sphere at a fixed geodesic distance from the current scanner location.

Experiments show the algorithm to be attracted to regions of high curvature.

The authors use a multi-layered system design. A general purpose. sensor-
independent and environment-independent lower layer navigator module han-
dles view planning. A higher level explorer module contains application-
specific knowledge and handles executive level functions such as delegating
tasks, monitoring progress, making decisions and resolving conflicts. While
the layered design is attractive, it is difficult to see how detailed sensing and

environmental factors can be separated from the act of sensor view planning.

The method directly incorporates measurements of sensor noise, although
it is unclear exactly which noise sources are modeled or what the fidelity of the
corresponding models is. View overlap is a consequence of the conservative

nature of the search strategy rather than application of an explicit coastraint.

While innovative and providing useful insights into view planning at a
high level of abstraction, the technique is designed more for approximate
volumetric modeling of simple scenes for robotic manipulation and recogni-
tion than for high definition surface modeling.
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2.3.2 Volumetric Methods

Volumetric methods select viewpoints by reasoning about the state of knowl-
edge of the imaging workspace /. Each scan labels a portion of I. The general
strategy is to select a viewpoint with the greatest prospective reduction in
uncertainty about the imaging workspace. Volumetric methods focus partic-
ularly on the solid shadows cast by the scanned object.

Voxel Occupancy Methods

Common volumetric methods involve encoding space occupancy by a voxel

occupancy grid or an octree.

Voxel Occupancy Grids Voxelization is a widely used, compact means of
encoding spatial occupancy. Voxel grids can also be used for a coarse surface
representation, although they are clearly not suited for high precision mod-
eling. Their principal disadvantage is the large memory requirement for even
moderate volumetric quantization levels. In a typical imaging environment,
the object occupies only a small portion of the imaging workspace and its sur-
face intersects an even smaller portion of the voxelized space. Most authors
ignore the impact of misalignment of spatial quantization intervals [Gre99]
between views. The phenomena is similar to timing jitter in conventional

time domain signal processing.

Banta et al Banta et al [BYW*95] and [BA96] define the next-best-view
as “the next camera pose which will extract the greatest amount of unknown
scene information”. Their objective is to minimize the number of views re-
quired for reconstruction. Some of the work is similar to Connolly’s ([Con85])

although they constrain the NBV search to a smaller search space.
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Both the imaging workspace and object surface are represented by voxel
occupancy grids in which voxels are labelled occupied or unoccupied. Rather
than allowing an “unknown” state, this binary approach labels all points
not currently visible as occupied and merges views by a voxel-wise logical
“AND” operation. The three papers explore several cuing mechanisms® for
suggesting feasible views, including orienting the sensor in the direction of
the viewpoint with the greatest number of potentially visible voxels based
on local surface exposure®. the viewpoint revealing the greatest number of
hidden voxels based on a ray tracing visibility analysis, the mean of the three
largest jump edges in the most recently acquired image or the centroid of the
cluster containing the largest number of unknown voxel faces.

The notion of applying several view planning concepts in combination
under intelligent control is a useful contribution. The authors also propose
tests to ensure selection of a “good” NBV such as validating by ray tracing
that the feature of interest is actually visible and enforcing a minimum angu-
lar separation between views on the view sphere. Additionally, they examine

several termination criteria i.e. terminate when the size of either the sur-
face model or the occluded model ceases to change by a significant amount

or when the ratio of the size of the surface model to that of the occluded
model is “large”. However, the proposed termination criteria do not relate

to objective performance requirements for the target model.

The various algorithms attempted were effective in what could be called
exploratory. approximate view planning for topologically complex objects
with purely synthetic data but were less effective in acquiring smaller ge-

ometric detail. While innovative, the work is subject to a number of sim-

2The authors also discuss a method based on locating surface regions of maximal cur-

vature which they appear to incorrectly associate with geometric jump edges.
3This is similar to Connolly’s “normal” algorithm which fails in concave regions.
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plifications and limitations. The range camera is treated as an error-free
mono-static sensor with uniform performance within the imaging workspace.

Pose error is ignored. Viewpoints are restricted to a fixed radius view sphere.

Massios and Fisher A paper [MF98] summarizing Nikos Massios’ Mas-
ter’s thesis [Mas97] builds on previous voxel occupancy methods by using the

weighted sum of visibility and “quality” factors as a NBV objective function.

frotat (6) = 'wvfm'siblity (1-;) + w,,f,,,m,,-,y (17)

The visibility cue is taken from an occlusion edge analysis finding occlu-
sion plane voxels which are defined as unseen voxels with an empty neighbour
voxel. Visibility factor fyisisiey is set to the number of occlusion plane voxels
visible from viewing direction ¥, as determined by ray tracing. The abso-
lute value of the inner product of the estimated local surface normal and the
viewing direction vector is taken as the local quality measure for occupied
voxels. A region quality estimate is also formulated for each pixel due to
unspecified system inaccuracies. The quality factor fg,qir, is formulated to
maximize the number of low quality voxels visible from a given viewpoint.

Viewpoint space is taken to be a constant radius tessellated sphere, ob-
tained by recursive sub-division of an icosahedron, fitted over the volumetric
representation for the object. Using an experimental configuration whose po-
sitioning system was limited to a single degree of freedom, the authors show
separate and combined plots of the objective function as a function of angle
and the cumulative number of views taken, a presentation format usefully
illustrating the impact of the quality measure.

While the introduction of a quality term in the objective function is a
valuable contribution, the chosen measure is subjective and does not relate

to objective measurement constraints on the reconstructed model. Further,
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the model is deterministic and considers only one error mechanism amongst
several. Viewpoint space is constrained to two dimensions while experiments

reported use a single (rotational) degree of freedom.

Octree Methods

Octree-based methods provide more efficient encoding of voxel occupancy.

Connolly One of the earliest papers on view planning is due to Connolly
[Con85]. He appears to have first coined the term “next-best-view” (NBV).
Connolly presents two algorithms, planetarium and normal, differing in the
cue used to suggest feasible views and the selection mechanism used to
find the next-best-view from the set of feasible candidates. The imaging
workspace is voxelized and labelled as empty, occupied or unseen. This in-
formation is encoded in an octree which is also used to represent the object
surface. All viewing vectors are assumed to point to the origin. Viewpoints
are constrained to evenly spaced points on a sphere around the object.

The planetarium algorithm applies a visibility analysis of the octree for
each candidate viewpoint on the sphere. The area of unseen voxels projected
onto the image plane for each candidate viewpoint is taken as a measure of
the solid angle of unseen space that will be swept by that view. The viewpoint
with the largest unseen area is selected as the NBV. The algorithm suffers
from time complexity problems inherent with a complete visibility analysis
for all candidate viewpoints. The normal algorithm simplifies the visibility
analysis to the local rather than global level by examining faces in the octree
common to both unseen and empty voxels. It is faster but does not deal as
well with self-occluding scenes.

The method is subject to many simplifications and limitations. Neither

sensor nor positioning system performance is characterized. The sensor is
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treated as an ideal point source without constraints on field-of-view or depth-
of-field. Shadow effects are ignored. Notwithstanding these limitations, Con-
nolly’s pioneering concept of exploring and labeling imaging workspace is

found in many later papers in the field.

Space Carving

The space carving technique* applies primarily to a small class of range sen-
sors with a limited sensing volume, particularly those designed as non-contact
replacements for CMM mechanical touch probes. The sensor is swept through
the imaging workspace in a pre-planned methodical manner, diverting around
obstacles, with the objective of reliably labeling workspace occupancy. As

with contour following, collision avoidance is a primary concern.

Papadopoulos-Orfanos A recent paper by Papadopoulos-Orfanos and
Schmitt [POS97] summarizing Dimitri Papadopoulos-Orfanos’ Ph.D. research
[PO97] applies space carving to a specific shallow depth of field sensor for
automated object reconstruction. Emphasis is placed on updating the voxel-
based scene representation - in particular, robust labeling of empty space to
avoid collisions. Voxel labeling is achieved by a complex analysis of occlusion
zones followed by ray tracing operations. Most of the work is concentrated
on collision avoidance and path planning.

Papadopoulos-Orfanos describes but does not fully implement a two stage
3D imaging strategy of scene exploration followed by surface data acquisi-
tion. The exploration stage, which is implemented, employs an exhaustive

search of unknown portions of the workspace. In the vicinity of the object,

*As used here, “space carving” is distinct from the shape from silhouette technique
[KS00].
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the goal is to get the sensor as close as possible to the surface while avoiding
collisions. During this phase, sensor orientation is fixed and only translations
are employed to search the workspace layer by layer in a zigzag pattern. As
a consequence of the fixed orientation, occluded surfaces are not imaged and
surface occupancy in these regions is poorly defined. In a second stage of
surface data acquisition (described but not implemented), sensor orienta-
tion view planning is proposed. Some existing NBV techniques are briefly
discussed as candidate methods.

In its current form, the work does not address view planning per se. The
exploration stage involves an exhaustive search of the imaging workspace
following a pre-planned trajectory modified by collision avoidance. A second
detailed imaging stage is briefly discussed but not implemented. No new view
planning technique is proposed. If more fully developed, space carving has
potential for high precision scanning. However, it will likely remain slow as a

consequence of the small sensor frustum and the exhaustive search technique.

Solid Geometry Methods

This method utilizes standard solid geometry algorithms available with most
CAD packages to model the current state of object knowledge. The method
can be robust with respect to complex topology. A generic problem with
the technique arises from solid geometry intersection operations which, by
definition, subtract and cannot add volume. Therefore, if a range image used
to extrude a solid volume does not completely cover the object, the resulting
volume will exclude a portion of the object which can never be recovered
by subsequent intersection operations. Consequently, difficulties arise when
a view fails to completely enclose the object or along occlusion boundaries

where data is often missing or erroneous due to inclination and edge effects.
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Bi-Static Shadow Effects Although typical of depictions used in the lit-
erature, the previous illustration of shadow effects (Figure 2.3) is somewhat
deceptive for two reasons. Firstly, it illustrates a mono-static sensor, whereas
we are concerned with bi-static sensors whose optical baseline is generally sig-
nificant with respect to the measurement stand-off distance. Therefore, the
shadow effect is non-negligible and has two components - source and receiver
shadows. Bi-static shadow effects are illustrated in Figure 2.4. We can ob-
serve that an occlusion edge as seen by the receiver may lie inside the object.
This poses difficulties for occlusion-edge-based view planning techniques em-
ploying solid geometry intersection operations. Collision avoidance routines
operating in conjunction with view planning also need to make allowance
for this fact. Secondly, in general, the object will not lie entirely within the
camera frustum so a given range image may or may not contain boundary
occlusion edges. Some NBV algorithms can fail in the absence of occlusion

edges.

Reed In a series of articles ([RA99], [RAS97a], [RAS97b], [RA9T7]) aris-
ing from his Ph.D. thesis, [Ree98|, Reed uses a solid geometry approach to
synthesize a continuous 3D viewing volume for a selected occlusion edge,
rather than discretizing viewpoint space. A mesh surface is created for each
range image and each mesh triangle is swept to form a solid model. Solid
geometry union operations on the swept volume result in a composite model
comprised of the surface and occluded volume, as known at that stage of
modeling. Surfaces on the composite model are labeled “imaged surface” or
“occluded surface”.

Reed’s view planning approach then proceeds with manual selection of a
specific occluded edge as a target. A “visibility volume” is calculated for the
target - that is, a 3D volume specifying the set of all sensor positions having
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Figure 2.4: Occluding Edges in Geometric Images with Bi-static Sensor

an unoccluded view of the entire target for the model as presently defined.
This is computed by subtracting the occlusion volume for each model surface
component from the target’s unoccluded volume, a half-space whose defining
plane is coincident with the target’s face and oriented in the appropriate
direction. The work is based on previous sensor planning work in the same
lab by Tarabanis et al [TTK96]. The volumetric approach allows sensor and
positioning system constraints to be added.

The 3D imaging workspace search is an improvement over methods con-
strained to an arbitrary 2D surface around the object. The authors claim
their approach has the advantage of defining more accurate viewpoints due to
the treatment of viewpoint space as continuous rather than discrete, although
no analytical or experimental data are provided to quantify this assertion.

Part of the reported research, [RAS97a], relies on manual selection of
a suitable target and hence the NBV. There is no discussion of the sensi-
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tivity of the algorithm to target occlusion edge selection. A second paper
[RAS97b] discusses an approach to automated viewpoint selection. In this
case, the algorithm selects the NBV as the one imaging the most occluded
surface elements in the current composite model. The NBV is determined
by computing the visibility volume for each occluded surface element. inter-
secting each visibility volume with the sensor’s reachable space and searching
the intersection for the point imaging the most surface area. A third paper
[RA99] briefly examines NBV planning based on the use of multiple targets.

Benefits of solid geometry methods include robustness to complex object
topology and the guarantee of water-tight models. Viewpoint synthesis can
be computationally advantageous with respect to methods which discretize
viewpoint space. However, as presently defined, the approach has limitations.
The sensor frustum is only partially modeled - field of view constraints are
not considered. Bi-static shadow effects on view planning are not addressed
directly; although missing data in small shadow zones is dealt with by in-
terpolation and along occlusion boundaries by surface extension along the
direction of the sensor baseline. Sensor errors are only briefly considered.
View overlap planning is not addressed. Set operations on extruded surface

elements introduce artifacts along integration boundaries.

2.3.3 Global View Planning Methods
A few methods derive a view planning cue from global rather than local

characteristics of the geometric data.

Mass Vector Chain

In [Yua95], [Yua93], Yuan describes an interesting view planning mechanism.

He observes that “a reconstruction system expects a self-controlled modeling
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Figure 2.5: Mass Vector Chain

mechanism for the system to check the spatial closure of object models and
to estimate the direction of unprocessed features”.

Illustrated in Figure 2.5, his approach segments the observed surface into
a set of small patches and describes the object with a mass vector chain

(MVC). By definition, a MVC is a series of weighted vectors. A mass vector

V:» is assigned to each surface patch S; of the object. Thus, V.= n; R;, where
r; is the average visible direction and R; is the surface size when viewed
from that direction. It is easily shown that the boundary surfaces of an
object compose a closed surface boundary only when their mass vectors form
a closed chain. Thus, the next-best-view can be set to the negative of the
cumulative MVC, which should define a viewing direction whose mass vector
will close the chain or at least shorten the gap. Special rules are required for
holes and cavities.
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The algorithm is shown to work with synthetic geometric data for a sim-
ple object. However. the idealized imaging environment does not address the
complications of modeling automation with real sensors and complex man-
made or natural objects. The method is capable only of estimating viewing
direction, not position. It has no reliable measure of scale. range or the imag-
ing volume. The method is able to deal with moderately complex topology
and may have potential for machine vision tasks involving man-made parts
with simple shape or for the initial global view planning phase of a two step

coarse-fine planning process.

Intermediate Space Representations

The essence of view planning is capturing, representing and optimizing mea-
sures of visibility of the object surface from sensor poses in viewpoint space.
This mapping between the object surface and points in the workspace of
the sensor and positioning system involves a large amount of information
and therefore a high degree of computational complexity for its acquisition.
storage and manipulation. It is desirable to find a more compact and easily
searched representation of the visibility information with a minimum loss of
information. One approach following this line of reasoning involves encoding
visibility information on a virtual surface positioned between the object and

the sensor workspace - that is, an intermediate space representation.

Positional Space - Pito Richard Pito’s 1997 thesis [Pit97a] is significant
for its contributions to all four aspects of geometric modeling automation
(scanning, registration, integration and view planning). See also the sum-
mary paper [Pit99] as well as [Pit97b], [Pit96b], [Pit96a], [PB95].

Pito’s work is unusual in that he first characterizes performance of the

range scanner used for experiments and then incorporates sensor models in
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the automation algorithms. In addition to treating the grazing angle effect
(fairly common in the literature), he also treats edge effect anomalies dur-
ing the integration phase. The view overlap requirement is incorporated.
The shadow effect is explicitly treated. However, non-stationary measure-

ment error within the measurement volume is not addressed. The need for
generalized viewpoints is discussed but apparently not implemented. The

technique is amenable to using generalized viewpoints, at the expense of
increasing the dimensionality of intermediate space.
Like many others before him, Pito chooses occlusion edges as a cuing

mechanism for the NBV search. He observes that the void volume can be
economically represented by defining only the void surface near edges of the

current model, which he represents by small rectangular patches attached
to occluding edges of the seen surface. He argues that it is unnecessary
to represent the complete boundary of the umbra cast by the object. In
general, the portion of the umbra nearest the occlusion boundary will be
nearest to the real object surface and therefore be the best region to search

next. Furthermore, such regions fit the overlap constraint.

As illustrated in Figure 2.6, Pito’s NBV algorithm is based on using an
intermediate space representation, “positional space” (PS), as a repository for
two types of visibility information - object surface visibility and the sensor’s
scanning potential. A virtual positional space surface (PSS), with a shape
appropriate to the sensor-positioning system combination, is placed between
the object and the sensor workspace. Object surface space (represented as a

mesh), PSS and viewpoint space are discretized.

The visibility of each triangular mesh element on the object surface can
be encoded in positional space by tracing an “observation ray” from the

mesh element to a PSS cell. The direction of an unoccluded observation
ray relative to a local frame of reference on the PSS can then be specified



44 CHAPTER 2. RELATED WORK

Figure 2.6: Positional Space

by two angles, termed the positional space direction (PSD). Pito chooses to
encode surface visibility as an analogue value equal to the area of the surface
element visible by a given ray weighted by a confidence measure tied to the
measurement grazing angle. Thus, in Pito’s concept, PS is a scalar field in
four dimensions P(u, v, 8, ¢). Encoding the image of both the seen surface
and void patches in PS provides a means to apply an overlap constraint
between views to meet registration and integration requirements. The range
camera’s scanning potential at a given viewpoint can be similarly encoded
in positional space by determining the intersection of “ranging rays” from
the optical transmitter and receiver with the PSS. A separate image must
be calculated for each viewpoint. Using PS as a placeholder for ranging
and observation rays facilitates determining which or how many of them are

collinear, as well as aiding the application of NBV constraints.

Without detracting from the comprehensive treatment and contribution
of the work to the field, there are some unresolved issues and weaknesses
with the approach:
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e Overall computational complexity issues are not addressed; nor are
trade-offs between discretization levels in object surface space S, view-
point space V" or positional space PSS. In the end, visibility analysis
relates S to V. The impact of quantization errors arising from im-
position of an intermediate space between S and V" is not addressed.
Efficiency is a concern. The experimental setup used to demonstrate

the algorithm was limited to a single rotational degree of freedom.

e One of the major claims of the work is that the computational bur-
den of visibility analysis is decoupled from the size of viewpoint space.
Nevertheless, ray tracing figures heavily in the approach and it has not
been demonstrated that the net visibility analysis burden is lowered
for a given performance level. However, the algorithm appears to be
readily parallelizable.

e PS representation is a lossy compression of pose information in which
range-related information is lost. Stand-off range critically impacts

sensor performance.

e A PS image must be cast for each viewpoint, a potentially large num-
ber. The algorithm does not provide guidance on efficiently sampling
viewpoint space. On the other hand, PS sensor images need be calcu-

lated only once and stored off-line. Memory issues are not addressed.

e Reference is made to the use of multiple PS surfaces which would cap-
ture additional information in viewpoint space but this would appear

to reduce the claimed computational advantages of the representation.
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Expert System

Artificial intelligence and expert system approaches to view planning have

been few and limited mainly to illumination issues [Bat89], [Nov88], [KST90].

2.4 Comparison of Existing Methods

Recall that:

Maver and Bajscv select a NBV by reasoning about the angular arc

through which occluded areas of the object surface can be viewed, based

on assumptions about the unseen topography.

Connolly selects a NBV as the one able to acquire the most information

about the unseen imaging volume, based on either a global or local

visibility analysis.

Yvan selects a next best viewing direction based on a global analysis
of the mass vector chain for the object surface.

Banta et al discuss several view planning mechanisms, the most recent
being the NBV oriented to the centroid of the cluster containing the
largest number of unknown voxel faces.

Massios and Fisher use an objective function incorporating both visi-
bility and “quality” terms.

Tarbox and Gottschlich compute a measurability matrix encoding a
complete visibility analysis over the set of all viewpoints and surface

elements, and select a viewpoint maximizing the void surface visible.
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o Reed et al first synthesize a visibility volume for a selected occluded
edge using solid geometry techniques and then select a NBV imaging

the most occluded surface elements.

e Whaite and Ferrie use uncertainty in fitting parameterized superquadrics
to segmented range data as a cue to viewpoint selection and then select
a viewpoint at a fixed offset in the direction in which the variance of

the fit of the data to the current model is the greatest.

e Pito separates the visibility analysis of the object surface from that for
the sensor by casting visibility images onto an intermediate space rep-
resentation, Positional Space, and optimizes viewing direction selection

within that domain subject to various constraints.

e Papadopoulos-Orfanos defines a space carving technique for a shallow

depth of field range sensor based on a pre-planned search pattern plus
collision avoidance.

Table 2.2 summarizes attributes of existing approaches to view planning
with respect to the view planning task requirements specified in Chapter
1. The legend for the comparison table is as follows: requirement satisfied
(Y), not satisfied (N), partially satisfied (P), uncertain (?) or not applicable
(=). The research objective is a column of all Y’s. In chapter 8, we evaluate

the view planning approach presented in this thesis according to the same
criteria.
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Category | Requirement

Model quality specification

Generalizable algorithm

Generalized viewpoints

General View overlap

Robust

Efficient

| Zz| -~ 2| 2] <) Z|| Tarbox & Gottschlich

Self-terminating

Minimal a priori knowledge

Object Shape constraints

Material constraints

Frustum modeled

Sensor Shadow effect

Measurement performance

6D pose

Positioning

Pose constraints
System

2| 2| 2| 2| <| 2] 2| 2| <| 2| 2| 2| 2| 2| Z| Z]| Maver & Bajscy
2| <| 2l o| Z 2l Z| <| <]l <[ | | 2| 2| <| Z|| Massios & Fisher

2| 2| 2|l 2| Z| 2|l 2| <| <] <| 3| 2| Z| Z2(<| Z|| Connolly

2| 'z| Z|| 2| 2| 2| Z| 2| <]l <| > Z| 2| Z|Z| 2 Yuan

z| 2| 2|l z| Z| z|| Z| <| <|| <] | Z| Z| 2| <| Z|| Banta et al

2| <| 2|l 2| 2| o|| 2| ~<| <[l <[ | ~|'2[ 2| ~<| 2] Reed et al

Z| Z| z|| | 2| 2|| 2| Z| 2|l <| 2| Z| ©| 2| Z| 2] Whaite & Ferrie
z| < 2| | < o] 2] <] <|| <] | | | 2| <| Z| Pito

"o| =<| 2| | | 2| 2| <] '

Positioning performance

2| <| =< 2| ~<| <[ 2| <[ <[t <[ 2| ~| 2| 2{Z| 2} Papadopoulos-Orfanos

Table 2.2: Comparison of View Planning Algorithms

2.5 Critique of Existing Methods

2.5.1 General

Model quality specification None of the methods reviewed incorporate
explicit quality goals for the reconstructed object model. Massios incorpo-
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rates a quality term in the view planning objective function but this term is
not tied to explicit pass/fail criteria. Several authors include a “measurement
quality” term tied to grazing angle but do not relate the factor to explicit

model performance requirements.

Generalizable algorithm Several methods are generalizable to a broad

class of range sensors, positioning systems and objects. Others are not.

Generalized viewpoint Several authors describe a generalized viewpoint
in their opening theoretical problem formulation. However, none retain the
formulation in the actual algorithm development. In most cases, pose space
is constrained to one or two dimensions versus the generalized case which
is 6D*. No author considers a programmable sensor parameter other than
pose. Some methods (Yuan, Pito) are capable of providing only incomplete
viewpoint information, specifically viewing direction but not sensor position

or orientation about the sensor boresight.

View overlap Almost all authors assume an error-free positioning sys-
tern and ignore view planning constraints for view overlap for image-based
registration. Only Pito applies a view overlap constraint, although shape
complexity is not addressed.

Robust None of the methods incorporate both sensor and positioning sys-
tem error models. Several methods (Massios, Tarbox, Pito) consider grazing
angle effects as a subjective quality factor. No method considers geometric
step edges, reflectance step edges or multiple reflection effects. The robust-
ness of the proposed methods in realistic sensing and view planning environ-

ments is either weak or is undetermined - that is, the environment of real
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sensors with real errors and artifacts, real objects with representative topo-
logical and geometrical complexity, and real positioning systems subject to

pose error and restricted movement envelopes.

Efficiency Given the lack of standardized performance benchmarks, it is
difficult to make quantitative performance comparisons between proposed
view planning methods. However, some authors (Banta, Tarbox, Connolly)
describe multiple algorithms and provide qualitative performance compar-
isons. Few authors explicitly evaluate the computational complexity of their
algorithms. Computational complexity is an issue with all methods. How-
ever, many of the techniques are parallelizable and computational power and
memory are becoming less of a concern with ongoing advances in computer

technology.

Self terminating Various termination criteria are used, but none relate

to explicit requirements to be met by the reconstructed object model.

2.5.2 Object Characterization

Minimal a priori knowledge Most methods impose no a priori knowl-
edge constraints on the objects to be modeled. Tarbox’s work focussed on the
inspection application. Whaite and Ferrie’s approach was aimed at robotic

environment exploration.

Shape constraints Similarly, most methods impose no shape constraints
on the objects to be modeled. However, some would clearly be unable to
handle complex shapes. Performance was not characterized with respect to

increasing object topological or geometrical complexity.



2.5. CRITIQUE OF EXISTING METHODS 51

Material constraints No method dealt with object material effects on

sensor performance.

2.5.3 Sensor Characterization

Frustum modeled Most methods do not incorporate a realistic model
of the sensor frustum i.e. the depth-of-field, angular field-of-view and scan

length/arc of real range cameras.

Shadow effect Few methods model shadow effects. This core attribute
of triangulation-based range sensors limits observation in cavities or around

obstacles. A great deal of manual view planning effort is spent addressing
shadow zones.

Measurement performance characterization With some exceptions
([Pit99]), the view planning literature generally assumes idealized, error-free
sensors. Many model the camera as an ideal mono-static sensor. Yet. ge-
ometric measurement techniques are highly non-linear and error prone. A
substantial portion of the effort in manual object reconstruction is spent
minimizing errors in data acquisition and model building. The sensing error
most commonly considered in the literature is inclination bias. No author
addresses the non-isotropic and non-stationary nature of residual geomet-
ric noise within the sensor frustum of a calibrated range sensor. Traditional
view planning approaches have attempted to obtain complete coverage of the

object surface with limited attention to the quality of the geometric data.

2.5.4 Positioning System Characterization

6D pose Most methods limit viewpoint space to one or two dimensions.

The most common configuration constrains the sensor to a “viewing sphere”
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with the camera boresight fixed on an object-centered origin. It is not pos-

sible to optimize sensor performance with such limitations.

Pose constraints Several of the more advanced approaches to view plan-

ning incorporate positioning system constraints.

Positioning performance Excepting Tarbox, no author addresses the im-
pact of pose error on view planning. Tarbox removes viewpoints not robust
to pose variation from the viewpoint set associated with each surface point.

Positioning system performance is not modeled.

2.5.5 Critique Summary

Techniques and Representations By far the most common NBV cuing
mechanism is either the surface or the solid volume of the umbra cast by a
range image view of the scene - that is, occlusion edges or the shadow zone.
The greatest variability between view planning approaches lies in the mecha-
nism used to select the NBV. Common surface representations are volumetric
occupancy and surface meshes. The most common representation of imaging

workspace is volumetric - voxel occupancy, octree or solid geometry.

Object Size Assumption Many techniques assume that the object falls
completely within the camera field of view and would fail if this condition is
not met. For example, if a range image contains no jump edges, what should
the algorithm do next?

Strategies Most approaches were monolithic in the sense that a single
technique was used throughout. It would appear advantageous to divide



2.6. OPEN PROBLEMS 53

the overall view planning problem into stages as Hall-Holt suggests and con-
sider different techniques at different stages - in particular, restricting the
use of computationally intensive techniques to limited subsets of the overall
problem. All of the methods examined are deterministic. There may be

opportunities for random selection methodologies.

Performance Objectives and Evaluation None of the current methods
include explicit pass/fail quality criteria on the reconstructed model. Gener-
ally, there is a lack of clarity with respect to the view planning objective. Is
view planning a search for some global optimality or is it a search for merely
acceptable viewpoints? What determines success - a minimum number of

viewpoints; time to complete the job; some other criteria?

Suitability As presently developed, none of the traditional view planning
methods is directly suitable for performance-oriented automated object re-
construction for the following principle reasons: overly constrained viewpoint
space, inadequate sensor and positioning system performance characteriza-

tion and excessive computational complexity.

2.6 Open Problems

The open problems in view planning for automated object reconstruction are
intriguingly simple and yet exceptionally complex at the same time. There
is as yet no general purpose solution. While a variety of techniques have
been described in the open literature, none fully meets the requirements for
performance-oriented view planning. It is notable that there are no known
automated geometric modeling environments or performance-oriented view

planning systems in general public or commercial usage.
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There are three main open issues with respect to performance-oriented
view planning for automated object reconstruction. These are efficiency,

accuracy and robustness.

2.6.1 Efficiency

The efficiency issue relates to the computational complexity of the view plan-
ning algorithm in terms of both time and memory, although timeliness is
probably the more important factor. No method proposed to date is able
to provide both performance and efficiency. In fact, even with unrealistic
constraints on the problem domain, most view planning techniques are un-
acceptably slow. However, ongoing computer technology developments are

making this less of a concern.

2.6.2 Accuracy and Robustness

Accuracy and robustness considerations go hand-in-hand. Both demand that
the view planning module incorporate reasonably complete sensor noise and
artifact models based on performance characterization of the sensor and po-
sitioning system. Additionally, high accuracy object reconstruction requires
a highly mobile positioning system. Desirably, this means a full six degrees of
freedom over an adequate imaging workspace. View planning algorithms and
imaging environments restricted to a one or two dimensional viewpoint space
can at best provide limited-quality, limited-coverage models for a restricted

class of objects.

2.6.3 Other Considerations

The technology development experience to date suggests we adopt a more
flexible, multi-faceted approach to the problem and consider:
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(1) a multi-phase approach such as scene exploration, rough modeling, fine
modeling, problem resolution,
(2) use of multiple techniques in combination instead of a monolithic ap-
proach using a single technique,
(3) heuristic and expert system approaches emulating human operators, and
(4) multi-sensor fusion approaches - perhaps using a fast, wide field-of-view,
low precision sensor for scene exploration and collision avoidance in combi-
nation with a high quality range sensor for precise surface measurements.
Additionally, it is evident that the field presently lacks the means for
meaningful comparative performance assessment and could benefit from stan-
dardized performance benchmarks and quantitative algorithm performance
analysis. Finally, to date there has been only limited treatment of the theo-

retical aspects of the view planning problem.



Chapter 3
Modified Measurability Matrix

This chapter introduces the modified measurability matrix (3M) algorithm
for model-based performance-oriented view planning. The concept is refined

and more fully examined in subsequent chapters.

3.1 Model-Based View Planning

Object reconstruction requires two functions to be performed - scene explo-
ration and precision measurement. The first, scene exploration, is necessary
because we begin the problem with limited information. Typically, this in-
cludes the approximate bounding dimensions and center of the object and
perhaps its overall topology. The second, precision measurement, is directly
related to reconstruction quality. Traditional view planning methods (Figure
3.1) attempt to undertake these functions simultaneously. They take an im-
age, acquire some new information, augment the partial scene model, decide
on the NBV and repeat the process. Such methods are intrinsically incremen-
tal. The associated irrevocable imaging strategy is inherently sub-optimal in
terms of the number of views required.

Multi-stage model-based view planning (Figures 3.2, 3.3) takes a differ-

56
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ent approach by separating scene exploration from precision measurement.
Based on limited knowledge contained in an a priori model, the process be-
gins with a rapid, preprogrammed scene exploration phase to acquire an
ezploratory or rough model. As long as the exploratory model captures the
essence of the object’s shape, it can have relatively low sampling resolution
and accuracy. The exploratory model is then used to plan precise, dense
surface scanning of the object to produce the desired high quality recon-
struction, the fine model. With the benefit of the overall scene knowledge
embedded in the rough model, the precision measurement phase has the op-
tion of several NBV selection strategies. If required by the application, this
includes the ability to use a more efficient revocable selection strategy to
produce an optimal or near-optimal view plan. The rough model may be
discarded once it has served its purpose. In our approach, we use polygonal
mesh model representations ([HB94]) for both the rough and fine models to
take advantage of their inherent flexibility and ease of manipulation.

Although additional stages could conceivably be utilized, the current con-
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cept (Figure 3.3) involves a two step object reconstruction process, separating
the exploration and precision measurement processes. Problem solving sub-
functions address model quality discrepancies at each stage. This multi-stage
model-based view planning strategy is one of progressive model refinement.
The process begins and ends with a closed object model - the first embodying
the relevant and available a priori object knowledge; the last meeting speci-
fied object reconstruction goals. One or more intermediate models represent
points on the continuum of spatial resolution and geometric accuracy. Each
stage of the process builds upon the global geometric knowledge of the pre-
vious stage until a model satisfying specified requirements is achieved. The
approach is also incremental, but at the model rather than the image level.

Within each level, the process is inherently parallel.
View planning for inspection applications, such as [TG95], [PRBL99] is
intrinsically model-based as it starts with a CAD model of the object to

be inspected. A few approaches to automated or semi-automated object re-
construction utilize an initial low resolution full or partial object scan for
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subsequent view planning purposes. Variations of contour following schemes
used by Soucy [SCF98] and Lamb [LBG99] follow this approach. Garcia
[GVSB98|, [GVS98] also uses a two stage algorithm in which the first stage
attempis to sample most of the object using an occlusion edge method. Com-

putationally expensive visibility analysis is left to a second hole-filling stage.

3.2 Performance-Oriented Reconstruction

Our approach is also model-based in a second sense. In the introduction,
we defined performance-oriented reconstruction as model acquisition based
on a set of explicit quality requirements expressed in a model specification.
In addition to all-aspect coverage, measurement quality is specified in terms
of precision, sampling density and perhaps other quality factors. The spec-
ified measurement quality may be fixed or variable over the object surface.
Performance-oriented view planning requires suitable models of both sensor
and positioning system performance (Figure 3.4). These can be combined in

an imaging environment specification. Specifically, it requires:
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e a sensor model to include a description of the camera geometry, frustum
geometry and characterization of measurement performance within the

calibrated region, and

® a positioning system model describing the degrees of freedom, range of

motion and positioning performance within the movement envelope.

There has been relatively little prior work on performance-oriented view
planning. Cowan and Kovesi [CK88] use a constraint satisfaction approach
for sensor location subject to task requirements which include resolution, fo-
cus, field of view, visibility, view angle and prohibited regions. The MVP
system developed by Tarabanis et al [TTA95] automatically synthesizes views
for robotic vision tasks with intensity cameras based on a task specification
as well as a geometric model of the scene and optical models of the sen-
sor and illumination sources. The MVP task specification includes visibility.
field of view, resolution, focus and image contrast. Soucy et al [SCF98] de-
scribe a system for automatically digitizing the surface of an object to a pre-
scribed sampling density using a contour following scheme. Prieto [PRBLO1],
[PRBL99] sets CAD-based inspection criteria based on range sensor perfor-
mance characterization. Additionally, as noted in Chapter 2, a number of
authors have considered grazing angle as a subjective quality measure. Oth-
erwise, the objective of most traditional work in the view planning field has
been explicitly or implicitly limited to full surface coverage.

3.3 Measurability Matrix

3.3.1 Data Structure

Before proceeding further, it is pertinent to examine the basic data structure

used in model-based view planning. A measurability matrix M (Figure 3.5) is
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a two dimensional array of measurability elements m;;. By convention. rows
correspond to surface points and columns to viewpoints. Thus, rows of M
span discretized object surface space S (vertices of the rough model mesh in
our case) while the columns span discretized viewpoint space V". Both binary
and analogue measurability matrices can be defined. The binary version is
more compact and best suits the purposes of the current work. Each element
m;; of M is a binary estimate of the measurability of a single surface point
s; on the exploratory model from a single viewpoint v;. The estimate serves

to predict scanning results at a higher sampling density with the real sensor,
real object and real imaging environment.

As originally formulated by Tarbox [TG95], each measurability element
was required to pass visibility tests for both optical source and receiver as
well as thresholds on grazing angle. In our case, we apply more stringent
requirements related directly to the model specification for the reconstruc-

tion task. These tests explicitly incorporate the task specification as well
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as performance models for the range camera and positioning system. To be
declared measurable, a boolean measurability matrix element m;; must pass

the following tests:

e Frustum occupancy - Surface point s; must lie within the world space
sensor frustum as defined by viewpoint v;.

e Visibility - Surface point s; must be visible to both the world space

optical source and receiver positions as defined by viewpoint v;.

e Specification-compliance - The estimated measurement precision and
sampling density for surface point s; as sampled by viewpoint v; must

meet the requirements of the model specification.

It is instructive to partition M into a set of column vectors Mg ; and row
vectors M; v-. The set S; of surface elements measurable by a single viewpoint
v; is defined by the corresponding column vector Mg ; of the measurability
matrix. Similarly, the region V; of viewpoint space from which a given surface
element s; is measurable is defined by the corresponding row vector M; - of
the measurability matrix. These relationships are illustrated in Figure 3.6
with 2D slices through an object resembling a coffee cup.

From the foregoing, we can observe that the solution to the view plan-
ning problem is simply to cover the rows of M with a minimal subset of
its columns. Consequently, it is immediately apparent why the view plan-
ning problem is isomorphic to the set covering problem (SCP). The SCP is
a well-studied problem in combinatorial optimization that is known to be
NP-complete [GJ79].
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Figure 3.6: Measurability Matrix Row and Column Vectors

3.3.2 Measurability

We use several variants of the term “measurability”. Each measurability
matriz element m;; is a binary estimate of the measurability of a single
surface point s; on the rough model from a single viewpoint v;. The estimate
serves to predict scanning results at a higher sampling density with the real
sensor, real object and real imaging environment. To be measurable, all
model specification requirements must be met at that surface point for that
viewpoint.

The measurability of a single viewpoint m(v;) or, equivalently an image,
is the ratio of the surface coverage of that viewpoint |S;| relative to the size of

the surface patch as a whole |S|. The set S; of surface elements measurable
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by a single viewpoint v; is defined by the corresponding column vector Mg

of the measurability matrix, that is

m(V]) = == (3'1)

Similarly, the measurability of a set of viewpoints is the ratio of the joint

coverage of those viewpoints to the size of the surface patch as a whole -

|S; U Skl

m(vjvvk) = |SI

(3.2)

A measurability projection is a 2D projection of a labelled rough or fine
model mesh whose vertices are encoded with their binary measurability. For
display purposes, these can be coloured white for measurable and black for
non-measurable. Refer to Figure 4.19 for example measurability projections.

A measurability tmage is a range image in which the pixels are labelled
with their binary measurability. For display purposes. these can be coloured
white for measurable and black for non-measurable. A measurability image
is the labeling of a set of range samples covered by a single frustum cross-
section associated with a single viewpoint while a measurability projection is
the labeling of an entire object model resulting from the coverage of several
range images taken from different viewpoints.

The view planning algorithm operates on estimated measurability of a
single viewpoint or sets of viewpoints. When the resulting NBV list is exe-
cuted by a real sensor against the real object or by a sensor model against
a simulated fine model, the result is verified measurability. Finally, the term
composite measurability will be used with both estimated and verified results
to define the net coverage of viewpoint sets.
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3.4 Sensor Performance Model

In this section, we present a general purpose performance model for triangulation-
based range cameras as used in the 3M algorithm. The model is subject to
appropriate adjustments to fit the geometry and scanning mechanism of each
specific class of range camera. The 3M algorithm also addresses pose errors
resulting from positioning system imperfections but we delay presentation of

a generic positioning system error model until Chapter 7.

The sensor performance model embedded in the 3M system is reasonably
comprehensive. Several generic scanning mechanisms and their associated
frustum shapes are defined and parameterized in terms of field of view, depth
of view and scan length or arc. The camera is modeled as a bi-static sen-
sor with a specified optical baseline. The origin of the camera co-ordinate

reference frame is taken to be the location of the laser source at its nominal
rest position. Image size and other parameters are optionally reconfigurable.

Viewpoints are treated as generalized viewpoints (v, \s), consisting of sensor
pose v and a set of controllable sensor parameters \,. Thus each viewpoint
has a defined frustum in camera space and an associated sensor configuration.

As currently used, the models for measurement precision and sampling
density incorporate effects related to bi-static visibility, standoff distance,
scanning angle and grazing angle. In the future, the scope and sophistication
of these sensor models and the associated measurability matrix compliance

tests can be expanded to include other measurement error factors.

3.4.1 Range Camera Geometry

To illustrate the sensor performance model, we examine the case of a line-scan
range camera, a common configuration whose imaging geometry is shown at

Figure 3.7. Following the convention in the field, the camera axis defines the
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Figure 3.7: Line-scan Range Camera Geometry

negative z-axis. The negative sign is dropped when referring to range along
the z-axis, provided the situation is clear. The frustum is defined by ®, (the
sensor angular field of view in the x-z plane), L, (the linear scan length in
the y-z plane) and Ry, and Ry, (the minimum and maximum scanning
ranges along the z-axis). The optical transmitter (laser) and optical receiver
(detector) are separated by a distance equal to the optical baseline b along
the y-axis. In the x-z plane, scanning occurs optically, while in the y-z plane
it occurs through mechanical movement of the camera along the y-axis. ¢-.
is the instantaneous laser scan angle in the x-z plane. In our convention, the
origin of the sensor frame of reference is located half way along the linear

scan and defines the nominal rest position of the laser.
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3.4.2 Measurement Precision

Our sensor model incorporates a model of geometric noise based on range
camera calibration data [BEC93], [EB94], [EB95]. The noise model estimates
statistics of the residual random noise remaining after calibration. We use
the standard convention for the range camera coordinate frame of reference:
the x, y and negative z-axes are parallel to the laser scanning plane, camera
optical baseline and camera boresight, respectively. Sensor geometric noise
effects are modeled as follows, where 6;,5,,5. are the standard deviation
estimated noise components along the respective sensor axes, noise coeffi-
cients (C;,Cy, C;) are derived from calibration data and z is range along the

camera boresight:

¥
N
I
O
N

1]
w
i
O
[
.

»
Il
Q
N
»

227 (3.3)

"

In this first order model, off-diagonal noise co-variance matrix elements are
considered secondary effects ignored for view planning purposes.

As noise along the sensor boresight predominates and small errors tan-
gential to the surface are of debatable significance, we use 6. as a surrogate
for measurement precision. Additionally, estimated sensor noise is modified
by an experimentally-based grazing angle model for the sensor x-z and y-z
planes. Incidence angle effects are most noticeable in the plane of triangu-
lation - that is, the yz-plane, where they generally follow an inverse cosine
relationship up to a cut-off angle ¢,.. There is no noticeable inclination effect
in the scanning plane up to a cut-off angle ¢,. at which point the received
energy drops below threshold. Typical grazing angle threshold values are
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ty: = 60° and t;; = 70°. Thus, we modify the estimated precision obtained

from Equation 3.3 by the following, where U;(9) is the inverse unit step func-
tion, i.e. U;(0) =1 — U(0):

C.z?

&» = -
) COS(Oy:) Ui(oyz - ty:) Ui(o z T t:z)

(3.4)

While grazing angle effects are frequently modeled in view planning algo-
rithms ([BA96], [MF98], [TG95], [Pit99]), they have been treated subjectively
rather than objectively. That is, low grazing angle viewpoints are preferred
over high grazing angles, rather than evaluating the objective effects of graz-

ing angle on measurement quality, such as precision and sampling density.

3.4.3 Sampling Density

The imaging geometry of a line-scan range camera was shown at Figure 3.7.
We use a conservative chord-based estimate for sampling density p. where §z
and Jy are the estimated sampling intervals along the sensor x- and y-axes

and é4c is the estimated inter-sample chord length. Then,

- 1 1 -
Pz = ox? + 8y® 532 (3.3)
where
07 = Re: N —1cos#,. (3.6)
and
by=—2 1 (3.7

N, — 1coséf,,"
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In Equation 3.6, R,. = z/cos ¢, is the slant range, ®./(:V, — 1) is the
angular sampling interval in the x-z plane and 1/ cos#;. is the inclination
effect in the x-z plane. In Equation 3.7, L,/(V, — 1) is the linear sampling
interval in the y-z plane and 1/ cos 8,. is the inclination effect in the y-z plane.
Image size is V;-by-.V, samples. For simplicity, we adopt the abbreviated

notation SO = sin @, etc. Then, the estimated sampling density is

(-’Vz - 1)2(1V — 1)2C201::020 z
y Y
R:zz(pzz(ivy - 1)20201/: + Lyz(-’vz - 1)2C20 =z )

p: = (3-8)

In many cases, Equation 3.8 can be simplified for symmetric range images
by setting N = N, = N,, giving

5o = (N = 1)2C?9,.C?0,.
* " R;2®.’C%,. + L,’C?0,.

(3.9)

3.5 3M Algorithm

3.5.1 Concept

Overview We have seen from the literature survey of the preceding chap-
ter that the main open issues are accuracy, robustness and efficiency. The
modified measurability matrix (3M) view planning algorithm attempts to
address these open issues.

Efficient sampling of object surface space and viewpoint space is achiev-
able due to the high degree of intrinsic redundancy. A fairly coarse rough
model mesh will suffice for view planning at the fine modeling stage, provided
the rough model correctly captures the object’s gross topology and geome-
try. Secondly, complex shape features such as holes, cavities and protrusions

constrain views much more severely than planar or gently convex regions.
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Thirdly, the physics of the sensing process provides important clues as to
optimal viewpoints relative to surface features. Finally, since large portions
of the object are occluded from any given viewpoint, it is clearly necessary
to compute only a comparatively sparse measurability matrix.
Consequently, we follow a generate and test procedure concentrating mea-
surability estimation on a coarse object surface representation with respect
to a modest number of well-chosen candidate viewpoints. In pseudo code

form, the 3M algorithm proceeds as follows at the fine modeling stage:

Decimate the rough mesh model to a suitably coarse representation
Segment the rough model by surface feature type (optional)
While (Unscanned rough model regions)

Generate optimal candidate viewpoint set

Compute measurability; form measurability matrix

Solve the set covering problem; Select NBV(s)

Table 3.1: 3M Algorithm Pseudo Code

Rough Model Decimation The rough model is decimated to a level just
adequate for view planning purposes. This level is experimentally deter-

mined. Chapter 5 examines issues relating to sampling object surface space.

Rough Model Segmentation Optionally, the rough mesh model is seg-
mented into its major shape components such as cavities, holes, protrusions
and planar patches. We will often refer to segments as surface patches. Seg-
mentation has the advantage of reducing the net cost of computing measur-

ability data for the object!. Its disadvantages include the following. There

IRefer to Section 3.6 for a discussion of computational complexity.
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is the cost of an additional preprocessing step. On average, composite view
plans will be slightly longer due to patch edge effects. Rework may be neces-
sary as a result of occlusion errors arising from view planning being localized
to major surface patches. The decision to use or not use segmentation will
depend on the application and the processing power available for the view

planning function.

Viewpoint Generation For each surface patch (or the entire rough model
if not segmented), a set of candidate viewpoints is generated that is most
likely to measure the surface in accordance with the specified criteria. View-
point generation is achieved by quantizing the optimal viewpoint zone for the
specific sensor and surface feature geometry. Chapter 6 examines schemes
for efficiently sampling viewpoint space. Here, we will briefly describe one
viewpoint generation scheme, the “optimal scanning zone algorithm”.

An ideal candidate generalized viewpoint (v, \s) is created for each surface
point - that is, for each vertex of the rough mesh model. It is convenient to
consider pose orientation as the concatenation of two rotations - boresight
axis and rotation about the boresight axis (twist). Thus, for view planning
purposes, we use pose = (position, axis, twist). Internally, homogeneous
transforms are used where appropriate.

To generate a candidate viewpoint, each rough model vertex is dilated
along the local surface normal by a stand-off distance adjusted to f;R, where
R, is the optimal stand-off distance. The stand-off adjustment factor f;
is set to fq4 = 1 + 6, where § is an experimentally-derived constant < 1,
to allow for errors in the estimation process and positioning system. The
dilated surface vertex becomes the position of the corresponding candidate
viewpoint. The viewpoint’s axis is set to the reverse of the dilation vector.

Setting the sensor twist orientation is less straight forward as it is influenced
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by shadow effects arising from object shape over a broader surface region.
As an initial approach pending further discussion, we set the twist angle to
minimize local shadow effects. Finally, configurable sensor parameters are
optimized for each candidate viewpoint, based on the model specification,
system capabilities and observable object characteristics.

We postulate that the set of viewpoints thus generated provides a near-
optimal sampling of viewpoint space for the purposes of solving the view plan-
ning problem. As viewpoint parameters are optimized on a per-viewpoint ba-
sis, this discretization scheme reduces the dimensionality of viewpoint space
from 6D* to 2D. View planning optimization is conducted over the domain

of generalized viewpoints.

Measurability Estimation Using the model specification and performance
models for the sensor and positioning system, a measurability matrix is com-
puted for the entire rough model or, if segmentation has been used, a measur-
ability matrix is computed for each surface patch. This is done by calculating
the estimated measurement precision and sampling density at each point on
the targeted rough model surface patch from each candidate viewpoint in the
corresponding viewpoint set. Each measurability computation is required
to pass the frustum occupancy, visibility and specification-compliance tests
previously described. For segmented models, measurability determination at
this stage is based on local visibility analysis only - that is, considering only

the geometry of the target surface patch.

NBYV Selection Upon computation of the measurability matrix or matri-
ces, a number of techniques are available to solve the set covering problem.
The output is a NBV set or view plan. If the rough model has been seg-

mented, the component view plans are merged. Set covering algorithms are
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Figure 3.8: Human Interaction with Reconstruction Process

discussed in the next chapter.

Operational Concept At the current state of research, the 3M view
planning concept envisions a semi-automated object reconstruction process.
Apart from physical tasks such as placing and re-positioning the object within
the imaging workspace and other set-up tasks, the operator will be expected
to perform various processing tasks as illustrated in Figure 3.8. The operator
is responsible for input task specification and output quality verification and
possible editing. Additionally, the operator will be required to verify the

output of the rough modeling stage and make corrections, if necessary.

3.5.2 Clarification of Thesis Scope

This thesis addresses view planning for the rough model to fine model stage

of model-based object reconstruction (Figure 3.3). It excludes the rough
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modeling stage, automated segmentation and automated fine model prob-
lem resolution. We believe automated or semi-automated rough modeling
is feasible by means of a rapid, pre-programmed view plan®? coupled with
robust model building techniques [RW97]. Automation of the segmentation
task is considered a feasible but non-trivial problem. Where segmentation is
used in this thesis work, it is done manually. Automated or semi-automated
fine model problem solving is considered to be less of a challenge and to
involve a mix of development and research. The research presented in this
thesis addresses all of the view planning requirements derived at Section 1.2
with the exception of the material constraints requirement, some types of
measurement artifact and one aspect of the overlap constraint. We assume
objects have benign reflectance characteristics i.e. reasonably uniform, mod-
erate reflectance characterized by Lambertian scattering. The issue of view
planning for more difficult reflectance characteristics, in particular the spec-

ular reflectance case, is briefly addressed in the final chapter under future

work.

3.5.3 Comparison with Previous Work

The modified measurability matrix view planning algorithm presented in
this thesis involves modifications and extensions to the original measurabil-
ity matrix work by Tarbox. Besides being applied to object reconstruction

rather than inspection, the key points distinguishing our work from Tarbox

2The approach to automated rough modeling will depend on the imaging environment
- that is, the relative object size and the capabilities of the sensor and positioning system.
A view sphere approach (Chapter 6) would be suitable for objects whose size is comparable
to or smaller than the sensor frustum. For large objects, a space carving technique would
be suitable (Chapter 2).
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Figure 3.9: View Planning Problem - Model-Based Perspective

are the following. Our method is performance-oriented - that is, it is based
on a model specification. We use more stringent and objective measurability
criteria based on sensor and positioning system performance models. Com-
putational complexity is reduced by optimized, sparse sampling in S and V'
as well as optional segmentation of the problem into smaller components.
In the concluding chapter, we will evaluate this approach with respect to

the view planning requirements derived in the introduction.

3.6 Computational Complexity

Figure 3.9 presents an overview of the complexity of the view planning prob-
lem from a model-based perspective. The process of physically scanning and
building the exploratory model will take time, of course. However, as a pre-
planned activity, it has constant complexity. The set covering problem is
NP-complete, as previously noted, but there are a variety of solution tech-
niques, both exact and approximate, as we will discuss in the next chapter.
The computational crux of the model-based approach to view planning is

constructing the measurability matrix or matrices.

From the structure of the measurability matrix, we can immediately de-
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termine its computational complexity. M has sv elements, where s = |S| is
the number of rows (surface points) and v = |V'| is the number of columns
(viewpoints). The most computationally intensive part of computing a mea-
surability matrix is visibility analysis. In general, a ray tracing operation
must be performed twice per measurability matrix element - once each for
the optical source and receiver®. Each ray tracing operation involves testing
transmit or receive rays with each triangle ¢; of the rough model mesh. As
the number of triangles in the mesh t = s, then the computation complexity
of deriving a measurability matrix is approximately O(s%v).

If S is segmented into ¢ segments of roughly equal size, then s and v are
proportionately reduced. In this case, the overall computational complexity
of computing ¢ measurability matrices is O(c3z %) = O(ZE).

It is useful to quantify these variables in the context of a brute force
discretization of S and V. The size of a typical reconstruction is s =~ 10°.
Discretizing a one cubic meter imaging workspace at one centimeter intervals
gives 10° sensor positions. After discarding infeasible orientations, quantizing
rotation in five degree increments produces approximately 10° sensor orien-
tations. In combination, this generates approximately 10!! sensor poses. To
compute the total number of viewpoints, we would have to add a further
quantization of say ten levels for each configurable sensor parameter. So, if

this viewpoint generation scheme were followed. the number of viewpoints

3Tarbox reduced visibility tests from one per source and receiver position to one per
view sphere location by a clever discretization scheme. A view sphere was approximated
by a recursively sub-divided icosahedron and viewpoints were defined as the set of all
nodes on the view sphere separated by a distance equal to the optical baseline. The gain
in computational efficiency was achieved at the expense of a fixed and coarse discretization

of the rotation component of sensor pose for a fixed view sphere radius.
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would be approximately v =~ 10!!*. The resulting number of visibility calcu-
lations for a brute force quantization of object surface space and viewpoint
space would be of the order of 10?!*. Consequently, it is readily apparent
that success in view planning with measurability matrices is dependent on
suitable schemes for sparse sampling in object surface space and viewpoint
space. At the same time, the power of the technique is also immediately
apparent for we have, in one data structure, all the information necessary to
construct an accurate, robust and efficient view plan.

This examination of basic computational complexity issues raises some
important questions:

How rough can the rough model be for effective view planning?

That is, roughness in terms of sampling density and sampling
errors.

How tolerant is the view plan to pose uncertainty?
What is the optimal scheme for sampling viewpoint space?

We will address these questions in the coming chapters. First, however,

we will present a theoretical framework for the view planning problem.



Chapter 4

View Planning as a Set
Covering Problem

This chapter provides a theoretical framework for the view planning problem
(VPP) in the form of a set covering problem (SCP) expressed as an integer
programming problem (IP). We also present experimental results for a greedy

search set covering algorithm modified to include a registration constraint.

4.1 Theoretical Background

To date, theoretical treatment of the view planning problem has been lim-
ited. Tarbox and Gottschlich [TG95] introduced the measurability matrix
concept in a model-based approach to inspection. They showed that the
VPP was isomorphic to the set covering problem which is known to be NP-
complete. Yuan [Yua95] used mass vector chains in a global approach to view
planning. Whaite and Ferrie [WF97] presented an autonomous exploration
theory based on minimization of model uncertainty. They observed that the
best sensor locations are those where the ability to predict is worst - that

is, where the variance in the fit of the data to the current model is greatest.

78
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Soucy et al [SCF98] examined view planning from the perspective of an in-
finitely small surface explorer and local topological operations on a voxelized
surface. They also took the capabilities and limitations of the positioning
system into account. Arbel and Ferrie [AF99] presented an entropy-based
gaze planning strategy in the somewhat related field of object recognition.
Scott et al [SRR00] extended Tarbox’s work to object reconstruction with a
set theory based formulation of the VPP in terms of a measurability map-
ping between viewpoint space and object surface space. Most other work
in the field relies on a variety of heuristic techniques without a theoretical
framework.

The referenced work has contributed to a better understanding of the view
planning problem, yet the field lacks a comprehensive theoretical foundation.
A truly comprehensive theory would encompass all problem constraints and
error mechanisms and provide a theoretical basis for sampling surface and
viewpoint space. In the following, we define a theoretical framework dealing
with measurability and registration constraints. We begin by developing
a registration constraint suitable for an integer programming formulation.
We then apply the theoretical formulation to experimentation with a greedy
search set covering algorithm modified to include a registration constraint.

4.2 Image-Based Registration Constraint

A common imaging problem arises when the precision of the positioning
system is inferior to that of the sensor. It is then necessary to employ image-
based registration to bring images into a common reference frame with a
precision comparable to that of individual surface measurements. The itera-
tive closest point (ICP) algorithm [BM92] with its many recent enhancements

is widely used for this purpose. The algorithm works by minimizing errors in
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Figure 4.1: Viewpoint Correlation

the geometric fit between overlapping range image segments. In this section
we show how a range image-based registration constraint can be expressed

within an integer programming formulation of the VPP.

4.2.1 Viewpoint Correlation

Image-based registration requires sufficient overlap between images'. A de-
gree of image overlap is also necessary for image integration - the process
of building a single, non-redundant mesh model from multiple range images.

As a first approximation, this initial algorithm specifies a point overlap con-

'Few view planning techniques in the literature incorporate a registration constraint.
Pito [Pit96b] includes an explicit overlap requirement and mentions the need for shape
complexity in the overlap area but does not implement it. Whaite and Ferrie [WF97]

achieve image overlap by a conservative search strategy.
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straint which is necessary but not sufficient for image-based registration?.
There is a direct correspondence between viewpoints and range images.
Image overlap can therefore be determined from the degree of viewpoint
correlation. For view planning purposes, we define the cross-correlation oy;
of viewpoints vx and v; as the inner product of the respective column vectors
M, and Mg ; of the measurability matrix (Figure 4.1), normalized® by the
maximum surface coverage of any viewpoint in the candidate viewpoint set

- that is, ms = maz||Mgsk|| Vk € V, so

_ Ms,-Ms;

e (4.1)

Okj
To register image (viewpoint) vy with image (viewpoint) v; with suffi-
cient overlap, we require that their cross-correlation ox; exceed a registration

threshold ¢,, typically around 20%, i.e.

Okj 2 t,. (4.2)

Specifying a value for the registration threshold ¢, is equivalent to specifying
that two range images must overlap by that amount to satisfactorily register
with each other.

2In general, we need to add a geometric complexity requirement to the overlap region
to fully constrain registration in all translations and rotations. It will be apparent from
the simpler point overlap constraint how, in principle, we can formulate a more stringent

constraint for overlap with geometric complexity.
3There are several potential choices for a normalizing value. As defined, ms has the

advantage of guaranteeing o:; values in the range [0,1], is reciprocal and is indepen-
dent of segmentation patch size, object size, rough model sampling density and sensor

characteristics.
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Figure 4.2: Viewpoint Correlation Test Patches

4.2.2 Footprint Ratio

The problem of covering a surface patch can be characterized by the size and
shape of the patch relative to sensor coverage. Convenient shape measures
include depth-to-width ratio D/W for convex and concave patches. Relative
size can be characterized by the following measures: the patch footprint F,
equal to the patch area and the sensor footprint F, equal to the frustum
cross-sectional area at the sensor’s optimal scanning range R,. A surface
patch’s footprint ratio ry = F,/F, provides a rough indication of the match
between patch size, sensor capability and number of views required. The
absolute lower bound on the number of views required to cover a patch is
[rs]. Practically speaking, the lower bound is attainable only under the most

optimistic scenario of a beneficial match between the shape of the patch and
the sensor footprint.
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4.2.3 The VPP Solution Landscape

From our human visual experience, we intuitively understand the phenomenon
of viewpoint redundancy. In the context of view planning, it is useful to quan-
tify and visualize viewpoint correlation with some simple examples. With this
objective in mind, we generated two synthetic surface patches, the first larger
than the sensor footprint and slightly convex, and the second smaller than
the sensor footprint and deeply concave (Figure 4.2). Surface noise was not
added for these experiments. Viewpoint space was sampled by generating
a set of optimal candidate viewpoints, one per mesh vertex, following the

“optimal scanning zone algorithm” described in the previous chapter.

Figures 4.3 and 4.4 show viewpoint correlation relative to the center ver-
tex of each test patch as a function of translation on the optimal scanning
zone in viewpoint space. In these figures, u and v are translation parame-
ters for viewpoints on the optimal scanning surface. The axis of correlation
symmetry corresponds to the sensor optical baseline. Correlation is not sym-
metric along the baseline as measurability is not reciprocal with respect to
laser and detector locations. The data indicates that neighbouring view-
points are highly correlated, as expected, and that correlation falls off with
displacement and is modified by surface shape. The footprint ratios are 2.55
and 0.55 respectively, while the measurability matrix densities are 0.238 and
0.637.

Thus, in contrast to many set covering applications (SCP) reported in
the literature [GW9T], variables in the view planning set covering problem
exhibit a high degree of correlation within viewpoint space neighbourhoods.
Additionally, we note that the density of the constraint matrix (measurability
matrix in our case) is medium to high whereas it is sparse in many traditional

SCP applications. Finally, as in standard SCP applications, VPP solutions
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Figure 4.3: Viewpoint Correlation - Planar/Convex

are generally not unique.

A VPP set covering algorithm must contend with competing forces acting
on viewpoints in a candidate NBV set - a repelling force minimizing view-
point correlation to gain coverage and an attracting force seeking to achieve
a minimum correlation level to maintain compliance with the registration
constraint. A physics-based VPP set covering algorithm may be possible
based on this paradigm.

4.2.4 Registration Constraint

Viewpoint correlation, redundancy and overlap are essentially the same thing.
Pose uncertainty resulting from positioning system inaccuracy results in a

requirement for image-based registration which in turn requires a specified
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CORRELATION OVER VIEWPOINT SPACE

Figure 4.4: Viewpoint Correlation - Cavity

degree of image overlap i.e. viewpoint correlation. Viewpoint correlation
has another consequence. It impacts the discretization scheme for viewpoint
space. We wish to have a set of candidate viewpoints sufficiently nearby
to satisfy registration and integration requirements yet far enough apart for
efficient sampling of viewpoint space. Understanding viewpoint correlation
in our problem set will assist in optimizing these competing objectives.
Further, we can observe that an overlapping range image set has an associ-
ated registration graph G, (Figure 4.5) which encodes viewpoint connectivity
in terms of inter-image registration potential. Two nodes (viewpoints) in a
registration graph are connected if the range images associated with those
viewpoints have sufficient overlap to be registered with each other using an

image-based registration algorithm such as the Iterative Closest Point (ICP)
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G,

Figure 4.5: Image-Based Registration Graph G,

algorithm. Consequently, we can express a basic image-based registration

requirement for view planning by stating that
The viewpoint registration graph must be at least simply connected.

With segmentation, the viewpoint registration graph for each patch is
a sub-graph of the global registration graph for the entire object. We can
ensure global connectivity at the object level by an initial segmentation with

suitable overlap across segmentation boundaries.

4.2.5 Constructing the Registration Graph

Given a measurability matrix M, the issue then is first how to create the
registration graph corresponding to any viewpoint set N C V" and, secondly,
how to utilize the connectivity information embedded in the graph to express
a set of registration constraints on the view planning problem.

A process for achieving this is illustrated in Figure 4.6. We begin by
computing the symmetric viewpoint correlation matriz ¥ = [0x;]. £ speci-

fies viewpoint adjacency in registration terms. We then define a viewpoint
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Figure 4.6: Registration Constraint Creation

registration adjacency matriz A = [ay;| such that ax; = 1 if o%; > ¢,. k # j,
and agx = 0. The registration adjacency matrix A has an associated view-
point registration graph G,.

Connectivity information embedded in the registration-adjacency matrix

can be used to determine registration graph connectivity. The (k, j )th entry
of the matrix product A" defines the number of different paths (including
backtracking) between nodes k and j of length r in the graph. The maximum
length of a non-repeating path in the registration graph is one less than
the size v of the viewpoint set V. Consequently, the cumulative registration

adjacency matriz C = [ci;] defined as follows* captures the number of paths

‘Thanks to Professor P.K. Allen for observing that C is equivalent to the transitive

closure of G-..
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of all lengths from minimum to maximum connectivity between viewpoints:

C=A"+ A%+ ...+ AVL, (4.3)

C can be computed directly from ¥ as a preprocessing step prior to solving
the set covering problem. Further, C can be computed numerically or sym-
bolically. The advantage of symbolic computation (illustrated by a simple
example at Appendix B) is that it can be computed once for M and then
applied to any view plan N C V.

For the registration graph to be connected, elements in rows and columns
of C corresponding to viewpoints in the next-best-view set NV must be at
least one. Therefore, a necessary condition for successful image-based view

registration of two viewpoints is

ck; 2 1: k,j€ Nk #]. (4.4)

As C is symmetric with all elements > 0, and diagonal elements are
irrelevant, the equation can be simplified as follows, where n = |N| and.

generally, n <« v:

Ckj 21; k=1y"'7(n_1);j=k+17”'?n; kvje‘lv' (4‘5)

Furthermore, C defines registration connectivity of all viewpoints in V',
whereas we wish to apply the global registration constraint only on N C V.
Thus, we need to define X as a vector of binary viewpoint variables z; such
that z; = 1 if column j is in the solution and z; = 0 if it is not. Then, if
z; = 0, ignore c; for all k,j = {. We can achieve the desired effect over the

full problem domain by changing the registration constraint to

Crj 2 TkZj; k=1,---,(v—-1); j=k+1,---,v; k,jeV (4.6)
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We can now proceed to integrate the registration constraint in an overall

integer programming formulation of the view planning problem.

4.3 Integer Programming Formulation of the
View Planning Problem

4.3.1 IP Formulation

In the previous chapter, we showed why the view planning problem is isomor-
phic to the set covering problem (SCP). Recognizing the VPP as an instance
of the SCP admits its expression as a classical 1/0 integer programming
problem (IP), a sub-class of linear programming problems (LP). The view
planning problem can then be expressed as the problem of covering the rows
of a binary s-by-v measurability matrix M = [m;;] by a minimal subset of its
columns. Recall that rows of a measurability matrix correspond to surface
points while columns correspond to viewpoints.

Informally, the goal of view planning is to find a suitably small set of
views that cover all the surface points while satisfying the measurability
constraints. More formally, the problem can be written as follows, where

notation follows integer programming conventions:

L4
Minimize Z = )_ c;z; (4.7)

j=1

subject to

U
Y miz;>1;i=1,...,5;i€S, (4.8)
=

Cj 2 TkTj; k=1,---,(v=-1); j=k+1,---,v; k,j€ V,and (4.9)
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r;€{0,1}; j=1,...,v; jE V. (4.10)

Equation 4.10 applies an integer constraint on the viewpoint variable.
X = [z,] spans viewpoint space V' as sampled by the viewpoint generation
stage. The optimal X is the minimal set of viewpoints covering object sur-
face space S - that is, the next-best-view set N. In the objective function,
equation 1.7, coefficients c; allow a movement cost to be associated with each
viewpoint. This would be appropriate, for example, in the case of a position-
ing system with significant, non-uniform movement costs®. Otherwise, the
costs can be set to 1, a formulation known as the unicost set covering prob-
lem [BC96], a somewhat easier problem to solve. The constraints defined
by equation 4.8 ensure that each row of the measurability matrix (i.e. each
surface point) is covered by at least one viewpoint. Equation 4.9 imposes the
image-based registration constraint developed in the previous section. The
range of indices in equation 4.9 indicates we are interested only in the upper
right triangle of the cumulative registration adjacency matrix.

Viewpoint feasibility is determined by the range of motion and degrees of
freedom of the positioning system. There is no need to include a viewpoint
feasibility constraint in the above IP formulation. It is more efficient to avoid

generating infeasible viewpoints at the viewpoint generation stage.

4.3.2 Set Covering Algorithms

Expressing the view planning task as an IP provides a compact mathematical

formulation of the problem, opening the application to the rich research base

3An example would be the case of a rotary joint limited to a discrete set of accurate

orientations where change requires a unlock-rotate-relock sequence. In some cases, system

recalibration may be required upon reconfiguration of a positioning system component.



4.3. IP FORMULATION OF THE VPP 91

in discrete combinatorial optimization. Unfortunately, in general an integer
programming problem is considerably more difficult to solve than the equiv-
alent LP problem. IP solution time can be highly unpredictable, depending
on problem formulation, data characteristics and problem size (number of
variables and number of constraints). Optimal solution methods such as
branch-and-bound and cutting-plane techniques [Win95] typically use an in-
telligent tree search of feasible solutions and are found in a variety of commer-
cial LP/IP solvers. While guaranteeing optimal results, such exact methods
can be computationally prohibitive even for modestly sized IPs. For most
medium-to-large IPs, this leaves a choice of approximate and heuristic algo-
rithms [Ree93], including greedy search (GS) [FW82], simulated annealing
(SN) [Sen93], genetic algorithm (GA) [BC96], Lagrangian relaxation [Bea90]
and neural network [GW97] methods. Most published performance results
[GW97], [Bea90] deal with random, low density data sets. The VPP falls into
the category of a medium-to-large IP with non-random data and moderate
density. A representative size for a measurability matrix generated by our
algorithm for a segmented problem will be approximately 400 variables by

an equal number of constraints, or about 2x10° elements.

4.3.3 Discussion of the IP Formulation

The foregoing theoretical framework for the view planning problem cast in
the form of a set covering problem and expressed as an integer programming
problem is beneficial from several aspects. It provides more comprehensive
theoretical treatment of the performance objectives, constraints and error
mechanisms associated with view planning than heretofore. For the first time,
it provides an explicit solution mechanism using either exact or approximate

integer programming techniques. Integer programming is a well-understood
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field, as is the set covering problem. Framing the view planning problem
in terms of well-known mathematical problems and techniques opens up a
large body of existing knowledge in these fields. Finally, the straight forward
mathematical formulation assists with a more intuitive understanding of the

nature of the problem.

A truly comprehensive theory would encompass sampling schemes for sur-
face and viewpoint space, and all problem constraints and error mechanisms.
In relation to this goal, our theoretical formulation addresses the measura-
bility constraint and the overlap component of the registration constraint.
Surface sampling error is not directly addressed but is dealt with separately
in the next chapter. As will be discussed in Chapters 6 and 7, pose error is
accommodated at the viewpoint generation stage. Non-uniform movement
costs associated with the positioning system are incorporated directly in the
objective function. Constraints in the degrees of freedom and range of motion
of the positioning system are dealt with at the viewpoint generation stage.
Surface and viewpoint space sampling is dealt with empirically in Chapters
5 and 6, respectively. Chapter 6 provides a basic theoretical framework for
viewpoint space sampling. A theoretical basis for surface space sampling
remains an open problem.

Some observations on the registration constraint are appropriate. Firstly,
we note the constraints are non-linear, making the IP non-linear. However,
we can solve for the set covering constraints alone and then enforce registra-
tion compliance as part of the fitness function. If required, a minimal number
of views can be added to satisfy the registration constraint and render the
solution feasible overall.

A second concern is the computational cost of formulating the registra-

tion constraint as calculation of C involves symbolic matrix operations on

large matrices. The computational complexity of C is approximately O(v*)
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operations, where v is the number of viewpoints in V. However, the ma-
trix need be computed only once. Additionally, we have the option to delay
computation of C to only candidate solutions (i.e. candidate NBV sets),
in which case the dimensionality of the required computations is greatly re-
duced and can be numerical rather than symbolic. In the latter case, the
computational complexity using the cumulative registration adjacency ma-
trix technique® is approximately O(cn*) operations, where ¢ is the number
of candidate solutions, n is the size of NBV set V and n <« v.

In summary, the formulation of the view planning problem as an integer
programming problem provides an explicit solution mechanism in the context
of classical mathematical problems and solution techniques. It also aids in a

more intuitive understanding of the nature of the problem.

4.4 Greedy Search Set Covering

In this section, we show how the integer programming formulation of the view
planning problem can be implemented by a fast and robust approximate set

covering algorithm.

4.4.1 Experimental Process

The experimental process followed in this work (Figure 4.7) employs the
steps of the modified measurability matrix algorithm (Figure 3.3) in a closed

loop process with synthetic data to explore the impact of system parameters,

SHowever, there are more efficient connectivity algorithms for a fixed graph structure.
For example, Moore’s breadth first search algorithm [Jun99] has complexity O(|V||E])
where | E| is the number of edges in the graph. Other standard transitive closure algorithms
include Floyd-Warshall and Dijkstra [Jun99].
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Figure 4.7: Experimental Process - Measurability Verification

system errors and object shape on view plan quality. Synthetic shapes are
used primarily because they are repeatable, quantifiable and scalable. A
high density mesh such as the example at the left in Figure 4.8 serves as a
surrogate fine model. The fine model is decimated to create a rough model
at a desired lower sampling density, after which surface noise may be added.
An example coarsely-sampled, noisy rough model is shown at the right in

Figure 4.8. The rough model drives the view planning process, including
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Figure 4.8: Cavity Models

viewpoint generation, measurability estimation and NBV set determination.
Other inputs include imaging environment and model specifications. The
former defines performance models for the sensor and positioning system.
The latter specifies model quality objectives - presently in the form of the
tuple (measurement precision, sampling density). The resulting view plans
are executed against the parent fine model, closing the loop to provide verified
measurability. Measurability terms are defined in Section 3.3.2.

4.4.2 Greedy Search

In this section we show experimental results using the greedy search (GS)
set covering algorithm. The standard GS algorithm begins by computing a
figure of merit (FOM) for each non-selected viewpoint - that is, the ratio of
currently uncovered surface points covered by a candidate viewpoint to the
total currently uncovered. Then, greedy search simply selects the viewpoint
with the highest FOM.

The first experiment was conducted with a nearly planar patch (D/W =
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0.04) whose area was moderately greater than the sensor footprint (ry =
2.55). The absolute lower bound on the number of views required to cover
this patch is [ry] = 3. Visual inspection shows the real lower bound to be 4,
given the actual shape of the patch and sensor footprint. The experiment was
conducted at a low rough model relative sampling density p,., = —6.0 and
a model specification of (50 um, 2 s/mm?2) for a range camera whose best-
case performance was approximately (10 um, 10 s/mm2). Relative sampling
density p,.; is defined as the logarithm to the base two of the ratio between
the sampling density of the rough and fine models. This case illustrates a set
covering problem driven more by relative size than shape.

Figure 4.9 compares the progression of estimated measurability by the GS
algorithm with the optimal solution obtained by exhaustive search (ES). The
optimal curve represents the best achievable for any given size i of next-best-
view set :V;. We note that greedy search results compare favourably to the
optimal achievable with the current level of viewpoint space discretization
(seven views required versus six), while the computational complexities are
O(v?) and exponential, respectively’.

Figure 4.10 presents closed loop experimental results by verifying the
computed NBV set against the fine model. Estimated measurability is very
close to the verified performance, despite the low relative sampling density.
The verified measurability in this case is m, = 0.9965.

The NBV sequence generated by the GS algorithm is shown in Figure 4.13
on a parameterized plot of the optimal scanning surface in viewpoint space.

In Figures 4.13 and 4.14, u and v are translation parameters for viewpoints

7As will be discussed later, a more efficient discretization of viewpoint space will provide
a true optimum view plan length of four. Our actual view plan efficiency, then, is e, =

4/7 = 0.57.
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on the optimal scanning surface. These parameters have a direct correspon-
dence to translation on the surface patch in object surface space. The GS
set covering can be compared to the optimal set covering shown in Figure
4.14. The first six of the sequence of seven next-best-views for the GS set
covering are shown in Figures 4.11 and 4.12. Individual shaded measurability
projections are shown in the left column in sequence; composite measurabil-
ity projections on the right. The shading is white for measurable, black for
non-measurable. Other shading is an artifact of the rendering program.

The matrix of raw correlation values for the GS next-best-view set at
Figures 4.9, 4.10 and 4.13 is as follows.

— 0.326 0.097 0.097 0.326 0.226 0.387 ]
0.326 - 0 0 0 0.194 0.355
0.097 O - 0 0 0452 0O
0.097 0 0 - 0 0 0.326
0.326 0 0 0 - 0 0
0.226 0.194 0.452 0 0 — 0.065

| 0.3870.355 0 0326 0 0.065 -

-

From it we can deduce the connectivity of the registration graph G, if
various levels of registration threshold ¢, were applied post-facto. For exam-
ple, for ¢, = 0.2, the registration adjacency matrix A is as follows. Inspection
of A shows that the associated registration graph G, is connected - in this
case by statistical accident rather than by design.

[ —100111]
1-00001
00-0010
000-001
1000—-00
10100-0

| 110100 — |
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Figure 4.11: Convex Set Covering: 1-3
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Figure 4.12: Convex Set Covering: 4-6



4.4. GREEDY SEARCH SET COVERING

120

100

120

100

.

g
B
-

‘w

‘o

OfF '

Figure 4.13:

¢

‘w

A

-]

»
'w

Figure 4.14: Next-Best-View Sequence (ES)

101



102 CHAPTER 4. THEORETICAL FRAMEWORK

NBV LIST SIZE VS. REGISTRATION CONSTRAINT
14

13 /.‘
2t den_rel = -5.0 ——— /1
den’rel = 4.0 ---x--- K
1} zgm:mmcs%y FA
a Spac = (50.2) /
Z 1w} Env = (LSM.CMM) 1
> ulasm .
2 D/W = 0.04 /
ot Footprint ratio = 2.55 e e ,»/ i
[ ST TR o T UM - 4 -4
7
6 N N
0 0.t 0.2 03 0.4 0s 06
Regstration Constramnt

Figure 4.15: NBV List Size Versus Registration Constraint

4.4.3 Constrained Greedy Search

Next, we add an image-based registration constraint to the standard GS
algorithm. The NBYV is now defined as the view with the maximum FOM
that also maintains connectivity of the registration graph. This is achieved by
requiring the NBV to meet the correlation threshold (registration constraint)
with at least one member of the current NBV set.

Figure 4.15 shows NBYV list size variation with the registration constraint.
The data confirms that the number of views necessary to cover the surface
patch increases with constraint severity. While list size plateaus over some
ranges of the constraint, the composition of the NBV set and the structure of
the registration graph are evolving with the changing overlap requirement, as
can be seen from Figure 4.16. The algorithm begins to fail beyond a certain
point as the problem becomes over-constrained for the level of viewpoint
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space discretization. While this example of a moderately large and nearly
planar patch illustrates the overlap-based approximation to the registration
constraint, it is recognized that the viewpoint (image) sequence is not fully
constrained for registration purposes in the absence of greater object shape
complexity.

Figure 4.16 presents NBV positions in viewpoint space and their sequence,
overlaid with the associated registration graph G, for values of ¢, in the range
[0.1, 0.6] - that is, for an increasing overlap constraint. As the registration
constraint is slowly tightened, we can observe subtle shifts in set covering and
registration linkages. As specified, G, maintains at least simple connectivity.

The matrix of raw correlation values and corresponding registration ad-
Jacency matrix A for the constrained set covering problem at Figure 4.16(b)

for t, = 0.2 are as follows, which can be compared to the unconstrained case.

— 0.326 0.258 0.258 0.326 0.226 0.387 ]

0.326 — 0.1290.129 0 0.194 0.355
0.2580.129 — 0 0 0581 0
0.2580.129 0 -— 0 0 0.516
0.326 0 0 0 - 0 0
0.226 0.194 0.581 0 0 - 0.065
| 0.3870.355 0 0.516 0 0.065 — |
- 111111]
1-00001
10—-0010
100-001
1000—-00
10100-0
| 110100 — |

To illustrate a set covering problem driven more by shape than relative

size, Figure 4.17 presents the view plan generated for a deep cavity surface
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Figure 4.16: NBV Set Covering with Registration Graph
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patch with D/W = 0.5, ry = 0.55 and measurability matrix density =
0.637. The data is presented in extended Gaussian image (EGI) format?® to
highlight the orientation complexity of the patch. Two items are shown: the
cavity mesh as represented by the angular distribution of surface normals
and the axis component of each viewpoint in the NBV set overlaid with
the registration graph. As expected, viewpoints are located on the opposite
side of the Gaussian sphere from the mesh. To relate viewpoints to mesh
orientations, their axis vector must be negated. Thus, viewpoints 2 and 3
(with the same axis but different rotation about that axis) are aligned with
the cavity axis of symmetry while viewpoint 1 peers over the rim of the cavity

into its depths. The viewpoint geometry is illustrated in Figure 1.18.

The registration graph is fully connected for ¢, = 0.2 and the GS set
covering is optimal (m, = 1.0, e, = 1.0). Figure 4.19 shows the cavity set
covering sequence in the form of measurability projections. Again, individual
shaded measurability projections are shown in the left column; composite
measurability projections in the right. Black signifies “unmeasurable” while
white indicates “measurable”. Other shading is an artifact of the rendering
program. In this case, unmeasurable regions are due to several factors -
shadow effects or excessive incidence angles which either exceed threshold
values or cause the estimated sampling density to drop below the specified
level. This is an example of view planning influenced by a sensor model and

a reconstruction specification.

8An EGI projection maps the orientation of 3D vectors (such as surface normals and
the sensor boresight component of viewpoint orientation) to the corresponding point on
a unit sphere. While a Mcrcator projection suffers from well known distortions in the
polar regions, the projection provides a simple all-aspect presentation and the polar and

Greenich axes can be selected to minimize distortion.
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Figure 4.19: Deep Cavity Set Covering
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4.5 Summary

Experiments reported here have revealed both strengths and weaknesses of
set covering by greedy search. Two problems in particular are noteworthy.
Firstly, close examination of Figure 4.10 reveals a small residual unmeasured
region upon executing the complete NBV list. This artifact results from mi-

nor errors in surface normal estimation which translate into errors in view-
point orientation and hence sensor footprint coverage. The problem manifests

itself in small uncovered filets between verified measurability images. This
can be corrected by slightly down-sizing the sensor frustum volume used for
measurability analysis. Secondly, in the nearly planar patch example, we
note a discrepancy between the minimum number of views determined by vi-
sual inspection (4) and the optimal result (6) achieved by exhaustive search
of candidate viewpoints. This is because the candidate viewpoint set does
not optimally span viewpoint space. While these results are still quite good
for the current very low level of viewpoint space sampling (one viewpoint per
rough model vertex), there is room for further optimization. In particular,

useful trade-offs can be made between discretization levels in the orientation
and position components of viewpoint space. These observations again illus-

trate that generation of a small set of high quality candidate viewpoints is
the crux to efficiently solving the VPP. Viewpoint generation is addressed in
Chapter 6.

The classic weakness of the greedy search algorithm, its irrevocable selec-
tion strategy [TG95|, has minimal impact on many industrial and cuitural
object reconstruction applications. Frequently, the object size is comparable
to or smaller than the sensor frustum (r; < 1) and shape presents the domi-
nant view planning challenge. Cases of large r are the exception rather than

the rule. Consequently, measurability matrix density is often medium-to-high
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and solution set size is low relative to most set covering applications. In re-
construction, minor inefficiency resulting from a marginally longer NBV list
is offset by fast and robust GS set covering computation plus added coverage
insurance from redundancy. In contrast, inspection applications are generally
prepared to trade longer off-line view plan computation for improved on-line
view plan efficiency. In either case, we have presented a theoretical basis for
computing optimal view plans by means of slightly more dense sampling of
viewpoint space and more computationally intensive exact or heuristic set
covering algorithms.

For object reconstruction, we find greedy search gives good set covering
results and believe that computational resources are best allocated to quality
viewpoint generation. Phrased differently, we believe the most difficult chal-
lenge of the view planning problem is framing the problem, not solving it. By
“framing the problem” we mean determining an appropriate set of viewpoint
variables and surface constraints and computing the associated measurabil-
ity matrices. As we have shown, “solving the view planning problem” is
analogous to solving the well-known set covering problem.

In conclusion, we have expressed a theoretical framework for the view
planning problem as an integer programming problem including a registra-
tion constraint. The formulation is amenable to a variety of exact or approx-
imate solution methods, depending on application requirements. We have
also shown that good view planning results can be achieved by means of a

simple and robust greedy search set covering algorithm modified to include
a registration constraint.



Chapter 5

Sampling Object Surface Space

This chapter examines sparse sampling of object surface space with respect

to sampling density, sampling noise and surface geometry.

5.1 Fine Modeling Process

Recall that our object reconstruction concept (Figure 3.3) involves a model-
based, multi-step process of progressive refinement, separating exploration
from precision measurement. Rapid, preprogrammed scene exploration pro-
duces a polygonal mesh rough model, an approximation of object geometry.
Next, the rough model is decimated to a sampling resolution just adequate
for view planning - the level being experimentally determined. Segmentation
of the rough model may optionally be used for computational efficiency. The
rough model is then used to develop a view plan for a subsequent stage of
precision measurement in compliance with the model specification.

The current work concentrates on the fine modeling reconstruction stage
shown in more detail at Figure 5.1. The process inputs are the rough model
plus a model specification and imaging environment specification. The model

specification defines reconstruction goals (measurement precision and sam-

110
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Figure 5.1: Fine Modeling Process

pling density) as well as configurable view planning parameters. The envi-
ronment specification defines key sensor and positioning system parameters.
The main view planning tasks at this stage are to generate candidate view-
points, compute a measurability matrix and select the next-best-view list.
That view plan! is sent to the physical imaging system to be executed.

For inspection, the rough model not only exists but is defined in detail.
In object reconstruction on the other hand, we need to create a rough model

quickly without laborious on-line procedures. The issue then, is -

How rough can the rough model be for effective view planning?

!The output of the set covering operation will be a list of viewpoints, generally ordered
by imaging merit. Subsequent automation modules may chose to use that ordering, treat
the NBV list as an unordered set or re-order the list by some other criteria, such as

minimizing positioning system travel.
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5.2 Experimental Process

The closed loop experimental procedure previously described at Section 4.4.1
was used with synthetic data to explore the impact of rough model decima-
tion and sampling errors on view plan quality. A high density mesh such
as the example at the left of Figure 4.8 serves as a surrogate fine model.
The fine model is decimated to create coarse rough models at progressively
lower sampling densities, after which surface noise is added. An example of
a coarsely-sampled, noisy rough model is shown at the right in Figure 1.8.
The rough model drives the view planning process, including viewpoint gen-
eration, measurability estimation and NBYV list determination. The resulting
view plans are executed against the parent fine model, closing the loop to
provide verified measurability. The sensor model used in these experiments
was previously described at Section 3.4. Measurability terms were defined in
Section 3.3.2.

Experiments were conducted with synthetic cavity patches of various
shapes as they represent a difficult view planning challenge. Synthetic shapes
have the experimental advantage of being repeatable, quantifiable, modifi-
able and scalable. The principal input parameters are the size of the rough
model relative to the objective fine model expressed in terms of relative sam-
pling density, the level of rough model surface noise and the shape of the
target surface patch. We examine verified measurability m, achieved upon
execution of the NBV list, cumulative measurability as a function of the
number of views during the execution of the NBV list, size of the generated
NBYV list and measurability estimation error. Measurability estimation error
(the difference between estimated and verified composite measurability) is

an indicator of the reliability of the view planning process.
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5.3 Geometry and Sampling Density

In this section we examine the impact of target shape and relative sampling
density on view planning performance. Sampling density has received little
attention in the view planning literature. Tarbox [TG95] observes that “The
sampling points on the surface of the object should be sufficiently dense so
that all surface regions, particularly the difficult-to-sense regions, are repre-
sented.”. The associated sampling density analysis is restricted to grazing
angle effects.

Shadow effects in surface concavities present a major scanning problem
and view planning challenge when imaging with a bi-static sensor. The imag-
ing geometry is determined by two key parameters: the optical baseline and
the scanning range. The first is fixed while the second is variable. It is de-
sirable to minimize the latter as geometric noise increases quadratically with
range. Consequently, scans are normally taken close to the minimum range.
The sensor modeled in these experiments has an optical baseline of 180 mm
and a minimum scanning range of 142 mm - representative geometry for a
mid-performance range camera.

Experiments were conducted with a variety of cavity shapes and rough
model approximations. The optimal scanning zone viewpoint generation al-
gorithm described in Chapter 3 was used. Consequently, in these experi-
ments there is a 1:1 mapping between discretization levels in surface and
viewpoint space. A greedy search set covering algorithm was used as de-
scribed in Chapter 4. Figure 5.2 plots verified measurability as a function
of rough model to fine model relative sampling density? p,., for a cavity

target over a range of geometry expressed in terms of depth-to-width ratio

2Relative sampling density is defined as log, of the ratio between the sampling density
of the rough and fine models.
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VERIFIED MEASURABILITY vs. RELATIVE SAMPLING DENSITY
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Figure 5.2: Verified Measurability vs. Relative Sampling Density
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D/W. In general, we would expect to encounter scanning and view plan-
ning difficulty for D/W > 0.5 for a sensor with a relatively long optical
baseline such as the one modeled in these experiments. As expected, we
observe that measurability improves with increasing p, as a consequence
of a better candidate viewpoint set and higher fidelity rough model surface
representation. Further, measurability is reduced with increasing geometric
difficulty, although not always in a completely predictable fashion. Good
measurability results are achieved up to D/W = 0.7 but drop off sharply for
very deep cavities around D/W = 1.0. One anomaly we observe in this data
set is an unexpected curve crossing at low relative sampling density (Figure
5.2). This phenomena, which is validated by close inspection of the data,
is an indication of unreliable measurability prediction at very coarse rough
model representations. Several inter-related factors are at work: errors in
surface normal estimation impacting both the sampling of viewpoint space
and surface grazing angle estimation, sparse sampling of both S and V", the
spatial sampling phase and a set covering algorithm which does not presently

distinguish between the robustness of next-best-views with identical figures
of merit.

The second key performance indicator is the size of the NBV list. An ap-
proximate indicator of the number of views required for a patch is provided
by the footprint ratio [r], (Section 4.2.2). With r; = 0.55, the cavity target
used in these experiments could be measured by a single view at low D/W,
which is confirmed by the experimental data. As the cavity departs from
planarity, Figure 5.3 demonstrates that two views are soon necessary to cap-
ture the geometry. As few as three views are sufficient to measure all but the
most extreme shapes. In these experiments, NBV list size was capped at ten

views. The results show that, at very coarse relative sampling density levels,
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VERIFIED MEASURABILITY PROGRESSION BY NEXT-BEST-VIEW (den_rel « -6.0)
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VERIFIED MEASURABILITY PROGRESSION 8Y NEXT-BEST-VIEW (den_rel = -4.83)
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the 3M algorithm underestimates the number of views required. However,
beyond a shape-dependent sampling density threshold, generated view plans

Lattude (Degrees)

8 &8 & 8

8

-]

CHAPTER 5. SAMPLING OBJECT SURFACE SPACE

MESH EGI (MERCATOR PROJECTION)

.........

-

Longitude (Degrees)

50 100 150

Figure 5.8: Mesh Extended Gaussian Image

approach a stable length for near-optimal scanning.

surability with successive views from the NBYV list for various rough model
sampling densities. Viewpoints generated from the rough model are selected
by a greedy search set covering algorithm on the basis of declining utility.
Verified measurability progression is monotonic, usually but not always in de-
creasing increments due to minor errors in the prediction process. Further,
almost all feasible measurement is achieved in a very small number of views.

typically one to four for most shapes. For the deepest cavities, measurability

gains beyond this number are marginal.

Figures 5.4, 5.5, 5.6 and 5.7 show the progress of verified cumulative mea-
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Figure 5.9: NBV List Extended Gaussian Image

An Extended Gaussian Image (EGI)? view of the distribution of surface
normals for the very deep mesh (D/W = 1.0) used in the experiment at
Figure 5.7 is shown at Figure 5.8 in Mercator projection format. In the
particular test geometry examined here, we note that the mesh EGI exhibits
an uneven orientation density. The surface normal orientation distribution
for this shape falls into three distinct density zones: (1) a heavy concentration
in the center corresponding to nearly flat and low curvature areas around the
cavity rim and at its bottom, (2) another high density doughnut-shaped zone
around the periphery of the EGI plot corresponding to low curvature areas
on the cavity walls, and (3) an intervening low density zone corresponding
to high curvature regions near the cavity lip and bottom.

Figure 5.9 presents an EGI view of the axis component of the NBV view-

3See the footnote to Section 4.4.3 for a description of the EGI projection.
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Figure 5.10: Mesh and NBV List EGI

point list generated for this target. As expected, NBV list viewpoints are
situated on the opposite side of the EGI sphere to the target surface. The
NBYV list and its negative mirror image are displayed to permit correlation
with the mesh. The NBYV selection sequence illustrates how the algorithm
maximizes measurement by first taking scans from the periphery in order
to capture large surface areas near the rim. Measurement returns diminish
with subsequent viewpoints clustering about the cavity depth axis as the
algorithm attempts small gains in the furthest depths of the cavity.

In Figure 5.10, both the mesh and NBV EGI representations are overlaid,
permitting correlation of the selected views with mesh orientations, albeit
requiring a keen eye.

In summary, the relative sampling density level p,.; determines discretiza-
tion intervals in both rough model surface space and viewpoint space. In-
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creasing shape complexity demands a higher relative sampling density and
vice-versa, but the relationship in 3D space is not as simple as the conven-
tional sampling theorem for 1D communication signals. Our experiments
show that a sampling level of p,,; = —5 (i.e. about 32 times lower than
the fine model) provides good measurability prediction for concave shapes,
the most difficult scanning challenge, for scanning geometries representative
of contemporary range cameras. Lower p,. is suitable for simpler shapes.
For large nearly-planar surface patches, the sampling rate is constrained by
coverage requirernents related to the frustum cross-section, pose error consid-
erations (dealt with in the next chapter) and registration/integration overlap
requirements. For complex surface regions, the sampling rate is driven by
visibility and surface normal estimation considerations. Finally, for typical
surface patches and imaging geometries, most scanning coverage and mea-

surement is achieved with a small number of views.

5.4 Rough Model Sampling Errors

By definition, the exploratory or rough modeling process is intended to ex-
ecute quickly with limited a priori knowledge and without elaborate exper-
imental setup. Therefore, we can expect rough model surface measurement
error to be much higher than specified for the target fine model. Such er-
rors are in addition to the intentional sparse sampling at this stage of the
reconstruction process. This section addresses the impact of rough model
sampling errors on view planning performance.

Geometric sensors prefer measurement along the local surface normal.
The geometric noise component along the sensor boresight greatly exceeds
transverse measurement error. Hence we select a simple model of rough

model surface error based on a noise component along the local surface nor-
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MEASURABILITY IMPACT OF ROUGH MODEL ERROR
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Figure 5.11: Measurability Impact of Rough Model Error

mal. The modeled noise is a zero mean Gaussian process with a standard
deviation o,,, expressed as a percentage of the sensor’s minimum range. In
the present work we do not address outliers, edge effects, corner reflections
or sensor dynamic range limitations.

Two sets of experiments were conducted on a cavity test target of moder-
ately difficult shape (D/W = 0.5) for a range of relative sampling densities
using a random noise generator set at d,,, = 0.02R,in and oy, = 0.005R ;.
The first noise level is quite high (i.e. &~ 2.8mm for the sensor used in these
experiments) such that it gives the rough model a noticeably crumbled shape
(right hand figure at Figure 4.8). Figures 5.11 and 5.12 show the impact on
verified measurability and the size of the NBV list of a noisy rough model

in comparison to the noiseless case!. The noisy data is presented as average

iThe data for opm = 0.005Rmnmi, is artificially separated slightly to the right for
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Figure 5.12: NBV List Size Impact of Rough Model Error

values plus or minus one sigma standard deviation.

Contrary to what might initially be expected, we find that rough model
surface errors have a relatively minor impact on measurability. In some cases,
the input errors actually result in an improved output. The reasons for this
phenomena can be found in the impact on viewpoint generation. Random
surface errors introduce a “dithering” effect on surface normal estimation.
During the viewpoint generation process, this in turn randomizes the dis-
tribution of viewpoint positions as well as the axis component of viewpoint
orientation. The twist component of viewpoint orientation (rotation about
the camera boresight) is unchanged as it is set in reference to global shape
characteristics. The net result of modest levels of rough model surface error

is a randomized and possibly more uniform sampling of viewpoint space.

readability.
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Figure 5.13: Clean and Noisy Mesh EGIs

The axis randomization effect is illustrated in Figure 5.13 which provides
a side-by-side comparison of the EGI images of the cavity mesh used in the
rough model surface error experiments at p,.,; = —4.0. The clean cavity EGI
is presented on the left while one instance of the same mesh perturbed by
noise at 6., = 0.02R,,;, is shown on the right. A similar presentation is
contained at Figure 5.14 for o, = 0.005R,,;». The noisy cavity EGIs are
noticeably more evenly distributed.

We can conclude that reasonable rough model random surface errors have

the following effects:

e Measurability estimate uncertainty is slightly increased but average

measurability is largely unchanged.

e On average, there is a slight increase in NBV list size. This additional

scanning cost is offset by increased measurability robustness to other
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Figure 5.14: Clean and Noisy Mesh EGIs

error sources from a more extensive covering of viewpoint space.

5.5 Summary

It is instructive to examine actual versus estimated measurability perfor-
mance. Figure 5.15 shows composite measurability estimated at the rough
model viewpoint generation stage as a function of cavity shape and relative
sampling density. At the rough model level, the estimation process is quite
optimistic, predicting near perfect achievement of measurability goals for all
but the most extreme cavities. Figure 3.16 presents the actual measurability
achieved given the NBV list generated from the rough model. Notwithstand-
ing the optimistic nature of measurability estimation at the rough model
level, we note that the actual performance achieved is very good, particu-

larly for p,o; > —5. The net measurability estimation error is presented in
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Figure 5.17. The foregoing suggests that a rough model representation of
about 250 triangles will provide good view planning results for fine model
acquisition of a segment of about 8,000 triangles.

The complexity of the 3M algorithm is O(s?v), where s and v are the
sizes of the surface point and viewpoint sets, respectively. A key feature of
the algorithm is sparse sampling in surface and viewpoint spaces. The size
of the rough model is determined by segmentation of the target object into
separately-targeted surface patches and by the degree of decimation feasible
with each surface patch. The size of the rough model segment also influences
the size of the corresponding viewpoint set. The experimental results of this
section indicate that good results are achievable for a level of rough model
decimation within the desired range. We have also shown that the algorithm
is robust with respect to fairly high levels of rough model sampling error.
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Sparse sampling sharply reduces computational complexity resulting in
sufficiently fast NBV computation to make automated reconstruction using
this technique feasible. However, a sparse model also has disadvantages,

notably the following:

e The quality of surface normal estimation deteriorates with decimation
resulting in less optimum viewpoint pose (both position and orienta-

tion).

e Inaccurate surface representation with respect to viewpoints with high

grazing angles near threshold leads to measurability estimation errors.

e Fewer candidate viewpoints are generated resulting in less dense sam-
pling of viewpoint space. As the estimation process is probabilistic, the

likelihood of sampling optimum viewpoint zones is reduced.

Synthetic targets were used for the experiments reported in this paper in
order to control and measure the key variables. We are confident the sensor
model employed at section 3.4 is a satisfactory basis for performance-oriented
view planning for objects and imaging environments characterized by Lam-
bertian scattering. For objects with shiny surfaces where specular reflections
predominate, the limited dynamic range of the current generation of range
camera electro-optical detectors will necessitate addition of a material re-
flectivity component to the rough model plus more detailed modeling of the
laser source and detector.

Measurability estimates are random variables with complex statistics not

easily characterized. Experimental view planning for a cavity segment, one of
the most difficult shapes for scanning and view planning, indicates good re-
sults are achievable for a reasonable level of rough model decimation, surface

errors within expected levels and sparse sampling of viewpoint space.



Chapter 6

Sampling Viewpoint Space

This chapter examines sparse and efficient sampling of viewpoint space.

6.1 Introduction

The goal of view planning is to derive an acceptably short list of viewpoints
which collectively meet reconstruction objectives. There are several com-
peting considerations. Computational complexity demands sparse sampling.
Yet we need sufficient redundancy in the discretization scheme to provide ad-
equate overlap for image registration and integration requirements, provide
a buffer for pose error and not overly constrain the set covering operation
that follows. Candidate viewpoints should have high prospective measure-
ment quality with respect to sensor capabilities and the reconstruction model
specification. Viewpoint space should be treated as the domain of general-
ized viewpoints, each consisting of sensor pose and a set of controllable sensor
parameters. In the general case, we must be prepared for the high dimen-
sionality of viewpoint space, 6D, while catering to restrictions on degrees
of freedom for specific imaging environments. Additionally, each degree of

freedom of the positioning system and sensor will have an associated range of

129
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parameter values. As was made evident by some basic calculations in Section
3.6, brute force quantization of viewpoint variables is clearly unmanageable,
particularly considering the fairly small size of view plan that suffices for

most reconstructions. These issues raise an important question -
What is the optimal scheme for sampling viewpoint space?

We begin consideration of this question by examining conventional schemes
for discretizing viewpoint space, then present a model-based approach - the
“optimal scanning zone algorithm”. This leads to discussion of viewpoint
space sampling refinements and a second, improved viewpoint generation

scheme - the “decoupled viewpoint generation algorithm”.

6.2 Conventional Viewpoint Space Sampling
Schemes

6.2.1 The Concept of a “Viewpoint”

Before proceeding further, some subtleties in the use and meaning of the
term “viewpoint” merit elaboration. In this thesis, we consider a viewpoint
to define a 3D frustum in world space. However, most triangulation range
cameras (including the class of range camera modeled in the current work) are
actually 2D sensors. They measure depth z over a 2D fan-shaped region swept
by the laser in the sensor x-z plane. The third measurement dimension is
achieved by physically moving the sensor perpendicular to the plane of light.
This can be achieved by a sweeping motion along the camera y-axis (line-scan
mode) or rotation about an axis parallel to the camera x-axis (cylindrical-
scan mode). The geometry of a line scan range camera was illustrated at
Figure 3.7. Range data gathered in such a manner will form a “range image”
in the conventional sense - that is, a u-v grid of depth pixels.
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A different data acquisition approach is to move the sensor through an
arbitrary arc in space to collect a long swath of laser scan profiles. In general,
the motion velocity vector need not have constant speed or direction. Sensor
orientation may be constant or variable during the sweep. Lamb [LBG99] and
Soucy [SCF98] employ this range data collection mode in contour following
strategies using a CMM as the positioning system. In their setup, sensor
position could be changed readily but orientation changes were costly in
reconfiguration and recalibration time. Space carving techniques such as

Papadopoulos-Orfanos and Schmitt [POS97] acquire range data in a similar
manner.

Our use of the term *“viewpoint” follows the first of these conventions.
A viewpoint defines a single discrete position and orientation in space, with
an associated constant 3D frustum shape. In addition to pose, a generalized
viewpoint also has a set of configurable sensor parameters. We associate
“range images” with viewpoints. Range image size (number of range pixels)
is either fixed or is programmable over a narrow range of values.

A more appropriate term for the sensing operation commonly used with
contour following and space carving techniques would be a “view swath”. A
view swath has a constant 2D frustum defined in the laser scanning plane.
A view swath defines a continuous set of viewing positions and orientations
over some arc in space, in effect a collection of 2D laser profiles. Neither
the speed nor the direction of the velocity vector defining the sweep arc are
constant, in general. View swathes are associated with either a set of 2D
range profiles of arbitrary length or a 3D point cloud of arbitrary size.

The 3M view planning algorithm is designed to generate viewpoints. It
could be extended to optionally generate view swathes for a contour following
mode of operation, subject to some constraints, but that is out of scope of
the present work.
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6.2.2 Generalized Viewpoints

Most traditional view planning methods sharply constrain the dimensionality
of viewpoint space in order to limit computational complexity. Few authors
recognize the importance of sensor parameters in addition to pose. Tarabanis
[TTA95] and Pito [Pit99] are exceptions to this observation. View planning
for high performance sensors and difficult reconstruction tasks cannot ignore

configurable sensor parameters.

6.2.3 View Sphere

The most common stratagem for constraining viewpoint space V" uses a vir-
tual, object-centered “view sphere” enclosing the object ([BA96], [Con85],
[GVS98], [MF98], [MZH99], [RASI7b], [TG95|, [YHS95]). This reduces the
view planning problem (VPP) to the task of finding the best set of viewing
directions. The viewing axis of any viewpoint on the sphere is oriented to the
center of the frame of reference. Variable orientations about the viewing axis
are rarely considered. This stratagem effectively reduces the dimensionality
of V from 6D% to 2D. A number of authors go further in constraining the
problem, reducing V" to a circular 1D domain, a simplification which tends
to trivialize the problem and mask the underlying computational complexity
issues. Many authors also appear to treat triangulation-based range cameras
as mono-static devices, thus dismissing shadow-effects, an intrinsic sensor
characteristic and key aspect of realistic view planning.

A few synthesis methods ([RAS97b], [TTA95]) treat the view sphere as
a continuous domain. The majority, however, discretize the view sphere
by a variety of techniques. This includes parallels and meridians [Con85],
[ZMHN97], spherical distribution maps (SDMs) ([GVS98], [YT99], [YHS95])
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or, the most popular, a tessellated icosahedron ([MF98], [MZH99], [SNSS92],
[TG95], [TUWRY7]), [ZMH98]. While it is well known that a uniform tessel-
lation of a sphere does not exist, a tessellated icosahedron provides a close
approximation. Morooka et al [MZH99] go one step further. transforming
the geodesic tessellation to a flattened spherical array as an aid to improved
efficiency in mapping orientation to geodesic cells.

Discretization by parallels and meridians offers simplicity at the expense
of non-uniformity. A tessellated icosahedron provides an almost uniform
sub-division but, depending on how it is used, may require complex com-
putations regarding cell occupancy. The SDM approach offers intermediate
performance - fast mapping of orientations to cells with reasonable cell uni-
formity, although inferior to the tessellated icosahedron.

Visibility analysis is an essential but computationally costly component
of many view planning algorithms. Tarbox’s approach [TG95] is unique in
that viewpoint space is defined as the set of all points on the view sphere
separated by a distance equal to the sensor optical baseline. For a tessellated
icosahedron, this provides five or six orientations about the sensor boresight
per viewing axis. In Tarbox’s algorithm, view sphere vertices serve as lo-
cations for either the optical source or receiver. Ray tracing is conducted
once per vertex rather than twice per viewpoint, thus reducing the cost of
visibility analysis.

Almost all users of the view sphere strategy select a fixed stand-off dis-
tance such that the sensor frustum encloses the whole object. This may be
necessary for some conventional surface-based techniques relying on occlu-
sion edges to cue the next-best-view selection scheme. However, the strategy
fails to take into account the important dependence of sensor performance
on stand-off distance, a key feature of all triangulation-based range cam-

eras. Also, it fails completely for imaging tasks for which object size exceeds
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frustum dimensions.

The principal advantages of the view sphere technique are two-fold: a
reduction in the dimensionality of the pose component of viewpoint space
from six to two, and relatively uniform sampling of the axis component of
orientation (except for discretization by parallels and meridians). Its main
disadvantages are as follows. To the degree that object shape is not spheri-
cal, viewpoint position is non-optimal. Measurement performance is further
degraded if the view sphere radius must be set to view the entire object.
Additionally, the view sphere ties orientation to position whereas there is
more to achieving good viewing directions than merely selecting the orienta-
tion of the sensor boresight. The position from which the image is taken is
also important. Further, the view sphere approach says nothing about the
orientation of the camera around its boresight (the twist angle). For mid-to-
high performance range cameras, the optical baseline typically subtends an
angle in the range [50° — 35°] at the sensor’s optimum stand-off range. Con-
sequently, the shadow effect, a phenomena integral to triangulation-based

range cameras, is sensitive to rotation about the sensor boresight.

6.2.4 Intermediate Space

Pito [Pit99] separates visibility analysis of the object surface from that of the
sensor by casting visibility images onto a virtual intermediate space repre-
sentation, Positional Space (PS), positioned between the object’s convex hull
and the sensor. Visibility is verified by comparing the orientation of sensor
ranging rays and object observation rays as encoded with respect to the local
reference frame in Positional Space. However, PS representation is a lossy
compression of pose information in which range-related information is lost.

Stand-off range critically impacts sensor performance.
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6.2.5 Summary

In summary, most view planning techniques constrain viewpoint space to
two dimensions, a view sphere or view cylinder, and in some cases to a one
dimensional viewing circle. Viewpoint positions are constrained to this sur-
face or arc and the sensor boresight is fixed on the object center of gravity.
Orientation about the sensor boresight is fixed (excepting the approach by
Tarbox). The view sphere radius is also fixed, most commonly to a distance
ensuring visibility of the complete object. The requirement to consider gener-
alized viewpoints has not been widely recognized. The view sphere approach
is mathematically attractive and provides reasonably uniform sampling in
orientation but fails to optimize position nor to address important aspects of
orientation optimization. Finally, the practicality of matching virtual spheri-
cal viewpoint domains with the capabilities and limitations of real positioning

systems, real sensors and real objects is rarely considered.

6.3 Model-based Viewpoint Generation

6.3.1 Optimal Viewpoint Zone

A cross-section through the frustum of a range camera is illustrated in Fig-
ure 6.1. The angular field of view in the scanning plane generally lies in
the [20° — 50°] range, with 30° being representative. The best performance
(measurement precision and sampling density) is achieved along the cam-
era boresight at the minimum scanning distance R,;,. To the first order
(Chapter 3, Equations 3.3 and 3.4), depth measurement precision deterio-
rates quadratically with range and inversely in proportion to the cosine of

the grazing angle while lateral measurement precision deteriorates linearly
with range.



136 CHAPTER 6. SAMPLING VIEWPOINT SPACE

O

Minimum
Scanning
Maximum
A Scanning

Range
Camera
Frustum

Target Surface Sample

Figure 6.1: Optimal Stand-off Viewpoint

Optimal measurement precision will therefore be achieved with the cam-
era positioned at the minimum scanning range perpendicular to a targeted
surface point and oriented in opposition to the local surface normal. This
configuration ensures that both incidence and scanning angles are zero. Op-
timal rotation of the camera about the boresight will be influenced by local
shadow effect considerations. The set of all such optimal viewpoints corre-
sponding to the point-by-point dilation of object surface points along their
local surface normals forms an optimal scanning surface for the parent object.

Consequently, we are led to the concept of an optimal viewpoint zone S,
for an object as illustrated with a 2D cross section in Figure 6.2. While
it is convenient to depict the optimal viewpoint zone as a surface, in prac-
tice it designates a narrow zone with somewhat fuzzy boundaries. This is

a consequence of the non-uniform variation of measurement precision and
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Figure 6.2: Optimal Viewpoint Zone

sampling density within an image as well as trade-offs between stand-off dis-
tance, lateral displacement and grazing angle. The optimal viewpoint zone
S. is smooth and well behaved in regions corresponding to planar and con-
vex portions of the object surface. However, depending on object surface
curvature and stand-off distance, “swallow tail” effects! may occur in regions
corresponding to surface concavities. In these areas, S, may violate a colli-
sion avoidance buffer zone or even intersect the object surface or be occluded
by a portion of the object. S, undergoes non-linear and non-uniform changes
(including stretching and compression as well as possible tangent and curva-
ture reversals) and is generally not manifold. However, the local topology of

the surface remains unchanged by dilation.

1These effects are similar to those occurring with evolving wavefronts. See, for example,

the treatment of evolving interfaces by level set methods at [Set96].
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6.3.2 Optimal Scanning Zone Algorithm

The concept of an optimal viewpoint zone leads us to propose the follow-
ing near-optimal viewpoint generation scheme. As the application is high
performance object reconstruction, we assume a positioning system with six
degrees of freedom and an adequate range of motion. Mobility constraints
will be addressed later. An ideal candidate generalized viewpoint (v, \,)
is created for each surface point - specifically for each vertex of the rough
model mesh. It is convenient to consider pose orientation as the concatena-
tion of two rotations - boresight axis and rotation about the boresight axis
(twist). Thus, for view planning purposes, we use pose v = (position p, axis
@, twist t,). In our software implementation, homogeneous transforms are

used internally where appropriate.

Each rough model vertex is dilated along the local surface normal by a
stand-off distance fyR,, where f; is a stand-off adjustment factor and R, is
the optimum scanning range, usually equal to the sensor’s minimum range.
fa is an experimentally-derived constant slightly greater than one to allow for
errors in measurability estimation and sensor positioning. The dilated surface
vertex becomes the position of the corresponding candidate viewpoint. The

viewpoint’s axis is set to the negative of the dilation vector.

Setting the sensor twist orientation is less straight forward as it is in-
fluenced by shadow effects arising from object shape over a broader surface
region. As an initial approach, we attempt to set the twist angle to minimize
local shadow effects. With segmented rough models, one approach is to char-
acterize the shape of each surface patch and align the sensor baseline with

the patch’s major axis. In the unsegmented case, the twist angle is random.

Viewpoints violating the collision avoidance zone are filtered out with
the expectation that associated surface regions will be covered by adjacent
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near-optimum viewpoints on S,. Pose constraints arising from positioning
system mobility limitations are applied on a case-by-case basis. Essentially,
the optimum viewpoint will be mapped to the nearest feasible pose. The
mapping strategy must be tailored to the specific set of mobility constraints
unique to each imaging environment. Finally, configurable sensor parameters
are optimized for each candidate viewpoint, based on the model specification,
system capabilities and characterization of the rough model surface. In the
case of the line-scan range camera studied in the present work, only one
sensor parameter is configurable - scan length.

We postulate that the set of viewpoints thus generated provides a near-
optimal sampling of viewpoint space for the purpose of solving the view plan-
ning problem?. Viewpoint parameters may be optimized on a per-viewpoint
basis or on a per-patch basis. This discretization scheme reduces the dimen-
sionality of viewpoint space from 6 D* to 2D. View planning optimization is
conducted over the domain of generalized viewpoints. With a 1 : 1 corre-
spondence between surface points and candidate viewpoints, the complexity
of the optimal scanning zone algorithm for viewpoint generation is Q(s®).

Figure 6.3 summarizes the algorithm’s salient features. The rough model
is decimated to a sparse level of surface sampling as discussed in Chapter 5.
One optimal viewpoint is generated per rough model mesh vertex. Conse-
quently, there is a 1 : 1 mapping between surface point set S and viewpoint
set V. Thus, there is an equivalent sparse level of discretization in the posi-

tion component of viewpoint space, with a single orientation per viewpoint.

2Given our sensor model, individual viewpoints generated in this manner are optimal
with respect to the targeted surface point for the case of an object surface with Lambertian
scattering properties, which is the case considered in the present work. In the case of
specular surfaces, the imaging geometry is more sensitive and must take the location of

both the optical transmitter and receiver into account.
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Figure 6.3: Viewpoint Generation - Optimal Scanning Zone Algorithm

Once pose is determined, sensor parameters are optimized on a per-viewpoint

or per-segment basis. The algorithm samples a 2D subset of the 6 D% view-
point space.

6.3.3 Surface Segmentation

This section and the following two sections describe enhancements to the
basic optimal scanning zone view planning algorithm.

The portion of the surface of a 3D object covered by a given viewpoint is
limited by the size of the sensor cross-sectional footprint and by occlusion.
Clearly, large areas on the back side of the object are not visible. Visibility
analysis is the critical measurability matrix computation. Yet much analysis
is wasted on surface regions out of view. Additionally, some shapes (such
as cavities and holes) present more difficult imaging and view planning chal-
lenges than less geometrically complex regions. Consequently, an effective

complexity-reduction strategy is to manually or automatically segment the
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object surface into patches, preferably along the boundaries of major geomet-
ric features. A measurability matrix is then computed and the set covering
algorithm is run separately for each segment. The final view plan is the
concatenation of the next-best-view lists for each segment. Segmentation
amounts to a partitioning of the overall measurability matrix.

Assuming uniform segmentation into ¢ segments, the complexity of com-
puting one measurability matrix is O(s?v/c®). Then, the overall complexity
of computing the set of measurability matrices is O(s?v/c?). If we follow the
1 : 1 mapping of surface points to candidate viewpoints in accordance with
the strategy at section 6.3.2, these expressions are O(s3/c®) and O(s3/c?),
respectively.

This substantial reduction in complexity is gained at a price, however.
Visibility analysis is conducted locally with respect to the geometry of one
segment at a time. Poor segmentation may result in selection of views which
are, in fact, occluded from surface regions otherwise deemed measurable. Ad-
ditionally, the overall view plan is bound to be somewhat less efficient due to
redundant coverage of segment edges. The shape of segment boundaries also
influences set covering efficiency. Nevertheless, computational savings from
segmentation are substantial. In the inspection application case, segmenta-

tion will often be appropriate as many inspection tasks are interested in only
a portion of the object surface.

6.3.4 Single Best View

If segmentation is used, a profitable sub-strategy is to delay generating a
full slate of candidate viewpoints in favour of first attempting to find a sin-
gle viewpoint or small set of viewpoints potentially able to scan the entire
segment. We generate this candidate “single best view” set as follows.
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e Aris - Set to the reverse of the patch’s average normal.

e Position - Dilate the patch center vertex along the patch’s average

normal such that the patch falls completely within the sensor FOV.

o Tuwist - Coarsely sample twist angle with d, quantization levels. Inter-

vals of 90° may be adequate at this stage.

e Parameters - Match configurable sensor parameters, such as scan length,

to the patch geometry as observable from the candidate pose(s).

Measurability matrix columns are computed and the SCP algorithm is
run on this initial candidate viewpoint set. If successful, generation and test
of the full slate of more finely sampled candidate viewpoints is aborted. If
unsuccessful, viewpoint generation and measurability matrix computation

continues using the normal optimal scanning zone algorithm.

6.3.5 Optimal Scanning Zone Algorithm Variations

In this section, we consider two versions of the optimal scanning zone algo-
rithm with subtle variations in the details of viewpoint generation.

In the current work, two classes of range camera were modeled - the
line-scan configuration as previously described (x-axis scanned electronically,
y-axis scanned mechanically by means of sensor motion) and the random-
access configuration (both x- and y-axes scanned electronically from the same
point in space). In our implementation, the following sensor parameters
were optionally reconfigurable: field of view in the x-z plane ®, (the laser
scanning plane), field of view in the y-z plane ®, (applicable to random-
access cameras), scan length L, (applicable to line-scan cameras) and image

size (N;-by-N, range samples).
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Two variants of the optimal scanning zone algorithm were implemented.
Named the CONSTANT and VARIABLE algorithms, these differed in how
the following variables were set: stand-off distance R, twist angle ¢,, and

sensor parameters As.

CONSTANT Algorithm The stand-off distance is set to R = R, f4 as
previously described. The rotation angle t,, of the sensor about the viewing
axis is set such that the sensor optical baseline (which defines the sensor
v-axis) is aligned with the plane containing the viewpoint axis and the major
axis of the targeted surface patch. If the camera is reconfigurable, parameters
applicable to the modeled sensor class are optimized. As presently imple-
mented for the reconfigurable case, this means image size is maximized and
the applicable combination of field of view and scan length variables defining
frustum shape for that sensor class is maximized consistent with conserva-
tive tests to satisfy the specified sampling density. Variables are subject to
minimum and maximum limits contained in the imaging environment spec-
ification. If not reconfigurable, sensor parameters are set to nominal values
which are also defined in the environment specification.

The defining characteristic of the CONSTANT algorithm is that stand-off
distance and sensor parameter values are optimized once for each segmented
surface patch. Viewpoint pose (position, axis, twist angle) is optimized on a

per-viewpoint basis.

VARIABLE Algorithm The VARIABLE algorithm proceeds as above
with the following differences. First, sensor parameters are optimized on
a per-viewpoint basis. Secondly, sensor twist angle is set to maximize the
distance of the receiver position from a plane defined for the surface patch
(Figure 6.4(a)). This enhances visibility of most surface features. Thirdly,
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(b)

Figure 6.4: VARIABLE Algorithm

stand-off distance is adjusted on a per-viewpoint basis with an allowance to
observe portions of the surface patch nearer to the observer than the targeted
surface point. The rationale for this adjustment is to avoid unnecessarily clip-
ping surface regions falling into the sensor field of view due to the sensor’s
minimum range. Then, R = (R, + R,)fs4, where the stand-off adjustment
range R, is the range difference along the sensor boresight between the tar-
geted surface point and the projection onto the viewing axis of the corner of

the segment bounding box nearest to the sensor (Figure 6.4(b)).

Performance Comparison All experimental data presented in the thesis
to this point have used one of the preceding two variants of the optimal
scanning zone algorithm for viewpoint generation.

Experiments showed that the two variants had similar net performance in
terms of view plan quality and efficiency, although the VARIABLE version
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of the algorithm had a slight overall advantage. Computational efficiency
differences between the variants are of only minor concern as the crux re-
mains computation of the measurability matrix following viewpoint genera-
tion. Both versions generate the same number of candidate viewpoints.
While both versions provide good performance, a common area for im-
provement is setting the twist component of viewpoint orientation. Shadow
effects are particularly sensitive to the sensor orientation about the viewing
axis i.e. the twist angle ¢t,,. With the CONSTANT algorithm in particular,
we found we were unable to automatically characterize the major axis of
a surface feature sufficiently accurately and reliably for optimal view plan

efficiency.

6.3.6 Computational Efficiency

The Tsimshian stone mask (Figure 6.5)3 is an interesting object to illustrate
the computational efficiency of model-based view planning with a complex
physical shape. The mask is carved from stone in the form of a thick shell.
A high quality mesh model of the mask acquired by the NRC colour range
camera was decimated to a lower resolution mesh (402 vertices, 800 triangles)
and then partitioned into front and back segments. We selected the front
mesh (292 vertices, 527 triangles) as an example rough model. Contrary to
what one might conclude from a casual inspection of the segment. much of
the fine-detail shape structure is located along the rim of the mask rather
than in the face itself.

3The Tsimshian stone mask is regarded as one of the masterpieces of northwest coast
art in the collection of the Canadian Museum of Civilization ( VII-C-329). It was collected
at the Tsimshian village of Kitkatla on the northwest coast in 1879 by I.W. Powell.
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Figure 6.5: Tsimshian Stone Mask

An Extended Gaussian Image (EGI)* view of the front segment (Figure
6.6) shows mesh vertex normals to be widely distributed in direction, even
though the segment pertains mainly to the front of the mask. For this ex-
ample, the imaging environment was specified as a line-scan range camera
with an error-free positioning system. The range camera was modeled on a
specific commercial sensor (®, = 27°,b = 180mm, Rpin = 142mm, Rper =

407mm, L = 300mm, N, = N, = 256). The reconstruction specifi-
Y(Maz) y

cation called for a precision of 50 um and sampling density of 2 s/mm?2.

iSee the footnote to Section 4.4.3 for a description of the EGI projection.
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Figure 6.6: Tsimshian Stone Mask Mesh EGI

While the broad shape characteristics of the object are clear, it is not imme-
diately obvious to a human operator what sequence of views would efficiently
cover the object completely, vet alone fully satisfy the performance-oriented
reconstruction objective.

Viewpoints were generated with the VARIABLE algorithm. Using a con-
strained greedy search set covering algorithm with a registration constraint
of t, = 0.1, the 3M view planning algorithm produced a view plan completely
measuring the segment with 13 views. The view plan is shown in the EGI
projection of the negative of viewpoint axes at Figure 6.7 to allow direct
correlation with the mesh. The four left-most viewpoints in the EGI plot at
Figure 6.7 cover the center of the face and the two cheeks - a gently curved
region of large surface area but modest vertex density. The remaining seven

viewpoints show the algorithm concentrating on the more geometrically com-
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Figure 6.7: Tsimshian Stone Mask NBV List (Negative) EGI

plex regions behind the ears, along the rim of the mask, the forehead and
underneath the chin.

Computing the measurability matrix took 63.2 minutes on a 150 MHz
SGI O2 IP32 processor with 128 MBytes of main memory. The greedy search
set covering operation required approximately one second. The size of the
measurability matrix was 292 surface points by 296 viewpoints®.

In a separate experiment, we show the verified set covering of the view
plan computed for the rear segment of the mask at Figures 6.8 and 6.9. The
view plan for the rear segment consists of five views. As before, individ-
ual shaded measurability projections are shown on the left while cumulative

measurability projections are shown on the right. The view plan achieves

5The additional four viewpoints were the “single best view” set.
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a verified measurability of m, = 0.97, measuring all surface points within
specification excepting a few spots on the steep side walls of the mask cavity.

The 3M algorithm was coded in C++ with a structure and coding style
intended for a robust and flexible research platform. A conservative estimate
of speed-up possible through code optimization would be a factor of two.
CPU speeds continue to advance rapidly. At the time of writing, 1.5 GHz
CPUs are commonly available at consumer prices. Current parallel com-
puting technology allows construction of powerful low cost clusters of 20 or
more CPUs. Experiments in our laboratory [LGGO1] on parallelization of
the related registration problem have shown linear speed-up for a cluster of
40 processors. Thus, a conservative estimate of the potential speed-up with
currently available, low cost computing and networking technology is a fac-
tor of 2 x 10 x 20 = 400. Such a configuration would produce a view plan
for the example problem in about 10 seconds or, alternatively, create a view
plan for a mesh segment of size s = 2100 within our target time limit of one
hour. These figures show that our algorithm will achieve the stated compu-
tational efficiency goals with currently available, low cost parallel computing
technology.

6.3.7 Summary

The algorithm guarantees that the position and viewing axis of each candi-
date viewpoint is optimum for its targeted surface point. Additionally, the
viewpoint is nearly optimum for an area around the targeted surface point
and will provide specification-compliant measurements over some broader
surface region. Setting of the viewpoint twist angle is reasonably good but
could be improved. Improvements will require either improved rough model

surface characterization (difficult) or more fine-grained sampling of the twist
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Figure 6.8: Tsimshian Stone Mask Set Covering - Back (1-3)
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Figure 6.9: Tsimshian Stone Mask Set Covering - Back (4-3)
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rotation angle.

One counter-argument to the proposed strategy is that there are benefits
in some circumstances to placing the sensor in the “far field” region. Specif-
ically, the triangulation angle between receive and transmit rays decreases
with increasing stand-off distance. In theory, this improves the sensor’s abil-
ity to observe the interior of deep cavities. In practice, however, improved
visibility is gained at the expense of a larger stand-off distance and some-
times more acute incidence angles over the regions of greatest interest, both
of which degrade measurability. With a judicious choice of stand-off adjust-
ment factor f4, we conclude that the proposed viewpoint generation scheme
is near-optimal. Nevertheless, it is amenable to further refinement.

In a somewhat similar approach, Prieto [PRBL99] synthesizes optimum
viewpoints for an inspection application. Surface normals are first computed
from NURB surfaces in the CAD model. If not occluded from the targeted
surface patch, the viewpoint is set along the surface normal at the optimum
stand-off distance, else it is moved until visibility is achieved at a minimal
grazing angle. It is unclear from the work whether the bi-static nature of the
range camera and therefore shadow effects are considered.

The contour following approach of Lamb [LBG99] implements a set of
semi-automated contour following modes of operation in which sensor pose
is subject to a number of constraints. These include maintaining a stand-
off distance such that the surface lies within a high accuracy zone in the
center of the sensor depth of field (DOF), scanning perpendicularly to the
surface and minimizing the number of orientation changes. In general, these
are mutually exclusive constraints. Swathes are limited in extent to regions
over which the stand-off and grazing angle constraints are met within some
tolerance. Soucy’s contour following approach [SCF98] is somewhat similar.

Both schemes generate view swathes rather than discrete viewpoints.
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The distinguishing characteristic of our viewpoint generation approach is
that it is performance-oriented - that is, based on sensor performance models

and quantified measurement performance objectives.

6.4 Viewpoint Space Discretization Strategy
Refinement

This section examines refinements to the strategy for discretizing viewpoint
space. We begin by developing a simplified model for viewpoint correlation
and then examine trade-offs in sampling the position and orientation com-
ponents of viewpoint pose. With this background, we then present a new
viewpoint generation algorithm - the DECOUPLED algorithm.

6.4.1 Simplified Viewpoint Correlation Model

Viewpoint correlation was defined in Chapter 4 at Equation 4.1. We also
examined viewpoint correlation for some simple object shapes in Section
4.2.3. We observed that neighbouring viewpoints are highly correlated and
that correlation falls off with displacement and is modified by surface shape.

For efficient viewpoint generation, we need some rules of thumb for spatial
sampling rates in viewpoint space. With this purpose in mind, it is useful
to develop a simple viewpoint correlation model with respect to translation
in the optimal scanning zone. We show the geometry of such a model at
Figure 6.10. Here, we consider an optimized frustum shape which is square
in cross-section. We also simplify the model to image a planar target and

consider frustum overlap area as the major factor in viewpoint correlation.

We define the sensor cross-section f, as f, = /F, where F, is the sensor cross-

section area or footprint at the optimal stand-off distance (Section 4.2.2). If
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Figure 6.10: Simplified Viewpoint Correlation Model

a viewpoint is off-set a distance d at a random angle 3, then the relative

overlap area A, = A/f,2 is

(fs — Idzl)(fs - Id!II)
fs?

A =

d?

= 1-2(ca +1s8) + 3icosp) (6.1)

for d < f,. As B is a uniform random variable over [x, —7], E[|CS|] =

E[|SB|] = 2/7 and E[|CBSB|] = 1/m. Then, the average relative overlap
area is

4d 1, d
g, =1— ==+ =(=)% 6.2
u"’lrc‘ 7rf3 Tl'( 3) ( )
Figure 6.11 shows we can simplify the relationship further by the approx-

imation
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Figure 6.11: Correlation Approximation

d
”-"rel ~ 1 -_ E (6.3)
for d < f,, which fits with intuition. In our simplified model of viewpoint
correlation, average A,.; is a suitable approximation for viewpoint correla-

tion over translation in the optimal scanning zone S,%. Therefore, we can

approximate viewpoint correlation o, by

o, = l—i,d<f,

s

= 0.d> f,. (6.4)

%It is important to note that measures of distance and area in this simplified formulation

are indirect measurements referenced back to the rough model.
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To illustrate the suitability of this simple model, we show profiles through
the correlation data presented earlier at Figures 4.3 and 4.4. Figure 6.12 is
a profile through the correlation surface” for the cavity target shown at Fig-
ure 4.4 for translation parameter v = 8. Similarly, Figure 6.13 is a profile
through the correlation surface for the slightly convex target shown at Figure
4.3 for translation parameter v = 4. These figures show that the approxi-
mation is good for nearly planar targets but rather crude for more complex
shapes. Nevertheless, we find that it is adequate to develop rules of thumb
for viewpoint space sampling.

Assuming an even distribution of viewpoint positions on the optimal scan-

ning zone S,, the positional density of viewpoints p, can be expressed as

Pv = 3 (6.5)

where d is the inter-viewpoint spacing on S,, referenced back to measurement
between the corresponding vertices of the rough model®. Substituting the
value of d in Equation 6.5 into the expression for viewpoint correlation o, at
Equation 6.4 we get the following relationship between viewpoint correlation

and viewpoint sampling density over S,:

1
Sy~

"Recall that the correlation surface was computed as the viewpoint correlation relative

Oy =

to the center vertex of the surface patch as a function of translation parameters u and v
on the optimal scanning surface. A correlation profile is a slice through the correlation

surface for a fixed translation parameter, in this case the parameter v.

81t is convenient to reference distances in viewpoint space back to the object surface

as viewpoints are generated directly from the rough model.
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Figure 6.14: Correlation Versus Viewpoint Density

- 1
Vjspv

= 1- (6.6)
Vjo

Then,

fo (6.7)

T (1 —0,)?

The relationship is plotted at Figure 6.14. The units of p, are viewpoints
per unit area, where area is referenced back to the rough model. f, = F,p, is
the over-sampling rate with respect to the position component of viewpoint
space and is unit-less. For example, f, = 4 provides a 50% overlap and an
average viewpoint correlation of approximately 50%. Because of the many
simplifying assumptions in the underlying models, Equation 6.6 and Figure
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6.14 should not be taken too literally. Nevertheless, they provide useful
insights into the relationship between the degree of oversampling in viewpoint
space and viewpoint correlation. Our experiments show that, as a rule of
thumb, a value of viewpoint correlation o, = 0.75 which corresponds to an
over-sampling rate of f, = 16 is a good initial choice, subject to fine tuning
depending on the reconstruction problem. Also note that the relationship
between viewpoint correlation and sampling density involves only translation
over the optimal scanning zone S,. Oversampling in viewpoint orientation
is a different matter.

6.4.2 Position-Orientation Tradeoffs

In Section 6.3 we introduced a viewpoint generation scheme based on an
optimal viewpoint zone S, tied to a rough model of the object. It was pos-
tulated that the set of viewpoints thus generated provides a near-optimal
sampling of viewpoint space for the purposes of solving the view planning
problem. With a one-to-one correspondence between surface points and can-
didate viewpoints, the complexity of generating the measurability matrix
without segmentation became O(s®).

It is useful to consider decoupling the discretization scheme in surface
space S and viewpoint space V. In creating the rough model, the mesh has
been progressively decimated to a level of geometric resolution just satis-
factory for model-based view planning [SRROlc]. The decimation process
concentrates vertex resources in regions of high curvature, an attribute de-
sireable both for conserving shape fidelity and for viewpoint generation. The
level of surface space discretization is driven primarily by the shape fidelity
necessary for surface normal estimation and for visibility determination.

In discretizing viewpoint space, there are useful trade-offs between quan-

tization levels in the position and orientation components of sensor pose.
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This should allow a degree of decoupling between discretization levels in
surface space and viewpoint space. While viewpoint correlation is strongly
influenced by object shape, it is evident that there is a great deal of redun-
dancy in viewpoint space. The degree of viewpoint correlation suggests we
can afford a further sub-sampling of V' by an additional decimation factor d,
- that is, reduce v to s/d,.

A further issue to be considered is minimization of shadow effects which
are sensitive to sensor twist orientation. An example is an elongated cavity
feature. Experiments have shown that it is difficult to characterize such
features sufficiently reliably and accurately to automatically set the twist
orientation component. Pending development of sufficiently reliable surface
segmentation and feature characterization algorithms, it will be necessary to
separately discretize twist rotation. The number of quantization intervals
d, is to be experimentally determined. This has the effect of increasing the
dimensionality of candidate viewpoint space from two to three. Combining

this revised viewpoint space sampling strategy with segmentation, the overall
eye . . . 3
measurability matrix complexity is 0(221?1:).

As we wish to maintain a robust but efficient level of viewpoint corre-
lation, it is useful to develop rules of thumb for the degree of sub-sampling
possible. In Chapter 4 we noted that the minimum number of viewpoints re-
quired for a complete set covering is defined by the footprint ratio ry = F,/F,,
the ratio of the patch and sensor footprints. For a given viewpoint oversam-
pling rate f,, the number of viewpoints required is approximately f,r;. If we

wish to consider a number of viewpoints v less than s, then we need

v 2> fory (6.8)

viewpoints. For a further decimation of the rough model by the decimation



6.4. VIEWPOINT SPACE DISCRETIZATION STRATEGY REFINEMENT161

ratio d,, where

dy = -, (6.9)
then we need

S

d" —>. forf’ (6’10)

For a segmented patch rather than a closed model surface, it is necessary to
deal with edge effects, in which case the following is a better measure of the

decimation ratio d, than Equation 6.9

_ sy
R e

Consequently, for a given viewpoint oversampling ratio f,. we have an ap-

(6.11)

proximate limit on the viewpoint decimation ratio of

<.
forf

Similarly, for a given viewpoint decimation ratio d,, the viewpoint oversam-

(6.12)

pling rate is approximately

s

for= d,,rf'

(6.13)

6.4.3 Decoupled Algorithm

The DECOUPLED algorithm (Figure 6.15) first decouples the level of view-
point position discretization from the level of rough model surface discretiza-
tion. It then further decouples the level of twist orientation discretization

from the number of viewpoint positions.
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Figure 6.15: Viewpoint generation - Decoupled Algorithm

The essence of the DECOUPLED algorithm, then, is further decimation
of the already coarse rough model for the purpose of efficient viewpoint gen-
eration. We now employ two rough model versions - one for representing
surface geometry and the other for viewpoint generation. The original rough
model RM, is unchanged from our previous definition. It remains the basis
of sampling object surface space and is tied to rows in the measurability
matrix. RM, is further decimated to create RM, which becomes the basis

for viewpoint generation and relates to columns in the measurability matrix.

The strategy maintains the original coarse rough model sampling in RM,
at a level of shape fidelity sufficient for visibility analysis and surface normal
estimation. Very sparse sampling in the position component of viewpoint
space in RM, reduces viewpoint correlation to a more efficient level while

increased sampling of the twist component of orientation is more robust with
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respect to object shape complexity and to shadow effects®.

To evaluate the DECOUPLED view planning strategy, a series of ex-
periments were conducted on the slightly convex target used previously in
Chapter 4. View planning performance data using the VARIABLE algorithm
for that target was shown in Chapter 4, Section 4.4.2 at Figures (4.9-4.14).
Experimental data on the same target using the DECOUPLED algorithm is
reported at Table 6.1. Here, d;/d, is a measure of the relative complexity
of the DECOUPLED versus the VARIABLE algorithms; ng.,, is the most
efficient view plan length for the candidate viewpoint set as found by exhaus-
tive search; and n is the view plan length with the greedy search algorithm.
Recall from Chapter 4 that the optimum view plan length for this target is
nop: = 4, as determined by inspection. Additionally, greedy search with the
VARIABLE algorithm gave a view plan of length n = 7 while exhaustive
search on the same candidate viewpoint set gave a best view plan length of
Ngest = 6.

It is interesting to apply expressions derived from the simplified correla-
tion model to the two data sets presented at Table 6.1. With a footprint ratio
ry = 2.55, sensor footprint F, = 2f;R,T®,L, = 6145.03 and rough model
size s = 289, we get the values for over-sampling rate f,, average viewpoint
correlation o, and viewpoint positional density p, as shown in Table 6.3.

The DECOUPLED experimental data is summarized at Table 6.2 and
Figure 6.16, where we have averaged the raw performance data. We note
that the DECOUPLED algorithm achieves optimum view planning efficiency
for this data set with a value of relative complexity d;/d, in the range [0 — 1].

9Note that some range scanners seek to achieve these goals by using multiple receive
heads (usually two) for a single laser head. Such a configuration amounts to multiple

sampling of viewpoint space in twist angle for a single physical sensor pose.
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dy | dy | de/ dy | logy(de/ dy) | Ot Ngest | B | Nopt/ NBest | NOpe/ N
4 1 1/4 -2 360° 6 8 | 0.67 0.5
4 2 1/2 -1 180° 6 8 |1 0.67 0.5
4 4 1 0 90° S 5 (0.8 0.8
4 8 2 1 45° 4 5110 0.8
4 16 | 4 2 22.5° 4 6|10 0.67
4 32| 8 3 11.25° | 4 6|10 0.67
16 | 1 1/16 -4 360° 6 9 | 0.67 0.44
16 | 2 1/8 -3 180° 6 9 | 0.67 0.44
16 | 4 1/4 -2 90° 6 8 | 0.67 0.5
16 | 8 1/2 -1 45° 4 511.0 0.8
16161 0 22.5° 4 511.0 0.8
16 | 32 | 2 1 11.25° | 4 51|10 0.8

Table 6.1: View Plan Efficiency - Decoupled Algorithm - Convex Patch

logz(dt/ d;) nOpt/ TtBest | Opt /n
-4 0.67 0.44

-3 0.67 0.44

-2 0.67 0.5

-1 0.8 0.62

0 0.88 0.8

1 1.0 0.8

2 1.0 0.67

3 1.0 0.67

Table 6.2: Relative View Plan Efficiency - Decoupled Algorithm - Convex
Patch



6.5. CONCLUSIONS 165

IData set [ d, | fo logy fo | ov Py

1 28.3 | 4.82 0.81 | 0.0046
2 16 | 7.08 | 2.82 0.62 | 0.0012

SN

Table 6.3: Viewpoint Sampling Parameters - Decoupled Algorithm - Convex
Patch

At these decimation levels in viewpoint position and twist angle, the com-
plexity of the DECOUPLED and VARIABLE algorithms is nearly identical,
yet performance has improved. The data suggests that the DECOUPLED
algorithm will give good results with a viewpoint decimation factor d, of
about [4 — 8] and twist decimation factor d, of about 8 — 16, that is to say

twist increments of about 43° — 22.5°.

6.5 Conclusions

In this chapter, we have presented the concept of model-based viewpoint gen-
eration and the optimal scanning zone S,. Based on that concept, we pre-
sented two near-optimal viewpoint generation algorithms - the “optimal scan-
ning zone” and the “decoupled” algorithms. The DECOUPLED algorithm
was shown to have comparable computational complexity but improved per-
formance and robustness to object shape complexity. By exploiting knowl-
edge of the sensor and the approximate object geometry as represented by the
rough model, we are able to generate viewpoints which are individually opti-
mal, and collectively near-optimal. We examined the issue of over-sampling
in viewpoint space through the means of a simplified viewpoint correlation
model which permitted formulation of some rough rules of thumb for view-
point sampling.
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Figure 6.16: View Plan Efficiency - Decoupled Algorithm

With respect to efficiency, we note that the algorithm is inherently par-
allelizable. For the inspection application, the measurability matrix can be
computed once off-line and inspection plans generated on-line. For object
reconstruction, a combination of sparse sampling in object and viewpoint
space, segmentation, parallelization of measurability matrix computations,
and a greedy search set covering algorithm combine to offer good view plan-

ning performance within acceptable time limits for industrial applications.

Accuracy and robustness have been addressed by several measures. Firstly,
the method includes a comprehensive model of sensor performance, includ-
ing the most important error mechanisms. Sampling of object surface space
and viewpoint space is sparse yet robust to errors. Greedy search provides a
simple and robust set covering algorithm.

Aspects of view planning which are missing from the current work are
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the ability to deal with specular surfaces or other artifacts such as corner
reflections, geometric and reflectance edge effects. These aspects are in the
category of future work and require a more sophisticated model of sensor

dynamic range and revised viewpoint generation and evaluation strategies.



Chapter 7

View Planning with Pose
Uncertainty

This chapter examines the impact of pose error on view planning perfor-

mance. View planning counter-measures are presented.

7.1 Introduction

We examine the effects on a single planned view of pose error resulting from
positioning system inaccuracies. While the focus of the current work is on
model building, the analysis is equally applicable to the inspection applica-
tion. The performance of the positioning system impacts the view planning
process, regardless of whether a traditional or performance-oriented view
planning algorithm is utilized. For the purposes of this analysis, pose er-
rors are broken down into position error, sensor boresight pointing error
(axis error) and rotation error about the sensor boresight (twist error). For
each error type, we examine its impact on measurement precision, sampling
density, visibility and frustum occupancy. Pose error effects are analyzed
in detail for one specific, common sensor configuration, the line-scan range

camera. Results are generalizable to other range camera geometries. Input

168
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Figure 7.1: The Geometric Imaging Environment

and output parameters in the problem description are normalized and the

results quantified, where possible.

An outline of the analysis is as follows. We begin in section 7.2 by defining
performance criteria, briefly examine the overall effect of pose error on view
planning, provide an overview of positioning systems, define a simple pose
error model and define sensor geometry. Section 7.3 outlines the analysis
methodology, summarizes results in tabular and graphical form, analyses
the issues and discusses means to mitigate the effects of pose error on view
planning. Mathematical details are contained in Appendix C. A summary

and conclusions are presented in Section 7.4.

It is anticipated that the analysis may benefit imaging system design
(specifying compatible sensor and positioning system performance) and view

planning algorithm design (compensating for positioning system inaccuracy).



170 CHAPTER 7. VIEW PLANNING WITH POSE UNCERTAINTY

7.2 The View Planning Context

7.2.1 Performance Criteria

Performance-oriented view planning incorporates two inputs not found in
traditional view planning approaches - a model specification and an imaging
environment specification. The model specification defines reconstruction
goals, such as measurement precision and sampling density, which may be
fixed or variable over the object surface. The imaging environment specifi-
cation defines key sensor and positioning system model parameters.

As noted in Section 3.3, for a surface point to be declared measurable, all
model specification requirements must be met at that surface point for that

viewpoint. Specifically, the following tests must be passed:

e frustum occupancy - the surface point must fall within the sensor frus-
tum for that viewpoint,

e uisibility - the surface point must be locally visible from the optical

source and receiver positions defined by that viewpoint, and

e sampling precision and density - the estimated sampling precision and
sampling density at the surface point for that viewpoint must meet the
specified requirements.

7.2.2 Pose Uncertainty Effects

Unfortunately, positioning system errors negatively impact all of these re-
quirements. View planning is a computationally-intensive task with the
objective of arriving at a small set of optimal or near-optimal viewpoints,
the next-best-view (NBV) list. When the NBV list is sent to a positioning
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Figure 7.2: View Planning with Pose Uncertainty

system whose position and orientation accuracy is inferior to that of the sen-
sor, the coverage of individual viewpoints and of the NBV list as a whole
is compromised. Individual viewpoint positions and orientations are cor-
rupted. Orientation error is particularly troublesome as effects are amplified
by range. As illustrated in Figure 7.2, image coverage (frustum occupancy),
measurement precision and sampling density will all be effected. Visibility

can also be effected by the altered viewing geometry.

We can recover a refined pose estimate post-facto by employing suitable
registration techniques and subsequently re-estimate measurement quality
within the acquired image. However, we are still left with data acquisition
differing from that which had been planned. As pose error deteriorates, the
computationally intensive view planning phase is progressively compromised
- ultimately to be rendered futile. Consequently, there is a need to make the
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view planning process robust with respect to pose uncertainty resulting from
positioning system errors.

Before we can devise compensatory measures, it is necessary to quan-
tify and qualify the various effects. We begin our analysis by presenting a

generalized model for positioning system error.

7.2.3 Positioning Systems

A variety of positioning systems are in common usage, covering a wide range
of accuracy. These include co-ordinate measuring machines (CMMs), trans-
lation stages, turntables and other rotary joints as well as robot arms and
similar devices!. At the top end, CMMs offer accuracy superior to the best
range camera. At the other extreme, robot arms and similar devices provide

good repeatability but comparatively poor accuracy relative to high quality
range cameras.

In addition to positioning and orienting the sensor in space, positioning
systems are often used to provide one dimension of the sensor scan. For ex-
ample, a laser scan in the camera x-z plane may be swept along the camera
y-axis (line-scan mode) or rotated about an axis parallel to the camera x-
axis (cylindrical-scan mode). In such cases, positioning system performance
directly effects not only what is scanned (by setting the camera pose) but
also the quality of measurement within the range image (by the degree of
mechanical jitter). For the present work, we assume that optical and me-
chanical system components have compatible performance at the image pixel

level and restrict our examination to the effects of pose error on overall image

coverage and measurement quality.

A good tutorial on positioning system error mechanisms can be found at [New00].
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7.2.4 Positioning System Error Model

In general, it is difficult to characterize the accuracy of positioning systems
with multiple degrees of freedom [SW92], [STS92|, [CMKD96]. Accuracy
can also be highly variable over the movement envelope for a given machine.
For the purposes of analysis, therefore, we adopt the following simplified but
general purpose pose error model. First, we assume that calibration has
identified, measured and removed from further consideration all systematic
error components, leaving only the residual stochastic errors.

Errors in sensor position, boresight axis and rotation about the bore-
sight (twist) are considered to be independent random processes. Position
error is modeled as a zero-mean Gaussian process with standard deviation
o, uniformly distributed in off-set direction. Axis error is modeled by a
unit vector uniformly distributed on the surface of a cone centered on the
camera boresight where the cone half-angle is a zero-mean Gaussian process
with standard deviation o,. Twist error is modeled as a zero-mean Gaus-
sian process with standard deviation o,. In order to gain an appreciation of
the mechanisms involved and their relative importance, we will separately
examine each pose error effect in isolation.

While the model just described is a suitable general purpose framework
for analyzing the effects of positioning system error, in practice it will be
necessary to develop and apply a specific error model tailored to the type,
configuration and movement envelope of each unique positioning system in

actual usage.

7.2.5 Range Camera Geometry

To illustrate pose error effects, we examine the case of a line-scan range cam-

era, a common configuration whose imaging geometry was previously shown
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Position | Axis | Twist

Measurement Precision | - - -
Sampling Density - - -
Visibility - - -
Frustum Occupancy - - -

Table 7.1: Pose Error Effects

at Figure 3.7. Variables were defined in Section 3.4.1. A line-scan range
camera takes range measurements by sweeping the laser in the camera x-z
plane. The entire camera is then mechanically swept along the camera y-axis
for a specified distance. Pose error effects with other imaging configurations
depend on the measurement geometry but are similar to those presented here

for the line-scan range camera case.

7.3 Pose Error with a Single View

This section analyzes the effects of pose error on a single view (Figure 7.3).
We separately consider errors in position and orientation (camera axis and
twist about the camera axis). For each of these, we examine the impact on
measurement precision, sampling density, visibility and frustum occupancy
to complete a table of pose error effects as illustrated at Table 7.1. Results

are summarized at the end of the section.

7.3.1 Performance Models

We begin by defining models for relative measurement precision, sampling

density and frustum occupancy. Visibility will be addressed in the next
section.
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Measurement Precision
In Section 3.4.2 and Equation 3.4, we derived the following model of sensor

measurement precision 6. -

=T cosOyz U,-(Oy, - tyz) U,(O z t::z) ) )

In the foregoing, the x,y,z axes define the sensor coordinate frame, 6.. and
8, are the inclination angles of the surface element with respect to the laser
in the x-z and y-z planes, t.. and ¢,. are inclination angle thresholds, U;(8) is
the inverse unit step function and C. is the z-axis geometric noise coefficient

derived from sensor calibration.
An inherent feature of optimal candidate viewpoint generation is that
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inclination angles are zero for the targeted surface point and are small for
its immediate surrounding region. Additionally, the level of pose error un-
der consideration results in only small perturbations to observed inclination
angles. Therefore, we are justified in removing inclination angle threshold
effects from Equation 7.1 to get the following simplified expression for the
standard deviation of the estimated geometric noise component along the
sensor z-axis:

C.z?

cos 8,

6. = (7.2)

To consider the relative impact of pose error on measurement precision,
it is convenient to define relative precision P,.; as the ratio of estimated
precision in the case of pose error to estimated precision in the error-free

case. Then,

O -
Py=— (7.3)
G2
which reduces to
2% cos ¢',; _
P = 52 (/ ~4)
Z'* cos b,

where 2z’ and ¢, are the range and y-z incidence angle as perturbed by pose
error.

Sampling Density

In Section 3.4.3 and Equation 3.8, we derived the following model of sampling
density p,:
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(Nz — 1)3(N, — 1)2C?0..C?8,,
R..2®.*(N, — 1)2C?0,. + L% (N, — 1)2C?0,.’

~
p,_.
z

Here, image size is N;-by-N, samples, ®; is the sensor field of view in the
scanning plane, R;. is the slant range, L, is the linear scan length in the y-z
plane, ¢;. is the instantaneous laser scan angle in the x-z plane, and .. and
0,- are the inclination angles in the x-z and y-z planes. As noted previously,
we adopt the abbreviated notation C8 = cos @ for simplicity.

In most cases, Equation 7.5 can be simplified for symmetric range images

by setting .V = N; = N,, giving

I-) — (ZV — 1)2020:::020y:
© R;.2®.%C%,. + L,’C?6,.

(7.6)

Further, a well-designed viewpoint will set §z = §y for the optimal sam-
pling geometry. This sets stand-off range z = f4R, (where R, is the optimum
sensor scanning range and fy4 is a stand-off distance factor f; =1+46,d < 1),
scanning angle ¢.. = 0 and inclination angles .. = 6,. = 0. This is achieved
by adjusting the linear scan length L, such that L, = f;R,®.. Consequently,

for an optimized viewpoint, Equation 7.6 becomes

- __ (-/V — 1)2C2ozzC20y:
Pz = (brz[R:22C20yz + fdzRozczgz:] ’

(7.7)

As before, to consider the relative impact of the position component of
pose error on sampling density, it is convenient to define relative sampling

density D, as

Pz -
Dr = — . 7.8
el p ( )
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Then,

C?*'..C*¢,. R..’C?8,. + fi*R,*C?0,.
C?0:.C*0,. R.*C?,.+ [{R,2C?',.’

Dy = (7.9)

Frustum Occupancy

Frustum Erosion As illustrated in Figure 7.4, pose uncertainty reduces
the portion of the frustum that will confidently image a given spatial vol-
ume. Conversely, if we consider the frustum as a spatial probability density
function (pdf) representing the probability of the sensor sampling a given
spatial region, then positioning system uncertainty has the effect of blurring
the otherwise crisp pdf shape and narrowing the high confidence sampling
zone. The actual frustum remains unchanged, of course. Pose position error
impacts both the effective depth of field (DOF) and effective field of view
(FOV). Pointing uncertainty mainly impacts the effective field of view. Twist
error only impacts the effective field of view.

Frustum erosion effects are non-linear and involve interaction between the
frustum shape (related to sensor type) and positioning system characteristics.

The illustration at Figure 7.4 depicts a line-scan range camera in a robotic
“eye-in-hand” configuration. Each imaging environment is unique and must
be separately modeled. However, all share the common characteristic of

erosion of the frustum confidence zone.

Field of View Erosion We define a viewpoint’s targeted footprint TF as
the frustum cross-sectional area at the stand-off range for that viewpoint.
The sensor footprint remains unchanged with viewpoint perturbation but
pose error will cause it to cover some unplanned regions while losing some

planned coverage. The unplanned coverage gain is of no direct benefit in
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Figure 7.4: Frustum Erosion with Pose Uncertainty

planning a single view while the unplanned coverage loss erodes view planning
effectiveness. Thus, for view planning purposes, pose error always reduces
and never increases effective coverage.

For a line-scan sensor, the targeted footprint is

TF = (2fsR,T®;) (L,) (7.10)
N r— o
width length
where ®; = /2, that is - half the field of view in the x-z plane.
To consider the relative impact of the position component of pose error on

effective frustum field of view., it is convenient to define the relative targeted
footprint TF,,; as

TF'
TF

TF,y = (7.11)
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where T F” is the portion of the sensor footprint disturbed by pose error which

overlaps the targeted footprint.

Depth of Field Erosion In considering depth of field, for all practical
purposes, only erosion of the effective near-field range limit is of concern.
For optimum measurement performance, the stand-off range is set at z =
faRo = fqRmin. Pose error will result in erosion whenever the z-component
of frustum change d. > (f4—1)R,. Therefore, the statistic of interest relative

to depth of field erosion is the probability P[é. > (fs — 1)R,].

7.3.2 Analysis Methodology

Briefly, the methodology used in the analysis is as follows. The effect of each
type of pose error on each performance criteria (precision, sampling density,
visibility and frustum occupancy) is separately studied. Performance in the
presence of pose error is normalized to that for the error-free case. In each
case, the analysis begins by applying error effects to the models for estimation
of measurement precision, sampling density and sensor coverage, as defined in
the previous section. Next, the statistics of key functions of the underlying
random variables are computed. These are used to compute the expected
value i and variance o2 for the relative performance measure. Mathematical

details of the pose error analysis are contained in Appendix C.

7.4 Summary and Conclusions

7.4.1 Overview

Based on the analysis at Appendix C, Table 7.2 provides a qualitative overview

of pose error effects on a single view. On a relative basis, effects are broadly
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Position | Axis | Twist
Measurement Precision | L-M L nil
Sampling Density L-M L nil
Visibility L L M
Frustum Occupancy M-H H L

Table 7.2: Qualitative Pose Error Effects

categorized in the range: high (H), moderate (M), low (L) or nil. Analytical
results in pose error variables up to second order effects are presented in
Tables 7.3, 7.4 and 7.5 at the end of this chapter.

Also located at the end of this chapter are a series of figures (Figures 7.5 -
7.11) which plot error effects with non-zero variance, allowing a quantitative
comparison. Briefly, the figures can be interpreted as follows. More detailed
interpretation of the figures can be found in Appendix C.

e Figures 7.5 and 7.6 - The ordinate is relative precision P,.; and relative
sampling density D, respectively. The abscissa is normalized posi-
tion error g,/ R,. One- and two-sigma curves for relative precision (or
sampling density) are displayed bracketing the nominal value which is
close to 1.0. Precision improves for values P, < 1, while sampling
density improves for values D, > 1. Any vertical slice through these
curves defines the shape of the probability density function for relative

precision (or sampling density) for a given normalized position error.

e Figures 7.7 and 7.8 - The ordinate is the logarithm base ten of the
probability of depth of field erosion. The abscissa is normalized position

error 0,/R, and axis orientation error o,, respectively. Probability
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curves are plotted for various levels of sensor stand-off distance factor

fa-

e Figures 7.9, 7.10 and 7.11 - The ordinate is relative targeted footprint
TF.,.; while the abscissa is normalized position error g, / R,, axis orien-
tation error o, and twist orientation error o, respectively. They can
be interpreted in the same manner as the first pair of figures. Relative
targeted footprint T F,,, is always < 1.0.

The effects of pose position and pose orientation error are shown. The
latter is broken down into sensor boresight axis error and rotation error
about the sensor boresight (twist). In all cases, performance is relative to
the error-free case.

Finally, note that the foregoing results are based on an optimized scan-
ning configuration of a line-scan range camera, the conditions for which are
summarized in Table 7.6. Results for non-optimized scanning configurations

can be found in the appropriate sub-sections of Appendix C.

7.4.2 Pose Error Model Suitability

This analysis has employed a simple, general purpose error model based on
Gaussian statistics. The statistical behavior of real positioning systems is
more complex and highly variable between system type and configuration.
Pose error is also very difficult to characterize and quantify in practice. Fur-
thermore, each type of pose error effect has been studied in isolation. Mul-
tiple types of pose error in combination will interact in a non-linear manner.
Nevertheless, while its limitations are acknowledged, the pose error model
employed here should form a suitable basis for understanding pose error ef-

fects and in selecting countermeasures to deal with them.
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7.4.3 Measurement Performance

The effects of pose error on measurement performance (precision and sam-
pling density) for a single viewpoint are summarized at Table 7.3. Average
measurement performance is only slightly effected by second order effects
which will be small in most practical cases.

In the case of position error, average relative measurement precision is
slightly degraded due to the quadratic variation of sensor precision with
range. On the other hand, average relative sampling density is slightly im-
proved as the improvement at shorter ranges slightly outweighs degradation
at longer ranges. However, the important statistic is measurement variance
which is low to moderate. Unless taken into account, pose position error will
degrade view planning performance.

For axis orientation error, average relative measurement precision is mar-
ginally improved as range to the target is reduced. Average relative sampling
density is slightly degraded by off-boresight and inclination angle effects.
Measurement variance is zero as a result of symmetry. Thus, the net effect
of axis orientation error on measurement performance is low.

For twist orientation error, both average relative measurement precision
and average relative sampling density are unchanged and the measurement
variance is zero due to symmetry. Considered in isolation, twist orientation
error has negligible effect on measurement performance. However, visibility

problems may arise with twist error.

7.4.4 Visibility

Visibility or occlusion effects depend on several variables, only a few of which
are restricted to the sensor or positioning system. The most important sensor

parameter is the length of the optical baseline. Fixed for any given sensor,
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this parameter directly influences measurement performance, shadow effects
and the ability to observe the interior of cavities. It is important to select a

range camera with an optical baseline appropriate to the modeling task.

Two other major factors impacting visibility are object shape and relative
sensor-object pose. The former cannot be altered and varies from task to

task. Selecting appropriate sensor poses is the essence of view planning.

Once a pose has been generated, selected and included in the next-best-
view list, pose error induced by the positioning system will influence actual
visibility. In the case of pose position error, the visibility impact will be
low to nil. The exception could be the case of surface regions being viewed
at incidence angles near threshold or close to occlusion. This effect can be

reduced by using conservative visibility tests in measurability calculations.

Axis orientation error has the effect of causing a wobble in the position of
the optical transmitter and receiver. The degree of wobble is determined by
the orientation error, the length of the optical baseline and the position of the
scan along the y-axis. Effects are similar to those generated by pose position

error. Visibility impacts will generally be low for small axis orientation error.

On the other hand, twist orientation error has the potential to signifi-
cantly degrade the reliability of visibility predictions as it results in leveraged
movement of the laser source and optical detector in a plane tangential to
the targeted object region. Very small twist errors will have a minor impact
in most imaging situations. However, moderate twist error can introduce sig-
nificant occlusion problems with convoluted object shapes. This is also the
reason why optimizing the twist component of pose is so important during
generation of candidate viewpoints.
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7.4.5 Frustum Occupancy

The third component of pose error is its effect on frustum occupancy - that
is, sensor coverage. This is particularly problematic as the whole point of
view planning is to generate an optimal set of NBVs with specific coverage
and measurability. If actual viewpoint coverage is significantly altered, the
entire view planning process is undermined and can be rendered futile.

Pose error erodes the reliable coverage zone i.e. the field of view and
depth of view. The effects of pose error on field of view erosion for a single
viewpoint are summarized at Table 7.4. Recall that &, is the sensor field
of view in the x-z plane and ®, = ®./2. Field of view erosion effects are
shown at Figures 7.9, 7.10 and 7.11 for pose position, axis and twist error,
respectively. From these curves, we observe that all three error components
have a non-negligible impact on sensor coverage. We can characterize the
effects as low for twist error, high for axis error and moderate-to-high for
position error. As expected, axis error is particularly troublesome as the
abbe effect amplifies coverage perturbations with stand-off range.

Some depth-of-field erosion occurs with pose position error. This is easily
dealt with by a careful choice of the stand-off distance factor f;. Depth-of-

field erosion is negligible for pose orientation error.

7.4.6 Multiple Views

While the focus of the current work is on the effect of pose error on a single
view, it is appropriate to briefly address the ramifications of pose error on
view plans consisting of multiple views.

In most practical imaging situations, multiple view plans involve a great

deal of redundant coverage for a variety of reasons:

e Shape-driven image overlap - The more complex the geometry, the
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greater the number of views required to capture the shape. This natu-
rally leads to considerable image overlap around regions of high shape
complexity.

o Image-based registration overlap - If the pose uncertainty is sufficiently
large to necessitate image-based registration, then the registration con-
straint requires image overlap, which builds redundancy into the view

plan.

e Non-optimal set covering algorithms - The set covering problem is
known to be NP-complete. Thus, any practical set covering algorithm
is sub-optimal, resulting in a view plan longer than the theoretical lower
bound. Longer view plans equate to redundancy. [ronically, efficient

view plans are more vulnerable to pose error effects.

e Coverage gain from pose error - This analysis has focussed on coverage
loss due to pose error with a single view. However, where there is loss,
there is gain. With multiple views, some coverage gain may partially

off-set coverage losses.

The advantage of the redundancy phenomena is that it can mask most
effects of low levels of pose error in some cases. The phenomena is not
amenable to easy analytical treatment due to the large role played by object
shape and the fact that view plans are typically small, such that composite
coverage statistics are not well behaved.

The Tsimshian stone mask (Figure 6.5) is again an interesting object
to illustrate the effects of pose error on a view plan consisting of multiple
views. A view plan of five views was computed by the 3M technique for the
back of the mask. The region poses a challenging scanning task due to the
steep cavity walls and presence of several smaller cavities within the segment.
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Performance of the view plan in the presence of multiple view pose error was
evaluated by the experimental process described in Figure 4.7.

Figures 7.12, 7.13, 7.14 and 7.15 show pose error effects for positioning,
axis and twist orientation errors plus their cumulative effect in combina-
tion. Average performance and error bars for +/- one standard deviation
are shown. Partial-to-complete masking of pose error effects can be noted at
low error levels, followed by a rapid decrease in average measurability and
rapid increase in measurability variance with pose error deterioration. The
data illustrates that, at low pose error levels, range scanning benefits from
view plan redundancy while moderate to high levels of pose error result in
unpredictable scanning performance. As the penalty for coverage failure is
typically high for object reconstruction tasks?, the unpredictable impact of
pose error on multiple view sets may be unacceptable. Effects with sim-

pler object shape will be more severe due to the lower level of viewpoint

correlation.

7.4.7 Pose Error Countermeasures

A variety of countermeasures are available to deal with positioning system

error. The quantitative analysis of this thesis may assist in setting key pa-
rameters.

o Avoid the problem - Pose error effects are sufficiently deleterious that
they are best avoided by using the highest quality positioning system
affordable. Mounting the range camera on a CMM or other high accu-

racy positioning system avoids many problems.

2The imaging team may have left the site or the object may no longer be readily

available by the time coverage gaps or measurability deficiencies are discovered.
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Compatible system design - The specification and design of an object
reconstruction system should treat the camera and positioning system
as equally important components of an integrated system. Trade-offs

in one impact the other.

System modeling and calibration - Both the range camera and position-
ing system must be regularly calibrated. Good quality system models
are essential and parameters should be updated after each calibration.

Optimize stand-off range selection - The stand-off range can be selected

to avoid depth of field erosion while optimizing measurement perfor-
mance.

Robust measurability estimation - Measurability estimation can be made
robust to pose uncertainty by detuning compliance tests for frustum
occupancy?, specification compliance and visibility* during measura-
bility matrix computations. By frustum detuning, we mean shrinking
the effective frustum size. The amount of frustum detuning appro-
priate for a given level of pose error can be determined from Tables
7.4 and 7.5 and their associated figures. Specification compliance de-
tuning means adding a compliance buffer by imposing somewhat more
stringent tests on precision and sampling density than called for in the
model specification. The size of compliance buffer required can be de-
termined from Table 7.3 and the associated figures for a given level of
pose error. This will, for example, make allowance for surface normal

estimation error. Near-miss visibility testing applies to rays which are

3Tarabanis et al [TTA95] use a synthesis approach for generalized viewpoints which
seeks to centralize viewpoints in the admissible domain.
1Tarbox [TG95] uses morphological erosion of viewpoints on the periphery of viewpoint

sets to reduce vulnerability to pose error.
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tangential or nearly tangential to the model surface. In these cases, we
can increase the closest point of approach margin for declaring that an
intersection has occurred. All of these measures provide increased mar-
gins for pose error. However, there are clearly practical limits beyond

which view planning is rendered futile.

o Add image-based registration constraint [SRROla] - This has similar

effects to frustum detuning. The two constraints can be combined.

e Feed back control loop - Most positioning systems are open loop - that
is, they are commanded to move to a specific pose and there is no con-
trol mechanism to confirm the fidelity with which the command was
executed. It may be appropriate to consider a closed loop control sys-
tem to reduce residual pose errors, perhaps through the use of machine

vision or photogrammetric adjuncts to the positioning system.

Many of the foregoing countermeasures result in lengthened view plans.
This has associated costs in scanning, registration and integration time and
resources. Consequently, there are further trade-offs to be made between all

phases of the object reconstruction process.

7.4.8 Conclusions

Performance-oriented view planning commences with a model specification
requiring views (range images) to pass specific criteria for sampling precision
and density, visibility and frustum occupancy. Unfortunately, positioning
system error negatively impacts all of these requirements, with the severity
generally being in the order of frustum occupancy, measurement variation
and occlusion. Additionally, pose error imposes image-based registration

constraints on view plan generation. In turn, this increases the length of the
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Figure 7.5: Pose Position Error Impact on Measurement Precision

view plan and the time span of all associated model reconstruction steps.
Finally, collision avoidance planning is exacerbated by pose uncertainty.
Consequently, during view planning, we need to take both sensor and po-
sitioning system error models into account. It is clearly pointless to attempt
subtle view planning optimization beyond the precision of the positioning
system. This chapter has provided a qualitative and quantitative analysis of
pose error effects on a common type of range camera. Based on this analysis,
countermeasures have been identified to mitigate pose error effects on object

reconstruction.
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POSE AXIS ERROR IMPACT ON DEPTH OF FIELD
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Table 7.3: Single View Pose Error Measurability Effects: Line-scan Sensor
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Table 7.4: Single View Pose Error Field of View Erosion: Line-scan Sensor

Error ll Depth of Field Erosion
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Table 7.5: Single View Pose Error Depth of Field Erosion: Line-scan Sensor
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[ Condition

Symmetric image: N; = N, = N

Scan length optimized for even sampling in x and y: L, = f4R,®,
Optimal stand-off distance: z = f4R,

Measurements normal to the surface: 6;; = 6,. =0

Measurements near sensor boresight: ¢.. =0, z =y =0

OV | O N

Table 7.6: Optimal Scanning Conditions: Line-scan Sensor
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Figure 7.11: Pose Twist Error Impact on Relative Targeted Sensor Footprint
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Chapter 8

Conclusion

This chapter summarizes the research, examines its capabilities and limita-

tions and describes open view planning issues for future research.

8.1 Summary

This thesis presents and analyzes the performance of a model-based approach
to view planning for automated object reconstruction. The view planning
approach is “performance-oriented” in the sense that it is based on a set of
explicit quality requirements expressed in a model specification and incor-
porates performance models for the range camera and positioning system.
A new theoretical framework for the view planning problem is presented as
an instance of the set covering problem with a registration constraint and is
formulated as an integer programming problem. The theoretical framework
facilitates a more intuitive understanding of the nature of view planning. It
also provides an explicit mathematical formulation amenable to a well under-
stood set of exact and approximate solution techniques. The measurability
impact of pose error is studied in detail and counter-measures are presented

to mitigate its effects. Methods for sparse sampling of object surface space

198
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and viewpoint space are presented and their performance is characterized.
In the introduction, we developed a detailed set of view planning require-

ments for automated object reconstruction and identified the main open is-

sues as accuracy, robustness and efficiency. We believe the research reported

here has made sufficient advances in all three areas to enable construction of
a semi-automated performance-oriented object reconstruction system for the

class of objects with benign reflectance characteristics. The steps remaining
to turn the current experimental view planning algorithms into a complete
prototype system involve mainly system development and integration issues
rather than research. To expand this capability to the broader class of ob-
Jects with wide reflectance variations will require research into view planning
techniques addressing range camera dynamic range limitations.

The current work addresses the open view planning issues as follows:

® Accuracy is addressed by incorporating an explicit quantified specifi-
cation of model quality objectives and by employing models of camera

and positioning system performance.

e Robustness is addressed by the foregoing plus a robust, self-terminating

set covering algorithm.

e Efficiency is addressed by multi-stage problem solving, sparse and op-
timal discretization of object surface space and viewpoint space and
optional rough model segmentation. Additionally, the structure of the
3M algorithm is inherently parallelizable.

8.2 Capabilities and Limitations

This thesis addresses all view planning requirements for automated object

reconstruction as identified in section 1.2 with the exception of some aspects
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Category | Requirement

Model quality specification

Generalizable algorithm

Generalized viewpoints

General View overlap

Robust

Efficient

Self-terminating

Minimal a priori knowledge
. No Shape constraints

Object Material constraints

Frustum modeled

Sensor Shadow effect
Measurement performance
L 6D pose
Positioning Pose constraints
System

| ) )| <) =] <l 2| <f It =< =f O] ] ) < <) Scott

Positioning performance

Table 8.1: Performance-Oriented View Planning Comparison

of the overlap requirement, material specular reflectance properties and some
range camera artifacts. An evaluation is summarized at Table 8.1. The leg-
end for the comparison table is as follows: requirement satisfied (Y), not
satisfied (N) and partially satisfied (P). The work has limitations, however,
and some issues remain open for a complete and general purpose solution to
the view planning problem. We now discuss these capabilities and limita-
tions, their significance and possible solutions.

Model Quality Specification Chapter 1 introduced the performance-

oriented view planning concept. The modified measurability matrix (3M)
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view planning strategy incorporates a model specification for measurement

precision and sampling density.

Generalizable Algorithm The 3M algorithm is generalizable to a variety
of sensor and positioning system types. For the work presented here, two
generic classes of range camera have been modeled - the “line-scan” and

“random-access” configurations.

Generalized Viewpoints Generalized viewpoints are implemented. The
imaging environment specification defines the system configuration, whether

parameters are fixed or configurable, plus their nominal values and limits.

View Overlap The problem formulation includes a viewpoint correlation
constraint which is equivalent to an image overlap constraint. Image overlap
is a necessary but not sufficient condition for registration. The constraint
needs to be extended to require sufficient shape complexity in the overlap
region. The improved constraint should also take measurement uncertainty
into account. While important for the purpose of completing the theoretical
formulation, extending the constraint to cover shape complexity is not an
urgent research issue. There is a strong probability that intrinsic redundancy
in a view plan for a complex object will meet registration requirements as a

by-product of the coverage and overlap constraints.

Robust The 3M algorithm partially satisfies the robustness requirement.
Several features of the algorithm contribute to robustness i.e. a multi-stage
problem solving approach, built-in sensor and positioning system perfor-
mance models, a tolerance for surface sampling error in the rough model,
counter-measures available to deal with pose error and a robust set cover-
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ing algorithm. Measurement challenges remain, however, notably specular

reflectance properties as well as some types of noise artifact.

Efficient The algorithm addresses the efficiency challenge by multi-stage
problem solving, sparse and optimal discretization of object surface space
and viewpoint space, and optional rough model segmentation. We have
demonstrated good computational efficiency for representative reconstruc-
tion tasks on a platform that is slow by contemporary computing standards.
The algorithm is readily parallelizable. High performance parallel computing
clusters are now readily available and affordable. The performance and cost-
effectiveness of computing platforms continue to improve steadily. making
efficiency less of an issue. However, until a parallel version has been built
and tested, we assess the capability of the 3M algorithm as a qualified “Y”
with respect to the efficiency requirement.

Self-terminating We find a greedy search set covering algorithm modified
with a registration constraint provides satisfactory resuilts for most object

reconstruction problems. The algorithm is fast, robust and self-terminating.

Limited a priori knowledge The only prior object knowledge required

by the algorithm is approximate object bounding dimensions and centroid.

Shape constraints Experimentation has provided rules of thumb for rough
model sampling rates and error tolerance. We anticipate that the greatest
challenge presented by object shape complexity will be at the rough modeling
rather than the fine modeling stage. Some user intervention may be required
at the rough modeling stage for difficult shapes.
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Material constraints The current work assumes objects characterized by
Lambertian scattering. The implications of limited sensor dynamic range
remain an important open issue. As has been previously noted, dynamic
range problems manifest themselves as dropouts and outliers. Part of the
solution will be found in sensor improvements. Better quality range cameras
already incorporate automatic gain control in the laser-detector control loop.
The improved effective dynamic range is beneficial but does not completely
solve the problem. Further improvements should be possible by incorporating
knowledge of object reflectance properties in the exploratory model. In the
case of material uniformity, reflectance data could be gathered by a small
number of point measurements by a separate instrument. For the more
general case of non-uniform reflectance, it will be necessary to incorporate

reflectance measurement and modeling as part of the scene exploration stage.

Frustum The sensor depth of field, field of view and scan length or scan

arc are modeled.

Shadow effect Visibility is computed from both the laser source and re-
ceiver.

Measurement performance We assess the capability of the 3M algo-
rithm as a qualified “Y” in this category. Measurability estimation error has
been shown to be low and good measurability results are obtained at fairly
coarse rough model sampling rates. The current work addresses the most im-
portant aspects of range camera measurement performance - in particular,
spatial variation of precision and sampling density within the frustum and
surface inclination effects. Other important measurement artifacts remain,
notably those associated with geometric step edges, reflectance step edges
and multiple reflections. Methods to deal with geometric step edges include
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“space-time” processing [CL96] and more sophisticated low level signal pro-
cessing within the sensor. Object reflectance modeling would provide the
additional information necessary to handle reflectance step edges. However,
reflectance modeling is a highly complex process in itself [MTY01]. Multiple
reflections result in measurement outliers. Computing multiple reflections
is computationally burdensome but is necessary in more advanced forms of
reflectance modeling. The extent to which it is appropriate and effective to

integrate object reflectance modeling in view planning is to be determined.

6D pose The optimal scanning zone and decoupled algorithms provide a
near-optimal sampling of 6D pose space unconstrained except for external

restrictions applied by the user.

Pose constraints Pose constraints are applied at the viewpoint generation
stage of the 3M algorithm.

Positioning system performance Pose error is modeled, allowing the
user to select appropriate counter-measures.

8.3 Future Work

The capabilities and limitations discussed above point to research topics ad-

dressing the remaining open issues in view planning:
e Accuracy and robustness

— Measuring and modeling object reflectance to handle shiny objects

and compensate for limited range camera dynamic range.

— Avoiding or compensating for geometric step edges, reflectance
step edges and multiple reflections.
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e Efficiency
— Fine tuning discretization schemes in object surface space and
viewpoint space.

— Tuning the performance of approximate set covering algorithms to

the data characteristics associated with the view planning prob-
lem.

— Parallel implementation and visibility analysis speed up. (Devel-

opment)
— Automated surface segmentation for view planning purposes.

e Theory

~ Extend the theoretical framework to include shape complexity in

the overlap constraint.

— Develop a theoretical basis for optimal discretization of object

surface space and viewpoint space.
e General

— Develop performance benchmarks for objective comparison of view

planning algorithm performance.



Appendix A

Symbols, Acronyms and

[ 3 *
Definitions
Symbol Definition
3M Modified measurability matrix
«a Pose axis error cone half-angle
a Sensor boresight axis
Qk; Registration adjacency matrix element
A Registration adjacency matrix A = [a;]
Are Relative overlap area
b Optical baseline
c Number of segments in a segmented measurability matrix
Ckj Cumulative registration adjacency matrix element
C Cumulative registration adjacency matrix C = [cx;]
C:,Cy,C. Calibrated geometric noise coefficients in x-, y- and z-axes
CMM Coordinate Measuring Machine
d, Number of twist quantization intervals
d, Viewpoint positional sub-sampling rate
D, Relative sampling density (error vs. error-free)
DOF Depth of field
D/wW Depth-to-width ratio
€y View plan efficiency e, = n/nop
EGI Extended Gaussian Image
fa Sensor stand-off distance factor f4=1+4,0 <K 1
fo Viewpoint positional over-sampling rate
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Symbol
fs

FOM
FOV

GA

N Best
Nope

N
NBV
N:, N,
Oz

¢,

@,
P[]
Pz: Py, P:
p

P, rel

rs

Prel

Pu
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Definition

Sensor cross-section f, = /F,

Surface patch footprint (area)

Sensor footprint (area)

Figure of merit

Field of view

Viewpoint registration graph

Genetic algorithm

Greedy search

Imaging work space

Integer programming

Controllable sensor parameters

Sensor linear scan length along y-axis

Linear programming

Mass Vector Chain

Measurability matrix element

Verified measurability

M = [myj]

Measurability matrix row vector
Measurability matrix column vector

Size of NBV list

Best size of view plan found for this problem
Optimum size of view plan

Next-best-view list or view plan
Next-best-view

Number of range image samples in x- and y-axes
Scan angle in sensor xz-plane

Sensor field of view in the scanning plane

P, =P, /2

Normal distribution function ®[z] = —= [Z e /2 du
Pose position error in x-, y- and z-axes
Sensor pose position

Relative measurement precision (error vs. error-free)
Surface patch’s footprint ratio ry = F,/F,
Relative sampling density

Positional density of viewpoints
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Definition

Estimated sampling density

Stand-off distance

Stand-off adjustment range

Optimum sensor scanning range

Minimum sensor scanning range

Maximum sensor scanning range

Slant range in x-z plane

Pose axis angle uncertainty standard deviation
Pose position uncertainty standard deviation
Pose twist angle uncertainty standard deviation
Cross-correlation of viewpoints v and v;
Rough model surface noise standard deviation
Estimated precision in x-, y- and z-axes
Viewpoint correlation

Cross-correlation matrix £ = [oy;]

Size of object surface space

Object surface space

Optimal viewpoint zone

Simulated annealing

Set covering problem

sinf,cosf,tané

Laser scanning ray incidence angles in xz- and yz-planes
Registration threshold

Sensor twist angle (rotation about the boresight)
Grazing angle thresholds in x-z and y-z planes
Targeted footprint

Relative targeted footprint (error vs. error-free)
Inverse unit step function, (U;(8) =1 — U(6))
Sensor pose v = (position p, axis @, twist t,,)
Size of viewpoint space

Viewpoint space

versf =1 — cosf

View planning problem

Binary viewpoint variable

Vector of binary viewpoint variables X = [z;]
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Registration Constraint
Example

This appendix illustrates the registration constraint developed in Chapter 4

with a simple example.

Consider the set of four candidate viewpoints shown with their global
registration graph in Figure B.1. The base registration adjacency matrix A

can be written! as

0 0 z1z3 O

0 0 0 Iy
rizz 0 0 z3x4

0 xozy zZ32Z4 O

from which we obtain the cumulative registration adjacency matrix C =
Al + A2+ 43

1 As we are interested only in simple connectivity, we take the liberty of using boolean

algebra in matrix manipulation and simplification.
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Sample
3 NBYV set

4

Figure B.1: Example Registration Graph G, and NBV Set

I,I3 I1T2I3T4 I3 I1I3Ty
I1T2T3Ly TIarLy I2T3L4 I2Ty
I\ I3 T2x3Ty T3(T) + 14) I3Ty
T\ I3T4 T2Ty I3I, zy(z2 + 13)

or simply as the following where “-” signifies “don’t care”.

— I1T2I3Ty I1I3 ITT3T4
- - IoI3Ty TIoTy
- - - I3y

Using equation 4.6 and removing redundancies, the foregoing simplifies
to the following global registration constraints which can be validated by
inspection of the viewpoint registration graph G,:

T1Z2T3Zy 2 I1Z2,
T|ZT3ZT4 2 I Ty,

ToZ3T4 > IaIj3. (B.1)
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The constraints at Equation B.1 can be used to test whether an arbitrary
viewpoint set meets the registration constraint. With the example NBV set
as shown at Figure B.1, viewpoint variables z,, o and z; are true while
viewpoint z3 is false. Testing the registration graph in Figure B.1 against
the constraints at equation set B.1 for this viewpoint set, we observe that

the example candidate NBV set fails the registration test.



Appendix C

View Planning Impact of Pose
Error

This appendix analyzes the effects of each component of pose error on each
quality factor as illustrated in Table 7.1, beginning with pose position error.
The analysis examines pose error effects on a single planned view. Results
are summarized in Chapter 7. Key symbols and definitions are summarized

at Appendix A.

C.1 Position Error

As a consequence of changing the location of the entire optical baseline,
position error potentially impacts all model specification factors: frustum

occupancy, visibility, measurement precision and sampling density.

C.1.1 Measurement Precision Impact

This section considers the effect of pose position error on measurement pre-
cision estimation.
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A "%w \

F4

L

Figure C.1: Scanning Geometry Y-Z Plane

Precision Estimation Model From Equation 7.4, our model of relative

measurement precision is

2
2% cos .

Pog=— .
" 2% cos b,

(C.1)

Assume the viewpoint is optimally positioned at a stand-off distance
slightly beyond the sensor minimum range i.e. z = f4R,, fa = 1 + 4, where
0 < 1. Sensor position is corrupted by position error §'= (pz, py, p:). Then,
as shown in Figure 3.7, z-axis range to the surface element is perturbed to
' =z+p., that is 2’ = f4R, + p-.

With a line-scan camera subject to pose pcsition error, the inclination
angle in the y-z plane with respect to the laser source is unchanged - that
is, ;. = 6,;’. The scanning geometry is amplified at Figure C.1 for clarity.
Consequently, P,.; simply becomes 2’2/ 22 from which we get
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_ (faR, +pz)2
Prel - (deo)2

= a+z &)y

- 2P 2
= 1+f( )+f¢( =)2. (C.2)

We wish to estimate the statistics of the relative precision P,.; which is
a function of the random variable p.. From our positioning system error

model, the expected value and variance of p. are as follows:

Elp:] = 0,
E[p:2] = ap:2
= 0,2/3. (C.3)

Statistics of P, Consequently,

E[Prel] = #Prel

2 1
= 1 Elp.] + ———=FE[p-2
+ deo [p ]+ fd2R02 [p~ ]
o 2
= 1+ —F2— .
3f42R >- (C.4)

To compute the variance of P,

E((Pea~pp,)] = op )’

EP.? - (up,,)* (C5)
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Then,
21 2 =z 1 z \2\2
EP’] = E[(L + £(F) + #=(5)] (C.6)
and, discarding terms over quadratic,
21 4 P- 6 p:*
E[P..Y] ~ E[1+ T,Iﬂ: + 7%?]
20,2
= 1+ P . C.7
fd2R02 ( )
So, substituting Equations C.7 and C.2 in Equation C.5, we have
4 0,2
P’ =3 IR (C3)

Therefore, the relative impact of the position component of pose error on

measurement precision estimation is approximately

PR T (C.9)
uPrcl - 3fd2 Roz’ :
__2 o
OPrat = V3fs Ro (C.10)

Precision Impact Interpretation In Figure 7.5, relative precision P.¢
computed from Equations C.9 and C.10 is plotted against normalized posi-
tion error o,/R,. The latter will typically be very small i.e. o,/R, < 1.
Figure 7.5 can be interpreted as follows. One- and two-sigma curves for rel-
ative precision are displayed bracketing the nominal value of 1.0. Precision
improves for values P,.; < 1 and deteriorates for values P,.; > 1. Any vertical



216 APPENDIX C. VIEW PLANNING IMPACT OF POSE ERROR

slice through these curves defines the shape of the probability density func-
tion for relative precision for a given normalized position error. Horizontal
lines at P,y = 1.1 and P, = 0.961 indicate boundary conditions beyond
which measurements will be rejected due to pose position error. The upper
limit represents an example of a specified measurement precision limit from
the model specification. It has been arbitrarily set at 1.1 in Figure 7.5 for
illustration purposes. The lower limit, easily shown to be 1/f,?, defines the
point at which measurements are rejected as falling outside the sensor near-
range limit. The limit is illustrated here for a value of f; = 1.02, meaning
viewpoints are optimized for a stand-off distance of 2% beyond the optimal
sensor range R,. The lower limit cut-off is one manifestation of frustum
erosion, a topic treated later in more detail.

Examining this error component in isolation, it is apparent from the fore-
going that pose position error has a low to moderate impact on measurement
precision. The specification clipping effect can be mitigated by selecting suit-
ably conservative model specification limits relative to sensor and position-
ing system capabilities. Means to mitigate frustum erosion effects will be

addressed later.

C.1.2 Sampling Density Impact

Sampling Density Estimation Model This section considers the effect
of pose position error on sampling density estimation. From Equation 7.9,

our model for sampling density estimation is

_ Czo’zzczglyz &zzczoyz + fd2R02C20 z
T C%0..C%0,. R.°C?0,. + [{R,°C?0 .,

D (C.11)

However, as ¢, = 0,., Equation C.11 reduces to
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- Pk -
- x —i

Figure C.2: Scanning Geometry X-Z Plane

Czel.tz &:2020!,: + deROZC2gz:

. C.12
C?0.. R..’C?0,. + fi°R,2C*¢ .. ( )

D, =

Key Geometric Parameters We now wish to compute the statistics of
D,.; which is a function of the random variables p.. and &;., the magnitude
and angle of position error in the scanning plane, respectively. It is useful
to first compute simple expressions for the key geometric parameters. From

Figure C.2, we note that

R..” = f{R,® + 2° (C.13)

R..? = (faRo, +p:)? + (z — pz)? (C.14)

and
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Pz: __ Sé0;.
R:: S[({rz - ¢z:) + 60::] ’

(C.15)

Deﬁning r= pzz/[?a:z = (pr:C¢z:)/(deo) and Setting l.sz: = Ezz - ¢.1::::
we have the relationship

1- rcwzz

0, = —— .1

cot 66, T Svm (C.16)
from which we can determine

rSwIZ -

rz — ————,—2-7—, 1
So8 = (C.17)

1—-rCiy,.

e = e TS 1

€30 V1+r2=2rC¢,. (C.18)

Noting that r <« 1, the foregoing expressions for S40,. and Cé6,. can

be written as follows, where we ignore terms in r above quadratic

$66.. = rSY. + r*Syr.C;, (C.19)

2
Col,.~1+ "7(0210zz -1). (C.20)

As an additional precursor to computing the statistics of D,.;, we next
compute the statistics of &;., r and 66... We again only consider terms up

to quadratic in r.

Statistics of &,

E[S"/]zzl = E[C¢zz] = E[Swzzcwzzl =0 (C.21)
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E[S0..] = E[C?z:] = 1/2

Statistics of r

c Tz
Efr] = %E[pﬁ] =0

C2¢:t:
E[TZ] = WE[pzzzl =

2C%*¢, a,°
3f d2 I'zo2

Statistics of 0.

E[S66,.] = E[rSts: + r2S1;:Ctpz:] = 0

_ 2 _ Cz(bz: Upz
E[C&OR] = E[l + 3 (C"'wx: 1)] =1 6f42 ROZ
C2¢p,. 0,2
— 2g2 = LTI P _
E[Széa,_:] = E[r?S" Yzz] = 3f42 R.2
C?%¢,- 0,2
2 — 2(2 _ =1 - 1 =P
E[C 501:] = E[l + r}(C?*y,. 1)] 1 3},42 R.2

E [S 60:::060:::] =FE [TS Uz + r2§ Yrz sz::] =0
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(C.22)

(C.23)

(C.24)

(C.25)

(C.28)

(C.29)

Simplification of D,,, We now have most of the ingredients to calculate
the statistics of the relative sampling density D,.;. First. it is convenient to

rewrite Equation C.12 as the product of a constant term T1 and a variable

term T2.
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K, + C.. c
fd Ro 0’-1'3
Drel = C20 (R' 2 Py g (C.30)
~ = - FT5 X z + 070 2
T1 Ja R, Y -
T2
Consider T1. As R;./(f4R,) = 1/C¢:, T1 reduces to
020 z+ C? :::CQG::
T1= 2 s c,?2 S (C.31)
Let T2 = N2/D2. Then,
R.?
D2 = —%5C%,. +C. (C.32)
d o

Considering the first term in Equation C.32 and using Equation C.14. we

have
R;:-'z 2 p. 1 p22 , 2T ¢, Dz 1 P:.-2
s = I+ 55+ T, — — =2 2=
R, faR, T fARET T J: R, fZR:
1
= Cg—%(l +tr) (C.33)
where ¢, is

fa Ro+ f& RS> fa R, fd Roz.(c.34)

Considering the term C?# ;. in Equation C.32,
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C%,.. = C28,.+06,.)
= (C8..C56,, — S6,.560,.)>
= C?0,,C%50,, — 256,.C0,.550,.C66,. + 5%6,.5280,..

(C.335)
Then, using the relationships from Equations C.19 and C.20,

5260,. =~ r’S%y,. (C.36)
C260:: =1+ "2(021.11;-: - 1) (C'37)
580..C80,. =~ rSv,. + r’St..C. (C.38)

so that we have

C*':. = C20.:[1 +r*(C*¢,. —1)]
—2850,.C0..[rSvz: + r’Sy::Ci,:] + §20,.r°S?y,.
= C?0..[1 + tg] (C.39)
where
te = —2rT0..S0.. + r2(C?*y.. — 1)

—2r?T0, .St .Cthz: + 12T%0..5%;,.. (C.40)

Now, combining the expressions for R’..?/(fsR,?) and C?¢'.. with Equa-

tion C.32, we have
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R’
f 42 R02
C?0,.
C2 ¢x:

_ Czeyz + Czoz:cz‘pzz [1 +

D2 =

C20y: + Cza,zz

[1+¢t.] + C?0,.[1 + to)

Cc?0,. C%0,:C*p-

C2¢zz
Czeyz + CZoz:CZ¢zz

C%,. + C?0,.C%,." + C7,. + C%9,.C%..

where

C?0,.
Czoy: + 029::C2¢z:

Cgoz:: C? Pz

t = .
* C%,. + C?6,.C%...

t

ts.  (C.42)

Now, the expression for T2 from Equation C.32 can be simplified to

Czoxzcz(bz: [1 + to]

I = %, v 0.0 18]

(C.43)

Statistics of D,., Finally, combining Equations C.31 and C.43, we have
the following expression for D,;:

_ [1+tg]
Drao =37

(C.44)

As |t] < 1, the denominator of Equation C.44 can be expressed as a series
expansion. After expansion and collecting terms up to quadratic in ¢ and ¢,

we have the following second order approximations for D,.; and D,.>:

o (1 +¢] (C.41)
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Drelzl—t+t2+t9—tto,

D ~1—-2t+382 + 2ty — 4tty + tg°.

223

(C.45)

(C.46)

Using the interim results previously developed, the statistics of terms in

ts and t can be expressed as follows.

Bl = S8 a0~
Bl = T,
E[t,] = 22';?: }%22
el = 2

C2¢z: 0}:2 [2026y: + C2¢zz(52 0:: - Czo:r.:)]

E[t] =

3f d2 R02 C20y= + Czozzcszz:
E[f?] = 4C%¢;: 0p” [2C*0y: + C*¢2:5%0..C?0..]
- 3fd2 R02 (020!’: + C20;;02¢z=)2
Eltot,] =0
4 2
Eltty] = 45%0,.C*¢.. op 1

3f dz R02 [ngy: + Czozzc2¢zzl

(C.AT)

(C.48)

(C.49)

(C.50)

(C.51)

(C.52)

(C.53)

(C.54)
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After these laborious calculations, we can finally express the statistics of
Dy from Equations C.45 and C.46 as follows after collecting terms up to

quadratic in 0,/ R, and simplifying:

E[Drel] = ”Drel
_ 14 C0:C%s: 0,° 4C%0,:C%0,. — 3C%6:.C%0.. + C?0,,
3C*0..fs> R’ (C?0y: + C?6,.C*¢,.)?

(C.55)

2C?%9,.C*? 2 9C20..C2%0.. — C20..C26... 29, .
E[Dre12] = 1+ 2C ey:C @z: Op 2C%0..C Gy, C0..C*¢,.. +C 9y-

C%*..fi* R.? (C%*0y. + C?0..C*¢..)?
(C.56)
so the variance and standard deviation of D, are
4C40,.C?%¢..(C?¢z: + 1) 0,2
2 — yz T3 Iz P. R C.'7
“Dra” = 3C%6,.1;(C?8,. + C%6,.C6,.)° R,? (C.57)

2C26,.C$,.\/C?¢:: +1 o, (C.58)

o = —.
Dra V3C8,. f4(C?6,. + C?0..C?6,.) R,
In summary, the relative impact of pose position error on sampling density

estimation is approximately

C?6,:C%¢.: 0,2 4C%0,:C?0,. — 3C%6,:C%¢z: + C?0,,.
3C2%0,.f R,? (C?%0,. + C?0,.C*¢;.)?

pDrel = 1+

(C.59)
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2026yzC¢==\/m il (C.60)

“Dra = \J3C6,.f(C?0,, + C?0,.C%¢..) Ry’

For an optimum scanning geometry such that ¢,. = 6., = 6,. = 0, the

statistics of relative sampling density D,.; reduce to the following:

_ 1 0,2
ﬂD,-e[ =1+ 3.fd2 R°2’ (C'Gl)

op =2 %
Drel_\/gdeo'

(C.62)

Sampling Density Impact Interpretation The impact of pose position
error on sampling density estimation calculated at Equations C.61 and C.62
is shown in Figure 7.6 for the optimum scanning geometry. Sampling density
improves for values D,.; > 1 and deteriorates for values D,.; < 1. The effects
for sampling density will be seen to be very close to those for measurement
precision as shown at Figure 7.5 and can be interpreted in a similar manner.
As was the case for measurement precision, it is apparent from the foregoing

that pose position error has a low to moderate impact on sampling density.

C.1.3 Visibility Impact

Visibility or occlusion effects depend on object shape, optical baseline length
and sensor-object relative pose. The optical baseline is fixed and camera pose
has been optimized in the viewpoint generation process. Relative visibility
effects therefore depend mainly on object geometry. They cannot be quan-

tified in the absence of a specific object shape. However, from the previous
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analysis, we can observe that the visibility impact of pose position error will
be nil to low. This is due to the very small changes in observation geometry
between surface points, laser source and optical receiver as a consequence of

the low normalized position error o,/R, anticipated for most imaging envi-
ronments.

C.1.4 Frustum Occupancy Impact

This section considers the effect of pose position error on frustum occupancy.

Frustum Erosion From Equation 7.10, the targeted footprint is

TF = (2fsR,T®;) (L) . (C.63)
N et

width length

Pose error p' = (p:,py,p:) erodes coverage as follows. p, reduces the
width by |pz|, py reduces the length by [p,| while p. reduces the width by
T'®2|p:|. The later relationship can be seen from the following. For p. < 0,
width is reduced by 2T'®,|p.|. For p. > 0, width is increased by 2T®, |p:]-
However, the increase for p. > 0 is of no benefit to the planning of a single
view. The net effect of z-axis pose error is a coverage reduction of T®,|p.|.

Consequently, the portion of the targeted footprint covered by the viewpoint
subject to pose position error is
TF' = (2f4RT®; — T®2|p:| — |p[)(Ly — |pyl)- (C.64)

Then, TF,.; is

TF'

TF, rel TF
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(2faR,T®2 — T®2|p.| — |pz|) (Ly — lpyl)
2faR.T®, L, ’

(C.65)

As before, we optimize the viewpoint by setting L, = f;R,®, which gives us

(2faRoT®2 — T®2lp:| — |p:) (faRo®z — Ipy])

Tha = 2 AT, FaR,®.,

(C.66)

We now wish to compute the statistics of T F,.; which is a function of the

random variables p;,p,, p.. First, we need the statistics of |p;|.|p,|, |p:]- It

Eflp:l] = UP\/szﬂ,’ (C.67)

2

is readily shown that

Ellp=["] = 22, (C.68)
_ 2‘792
E[IP:.-”PyI] = 3r (C.69)

Given our model of pose error, the statistics of p., p, and p. are identical.

Therefore, Equation C.66 can be written as

TFra =1 — a|p;| + b|p:||py| (C.70)
where
_ (P, T®; + &, + 2T d,) -
= T 3f,R.0.TD, (C.71)

and
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b= (T®2+1)
T 9f2p 2 -
-fd Ro ¢1T¢2

Thus,

E[TFrel] = uTFrel

2bo,2
= 1-—aop\f ——+ —=2.
PV 3n 37
Considering only terms up to quadratic
” 2a%0,2 2 4bo,?
1+ P —2a0,\[— 2
HTFra 3 o\ 3 T T3

and from Equation C.70

TFre12 =1+ a2lp=|2 - 2a|p:tl + lepxllpyl

E[TFr¢12] =14+ - 2aa’p e

Therefore,

oTF,, = ElFd’]-erE,’

3r ’

3 3=

(C.72)

(C.73)

(C.74)

(C.75)

(C.76)

(C.77)

In summary, the relative impact of pose position error on field of view

erosion is approximately
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(P TP +P:+2T®2) [2 0y + (T®, +1) 0,2

=1
HTF,a 2f10.T®, 3n R, 3nfi®.T®:R,’
(C.78)

g _ (TR + 8, +2T®,) [1—20,
TFha™ " 2[8.T% 3 Ra

(C.79)

The impact of pose position error on viewpoint coverage calculated from
Equations C.78 and C.79 is shown at Figure 7.9 for a line-scan sensor with
®, = 30°, f4 = 1.02 and the optimum scanning geometry. Viewpoint cover-
age and effective field of view deteriorates for TF,.; < 1. By definition. T F,;
never exceeds one. One- and two-sigma curves for relative targeted footprint
are displayed bracketing the average value. We observe that there is moder-
ate frustum erosion with pose position error. Hence, it is an important factor

in view planning.

Depth of Field Erosion As previously noted, pose error will result in
erosion whenever 8. > (fy — 1)R,. With pose position error, such an event
is catastrophic as the entire scan is compromised at the targeted stand-off
distance. Therefore, the only statistic of interest relative to depth of field
erosion is the probability Plp. > (fa — 1)R,]. Then,

Plp. > €] = 1 - o[ 7 F] (C.80)

where ¢, = 0,/V3, £ =0, € = (fs — 1)R, and

®[z] = \/—;—_; /_ m e /2 du. (C.81)
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Then
Plp: > (fa= 1)R:] = 1 — $[54g70, (C.82)

The probability of depth of field erosion with pose position error is shown
at Figure 7.7, plotted on a normalized logarithmic scale. These curves can
be used to select a suitable distance factor f; for a given level of pose error

and tolerance for depth of field erosion.

C.2 Axis Error

C.2.1 Measurement Precision Impact

Precision Estimation Model This section considers the effect of the axis
component of pose orientation error on measurement precision estimation.

For the line-scan range camera examined here, we follow the convention that
the frustum origin (which coincides with the laser rest position) falls half way
along the y-axis linear scan (Figure 3.7). The sensor boresight is defined by
the sensor negative z-axis. Axis error is modeled by a unit vector uniformly
distributed on the surface of a cone centered on the camera boresight. Effec-
tively, axis error involves rotations about the sensor x and y axes. These can
be combined into a single rotation of angle a about an axis 7 in the xy-plane
at angle 3. The axis error cone half-angle a is modeled as a zero-mean Gaus-
sian process with standard deviation o, while 3, the angle in the xy-plane at

which the axis error occurs, has a uniform distribution over [—, 7].

The corresponding rotation matrix R, , is as follows [FGL87], where Vo

isversa=1—-cosa:
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rzryVa+r.Sa r*Va+Ca ryr:Va —r;Sa
rer:Va—r,Sa ryr.Va+r.Sa r.2Va+Ca

r:2Va + Ca reryVa—r.Sa rr;Va+r,Sa
(C.83)

As the rotation vector 7 lies in the xy-plane, 7 = (rz,ry,7.) = (§8,C3.0).
We can therefore simplify Equation C.83 to

SBCBVa C*BVa+Ca -SBSa
-CBSa SBSa Ca

S?28Va+ Ca SBCBVa C3Sa
Rr,a = ( (Cs'l)

It is again convenient to deal with relative precision P,. from Equation
7.4

2% cos 8.

Prel = =
z2cosd .

(C.85)

We assume the sensor range has been optimally set at z = f;R,. From
Equation C.84,

2 =-CBSaz+SBSay+Cac:. (C.86)

Inclination angle 8, is the angle between the projection of the surface
normal 77 on the y-z plane in camera space in the absence of pose axis error
- that is, ny; = (0,ny,n:), and the negative of the camera boresight u. =
(0,0,1). Similarly, inclination angle #,. is the angle between the surface
normal in camera space in the y-z plane in the presence of pose axis error
n;z' = (0,n,’,n;") and ¥z = (0,0,1).

Here,
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-

n,, = SBCBVan,+ (C?BVa+ Ca)n, — S3San.,
n,! = CBSBn;+ SBSan, + Can.. (C.87)
Then,
No. * Ue
co,, = —LF——, (C.88
v = i1l ezl )

-

ny:’ . u’;r

=y 1B (C.89)
Hry:'|| ||z ||

&y

Let us consider the case where the sensor is optimally positioned such

that the inclination angles are zero. Therefore, 6,. = 6,. = 0 which implies
i = (0,0, 1). Additionally, we are concerned only with points near the sensor
boresight - that is, z = y = 0. Then, n,.’ = (0, -S3Sa,Ca), z'*/2? = C?a

and

Co,. =1, (C.90)

Ca
Ce,. = : (C.91
¥ /[s?285% + C?a )

Then, the expression for relative precision P, at Equation C.85 is

e V/S285%a + C?a
Ca

= C20//S?AT% +1. (C.92)

P =
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As T?a < 1, Equation C.92 can be written as follows

Prel = C2(!(1+

S?8T?a 3 S“ﬁT“a)
‘)

2 8
2 4
= Cla+ 52525 a_S BT;"S?O‘. (C.93)

As a precursor to computing the statistics of P,.;, we next compute the
statistics of a and 3.

Statistics of 3 Recalling that 3 has a uniform distribution over [—, ], it

can be shown that

E[SB] = E[CB] = E[SBCB] =0 (C.94)
E[S?8] = E[C28] = 1/2 (C.95)
E[SBC?3] = E[S?8C3| = E[S*8] =0 (C.96)
E[S?3C?8] = 1/8 (C.97)

E[S'8] =3/8 (C.98)

E[|S8l]l = E[ICB|] = 2/= (C.99)

E[|SBCB|] = 1/ (C-100)
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Statistics of @ As a is a zero-mean Gaussian process with standard devi-

ation g, and neglecting high order terms, it can be shown that

E[Sa] =0 (C.101)

E[Ca] = e-%) n 1 — %‘2 (C.102)
E[T?a] = E[S%a] = 0,® (C.103)
E[C%a]l =1 —a,? (C.104)

E[Ca] =1 - 20,? (C.105)
E[SaTa] = o,? (C.106)
E[SaT?] =0 (C.107)
E[SaT?%a] = E[S?aT?a] = O(a,*) (C.108)
E[|Tal] = Ua\/g (C.109)
E[SaCa] =0 (C.110)

E[S%aC?%a] = 0,2 (C.111)
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Statistics of P,.; With the above results, we can now compute the statis-
tics of P,.. Applying the expected value operator to Equation C.93 and

retaining terms up to quadratic in o,, we get the following approximation

30,2
kP, = 1- 4a . (C.112)
Similarly, to compute the variance
30,2
(up, ) ~1— ==, (C.113)
A 30,2
hp == E[C%a + S?8S%aC?a] =1 — 5" (C.114)
So, using terms up to quadratic in o,, the variance o Pre12 is
dPrelz = #Prelz - (#f)rel)2 =0. (C’115)

Precision Impact Interpretation In summary, for the optimal viewing
geometry (zero inclination angle and measurements near the sensor bore-
: 2 .

sight), u P and o P, areas follows:

30,2
kp,,=1- 4" , (C.116)

opnf =0. (C.117)

Average precision is marginally improved while the variance is zero. The
first effect results from the small but consistent range reduction with axis
error, while the second is due to the symmetrical viewing geometry under
these conditions.
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C.2.2 Sampling Density Impact

Sampling Density Estimation Model This section considers the effect
of the axis component of pose orientation error on sampling density esti-

mation. From Equation 7.9, our model for relative sampling density D,
is

C'zo’xzczg'yz R.::?Czoyz + fd2Ro2C20:r::

Drc = > .
'~ C,.C%9,. R.°C%,, + [{R,°C?¥ .

(C.118)

For axis error angle a at angle 8 to the xy-plane co-ordinate frame, we

have the following geometric relationships:

R..2 =22+ 1% = f2R,? + 1. (C.119)

R.?= 2%+ 1% (C.120)

2 =-CBSaz+S8Say+Cacz, (C.121)

' =(S?8Va+Ca) z+ SBCaVay+CBSa :. (C.122)

With the sensor in the optimal scanning configuration, 6,. = b= = 0 and

z =y = 0. Then, as shown in the previous section

' = CBSafiR., (C.123)
2 = CafiR,, (C.124)
R..”> = iR, (C.125)

R..? = (C?8S%a + C?a) fLR.>, (C.126)
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Ch,, = Ch,, =1, (C.127)

Co.. = Ca , (C.128)
\/C?35% + C?a

ce,. = Ca . (C.129)
/5%65% + Ca

Using the above relationships, D,.; simplifies to

2C%a
(C?*8S%a + C?%a)? + (528S%a + C?a)
2
1+ C%a + S%28T?%a + C*35%aT?a + 2C?*3S%a’

D rel

(C.130)

The expression for D,.; at Equation C.130 can be expressed in a Maclaurin
series expansion in terms of a about a = 0. Retaining only terms up to

quadratic as usual, D, becomes

(1 —2C?3 — S*8)a®

Dpgy =1+ 5 (C.131)
Hence
ED,, = 1-— %‘2. (C.132)
Then
0.2
(pDrd)2 ~1-— % (C.133)
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Similarly, a Maclaurin series expansion of D,.;*> gives

D> =1+ (1 — 2C?3 — 523)a® (C.134)

from which

0.2

‘)

E[D.’]=1- (C.135)

so that

UDnlz = E[Drcl2] - (/“D )2 =0. (C.136)

rel

Sampling Density Impact Interpretation In summary, for the optimal
viewing geometry (zero inclination angle and measurements near the sensor

boresight), up_, and ”D,,,2 are as follows:

0a* -
”Drel =1- -—4—', (C13l)

op,. % =0. (C.138)

Average sampling density is marginally reduced while the variance is zero.
In the first case, benefits from the small but consistent range reduction are
overpowered by the fact that all measurements under pose axis error are
made slightly off boresight. As was the case for measurement precision, the
variance of the sampling density is again zero due to the symmetrical viewing

geometry under these conditions.
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Figure C.3: Field of View Erosion with Axis Error

C.2.3 Visibility Impact

The visibility impact of sensor axis orientation error will depend on object
shape, optical baseline length, sensor-object relative pose and the magnitude
of the orientation error. Axis orientation error o, has the effect of causing
a wobble in the position of the optical transmitter and receiver. The degree
of wobble is determined by the orientation error, the length of the optical
baseline and the position of the scan along the y-axis. Effects are similar to
those generated by pose position error. Visibility impacts will generally be

low at small axis orientation error o,.

C.2.4 Frustum Occupancy Impact

Field of View Erosion As illustrated in Figure C.3, axis orientation er-
ror about the sensor boresight changes the sensor aiming point and thus
potentially has a large impact on actual versus planned coverage.

At the specified stand-off range of fyR,, the projection of the sensor

boresight on the frustum cross-section is off-set by an amount (d.,d,) =
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(faRoTaCpB, f4R,TaS3). Recall that we model axis error with two com-
ponents, a and 3. The off-boresight angle error a is modeled as a zero-
mean Gaussian process with standard deviation o, while the angular location
around the boresight 3 has a uniform distribution over [—x,7]. Then, the

targeted sensor footprint is reduced to the following, where the scan length

has again been optimally configured:

TF' = (2f4R,T®, — |d;|)(faRo®: — Idyl)- (C.139)

Then, the relative targeted footprint is

(zdeoT(p'.’ - deolTaCBD (deo(p.t - deolTaSBI)
2dequ>2 deOCp.t

= 1-a|TaCB| - b|TaSs| + cT?a|C3S 3} (C.140)

TFq =

where a = 1/2T®,, b = 1/®, and ¢ = 1/2TP,P,. Consequently, the average

relative targeted footprint is

2 [2 o
MTF,., = 1—o0.(a+ b);\/; + CT. (C.141)

To compute the variance, we have

4 /2 0.2 8
2~ 1- 2.2 L 9p2a 2 2
(eTF.,) 1 Ua(a+b)7r‘/7r +2c— + ga*(a +b)’,

(C.142)

2 2 2(a2 + b2
Oa +‘2aba“ . o.’(a® + )-
T 2

E[TF..?] = 1—o4(a+ b)i‘/g+ 2c
(K T

(C.143)
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Thus

orrF. = Z5[(a +b6%)(x® — 16) + dab(x? — 8)]. (C.144)

In summary, the relative impact of the axis component of pose orientation

error on field of view erosion is approximately

(2. +2T®,) [2 Oa?

HTFq = 1 7T PP, 7o + 2nT PP, (C.145)

0.2

2 - __"e 2y(r3 _ 2 _
OTF,., = ST T20,3. [(4T%®, + B,°) (7> — 16) + 8T ®,d, (7% — 8)].

(C.146)

The impact of the axis component of pose orientation error on viewpoint
coverage calculated from Equations C.145 and C.146 is shown at Figure 7.10
for a line-scan sensor with &, = 30° and the optimum scanning geome-
try. One- and two-sigma curves for relative targeted footprint are displayed
bracketing the average value. We observe that there is a high level of frustum
erosion with pose axis orientation error and, hence a serious impact on view
planning.

Depth of Field Erosion Pose error produces frustum erosion whenever
d: > (fa — 1)R,. Unlike the case of pose position error which results in
catastrophic frustum erosion of an entire scan, frustum erosion under axis
error is a slowly occurring phenomena, starting at the far edges of the frustum

cross-section and gradually moving inward with increasing error.



242 APPENDIX C. VIEW PLANNING IMPACT OF POSE ERROR

It is easily shown that depth of field erosion from axis error will begin to

occur in the y-z plane when

Ja—1 -
Sa > C.147
Jfa®2 ( )
and in the x-z plane when
Sa > f“(; L (C.148)

For small a, Sa = a. Thus, using the most conservative test from Equa-

tions C.147 and C.148, depth of field erosion will begin to occur for

fa—1

a > .
fa®P2

(C.149)

Therefore, the statistic of interest is the probability Pla > (fs — 1)/(fa®2)]-
Then,

Pla > %lq,‘;)] =1-o[fgl). (C.150)

The probability of depth of field erosion with pose axis error is shown

at Figure 7.8, plotted on a normalized logarithmic scale. These curves can

be compared with depth of field erosion with pose position error shown at

Figure 7.7. Recall, however, that frustum depth of field erosion under axis

error is gradual, whereas it is abrupt and catastrophic with position error. In

summary, pose axis error results in only minor frustum depth of field erosion
under most practical system configurations.
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C.3 Twist Error

C.3.1 Measurement Precision Impact

Precision Estimation Model This section considers the effect of the
twist component of pose orientation error on measurement precision esti-

mation - that is, rotation error about the sensor boresight. Twist angle error
a about the sensor z-axis is modeled as a zero-mean Gaussian process with

standard deviation g,. The corresponding rotation matrix R, ,is

Ca —-Sa 0
R.o=| Sa Ca 0 (C.151)
0 0 1
Range remains constant 2’ = z = f;R,, so the relative measurement
precision P, is
Gy  €OSOy.

Pu=22= .
T 6. coséy.

(C.152)

Inclination angle 8, is the angle between the projection of the surface normal
7 in camera space on the y-z plane ny. = (0, ny, n.) and the camera boresight
axis u; = (0,0,1). Similarly, inclination angle ¢,. is the angle between
the perturbed surface normal n;;' = (0,n,/,n.") = (0,San; + Cany,n.) in

camera space and u;r = (0,0, 1). Then,

nyz * u: n:

co,, = — — = ,
Tl el /o2 402

(C.133)

n;z’ - Uz n; -
co, = Tz U _ : (C.154)
T gl [l \/(S'omz + Cany)? + n;?
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Consequently, as n;/n; =T, and ny/n, =T6,,

cos 6. (San; + Cany)? + n,?
cos . \ ny? + n.?

(SaTb,. + CaTh,.)> +1
O\ T%6,. +1

= COy.\/1 + (SaT¥b,. + CaT¥,.)2. (C.155)

Then, the relative measurement precision P, is

Pro = CO,:0/1 + (SaT¥,. + CaTl,.)2. (C.156)

Statistics of P,.,, Equation C.156 can be rewritten as follows, where a =
(SaTb,. + CaT#,.)>:

Py =C8,.V1+a. (C.157)

As T6.. < /3 and T6,. < V3 in the range of interest (i.e. below thresh-
old) and a <« 1, Equation C.157 can be approximated as

2 a3 5 a4

e_d @ s,

- @ 5
Pra=Cl:ll+3 -5+ 16 128 )1

(C.158)
Therefore, using Equations [C.101-C.111] and taking terms up to quadratic

in oy, we get the following:

Ela] = E[S?aT?0..+ C%aT?,. + 25aCaT¥,.T6,.]
= 0.32?932 + (1 - atz)quyzv (C.159)
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E[a®) = 60,°T?%0,.T?6,. + (1 — 20,2)T*0

yz
E[03] = 150:2T2023T40y: + (1 - 30(2)T60y:,

Ela*] = 280,°T?0,.T%0,. + (1 — 40,%)T%9,..

Collecting terms, we get

0,2T?0,. 0.2T?0,,
uPrcl = C'Oyz[sl— : 5 y82+ : 2 :33]

where

IS PO VT | 5 .8
sl—1+2T 8T-§-16T6 128T+ ,

— 12 34 9 6 35 8
s2=1-3T2+ 2T = 2T+ T + -,

_ 30 19,4 35 315, 4
s3=1 2T-+-8T 16T6+128T+
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(C.160)

(C.161)

(C.162)

(C.163)

(C.164)

(C.165)

(C.166)

and T = T#6,.. Closed form solutions exist for these infinite series, as follows:

1

= 211/2 = —_—
s1 =[1+4+T7 co
s2 =[1+T%"'2 = Ce,.,

s = [1+ T2 = C%,.

So the average relative precision is

(C.167)

(C.168)

(C.169)
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2
”Prel =1+ o_‘;-[T2012040y3 - Szoy:]' (C-ITO)

To calculate the variance, we compute

E[P..*] = E[C?,.(1 + a)]

1 +0.°T?%0,.C*8,. — 5,°S?0,. (C.171)

up =1+ 0.7°T%0..C*0,. — 5,250, (C.172)

from which the variance of P, is

op, .} = 0,°T%0;,5,.C*0,. (C.173)

and the standard deviation is

op, , = 0:T6:.56,.C6,.. (C.174)

Precision Impact Interpretation Considering the behavior of relative
precision P, for optimal scanning geometry of 8. = 8,: = 0, we note from
Equations C.170 and C.173 that its average is unchanged and variance is

zero. These statistics result from the symmetrical viewing geometry under
these special circumstances:

Pu=~1, (C.175)

op_ ~0. (C.176)

Even with non-optimal scanning geometry, it is evident that the effect of
twist orientation error on precision estimation is marginal.
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C.3.2 Sampling Density Impact

Sampling Density Estimation Model This section considers the effect
of the twist component of pose orientation error on sampling density esti-
mation. From Equation 7.9, our model for relative sampling density D,
is

C?¢/::C*¢'y. R::>C*0y. + fi’Ro"C?0::

Drel = C2012020y: 1{13202011,: +fd2Ro2C20,I:.

(C.177)

For rotation error angle a about the boresight, we have the following

geometric relationships

R..2 =22+ 1% = f’R,? + 12, (C.178)
R.? =27+ 72, (C.179)
Z=z2= f4R,, (C.180)
' =Caz—Say, (C.181)
Tl-2
C20,. = T (C.182)
n_?
C?9,, = m, (C.183)
c,. = n? (C.184)

(Cany — Sany)?+n,?’
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2

2 _ .
C0y: = (San; +Cany)? +n.?2’ (C.185)
From the above, Equation C.177 reduces to
.2 22 "6y \
D = (I+z*)(1+T%0::) + (1 +7%6,:) N (C.186)

(1 +t12)(1+t22)+(1+t32) - D

where r, = z/f4R, = tano;., y» = y/faRo, t\ = Caz, — Say,, ta =
CaT0,. — SaT#b,., and t3 = SaT0,. + CaTf,..

The numerator of Equation C.186 reduces to

(1 + z,%)C?0,. + C?0,.
C?6,.C70,.

C?0,. + C?¢..C?0,.
Czoyzc2¢:t:c20y: )

(C.187)

As |t;|, |t2| and |t3] are all < 1 over the range of interest, the denominator
can be written as D = 2(1 + t) where t = (£,2 + t52 + t32 + t,%t2)/2. Then,

the relative sampling density D,.; is

N
Drel = m (C.ISS)

which can be further written as

Dyu = %(1 —t + O(t2)). (C.189)
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Statistics of D,,; Considering only terms up to quadratic in the key vari-

ables, the average relative sampling density p D, is approximately

BD., = E[%(I - t)] (C.190)
where
Elt] = :1;{5'[312] + E[t*] + E[ts%] + E[t1*] E[t2"]}, (C.191)
Elt,’] = E[C’az.?+ S’ay,?—2SaCaz,y,
= (1 - ng)l'r") + d,zy,-z, (C.192)

E[t;?] = E[C?aT?0,. + S*aT?0,. — 2SaCaT6,.Tb,.]
= (1 - 012)1‘2012 + atqugyzy (C.193)

E[ts?] = E[S?aT?0,. + C*aT?0,, + 25aCaT?8,.TH,.)
= 0.°T?%0,. + (1 — 0,2)T?9,., (C.194)

E[t*t%] = E[(C?az,?+ S’ay,? - 2SaCaz.y,)
(C?*aT?0.. + S?aT?0,, — 2SaCaT?9,.T6,.)]
= (1 - 20:%)z,%T?%0,. + 0.2y, 2T?0,.
+0:%2,*T%0y. + 40¢°z,y,T0..T0,., (C.195)
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El] = >{z2(1+T%,.)+T%,. +T%,. +

o’ [z, 2(1 + 2T%0::) + ¥ 2 (1 + T2%8;.) + 2,°T?0,. + 4z,y,70..T6,.]}.
(C.196)

Collecting terms, we get the following expression for the average relative
sampling density p D,.p’ where N is defined at Equation C.187:

N 2
uDrcl =~ I[? - .’L',-'(l + ’Iqo.t:) - 1‘201: - pe!ﬂ]

+0'¢;-’V [z.2(1 + 2T%0,.) — . *(1 + T?6;.) — z,.2T?0,. — 4z,y,T76..T0,.].
(C.197)
For the variance, we have the following, considering terms to O(t?)
N 2
BD,, = ?(1 — E[t] + E[t?)), (C.198)
N2
up, = ‘—4-(1 - 2E[t] + (E[t])? + 2E[2]). (C.199)
2y N2 2
E[Dra”] = — (1 = 2E[t] + 3E[#?)). (C.200)

Therefore, the variance o Dre12 is

ot~ (B - (Bl

N20,2z,2
= — (w1 +T%;.) +z,T6..T6,.).  (C.201)
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Hence, the standard deviation o Do is

Nox,

°p,., = 5 ly-(1 +T?6,.) + z,T6..T6,.)]. (C.202)

Sampling Density Impact Interpretation Considering the behavior of
relative sampling density for optimal scanning geometry of 0. = 68,. = 0,
the coefficient N reduces to (1 + C?¢;.)/C?¢.. and we obtain the following

simplified expressions for the average and variance of D,.; from Equations
C.197 and C.202:

N o*N, .

Bp., = 1—[2 -z + ‘T[xrl - v, (C.203)
N |
op,, = —arr (C.204)
Furthermore, for measurements near the sensor boresight (z, =~ 0 = y, ),
then

ep,, =1 (C.205)
op,., =0 (C.206)

Even with non-optimal scanning geometry, it is evident that the effect of

twist orientation error on sampling density estimation is marginal.

C.3.3 Visibility Impact

The visibility impact of sensor twist orientation error will depend on the

object shape, sensor optical baseline, sensor-object relative pose and the
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Figure C.4: Field of View Erosion with Twist Error

magnitude of the orientation error. The impact on visibility will generally
be low at small twist orientation error o,. However, occasionally even small
orientation errors may be sufficient to push the visibility of surface elements
near threshold into occlusion. Moderate to large twist orientation errors will
result in significant unplanned occlusions due to shadow effects arising from

the non-zero optical baseline.

C.3.4 Frustum Occupancy Impact

Field of View Erosion As illustrated in Figure C.4, twist orientation
error about the sensor boresight reduces the effective coverage. It is readily
shown that coverage reduction érf¢ is as follows, where W and L are the

width and length of the frustum cross-section at the desired stand-off range:

l1—-Ca

OrF = 2|Sa|Ca

[L? + W2 — 2LW|Sq]]. (C-207)
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As we are interested only in relatively small angle errors, the absolute value
operator need only be applied to the Sa term. It is convenient to rewrite the

foregoing as

_ LW(Ca-1)  |Sal(L*+W?)

StF Ca 2Ca(l + Ca) *

(C.208)

For small a and considering only terms up to quadratic in the series
expansion for Ca, Equation C.208 can be approximated by the following:

_Lwa? | |al(L? + W?)

orF = 3 1 (C.209)
Consequently, the relative targeted footprint is
LW — brp
The = =5 —
laj(L? + W?) a? 5
1 iw 2 (C.210)

As the frustum width at the optimum stand-off range is W = 2f,R, T,
and the scan length has been optimized to L = f;R,®., Equation C.210 is

2

TF,y=1-ala|+ % (C.211)
where
‘pzz + 41»2@2
= —_—_— 212
8. TP, (C.212)

Then, the average relative targeted footprint is
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2 o2
wrE,, =1- aa,\/; + 2 (C.213)

Similarly,

E[TF,-,,2] =1- 2aa¢\/g + (a® + 1)o,2. (C.214)

Consequently, the variance OTF.., is

UTFrelz = E[TF"‘ZI - (l'”I’F‘l'el)2

T—2
aza'g2_(‘ ).
Iy

(C.215)

In summary, the relative impact of the twist component of viewpoint

orientation error on field of view erosion is approximately

0,2+ 4T?®, [2 o2
“TRa =1~ g 19, Vz%* 2 (€:216)
OTF. = 80T, ‘/ —— 0. (C.217)

The impact of the twist component of pose orientation error on viewpoint
coverage calculated from Equations C.216 and C.217 is shown in Figure 7.11
for a line-scan sensor with &, = 30°. One- and two-sigma curves for relative
targeted footprint are displayed bracketing the average value. We observe
that pose twist orientation error results in low frustum erosion and thus
impacts view planning.
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Depth of Field Erosion As twist orientation error does not change the

sensor stand-off range, it does not erode the sensor depth of field.
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