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ABSTRACT

A range image presents direct information of the location of sampled object points in

three dimensions. In order for the range information to be useful, it must be registered with

an existing model according to the position from which the data was acquired and the

orientation of the sensor. Thus, given a finite number of range images in which the

majority of an object's surface has been sampled, a prototype three-dimensional model of

the object may be reconstructed.

The primary focus of the research described in this thesis has been to design and

implement a system capable of automatically reconstructing a prototype three-dimensional

model from a minimum number of range images of an object. Given an ideal 3-D model,

our system iteratively renders range and intensity images of the object from a specified

position, assimilates the range information into a prototype model, and determines a sensor

position and orientation from which an optimum amount of previously unrecorded

information may be acquired. The system tests at each iteration whether the model meets a

given threshold of accuracy, at which point reconstruction is terminated. Such a system

may find application in the context of robot navigation, manufacturing, or hazardous

materials handling.

We have tested the system successfully on several synthetic data streams, and found

each set of results to be reasonably consistent with an intuitive human search. The number

of views necessary to reconstruct an adequate 3-D prototype will always depend on the

complexity of the object or scene and the initial data collected. The models which the

system recovers compare well with the ideal models, given a reasonable number of views.

Our results illustrate the fact that range information of physical objects can be employed to

automatically reconstruct a satisfactory dynamic 3-D model at a minimal computational

expense.
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CHAPTER 1

INTRODUCTION

1.1 Problem Definition

In the event of an intelligent system encountering an unknown object or environment, the

system inevitably will be required to reconstruct a prototype or model of the object

containing knowledge organized in such a way that the information presented by the model

is more suitable for use by the system than information directly extracted from the object.

The system must engage in the use of whatever sensory equipment is available to populate

its knowledge base with any pertinent information (e.g., color, frequency, location, velocity,

etc.) of the object's properties or status (see Fig. 1.1). That information must then be

transformed to fit its scope relative to some calibrated frame of reference and fitted for use

so that its form allows for more efficient inspection by the system.

For instance, let us briefly consider the case in which an industrial waste disposal team

has been assigned to dismantle a facility contaminated with some form of hazardous waste.

The team must use all faculties available to acquire information regarding the layout of the

facility and the locations of any potential hazards. This information may include any

knowledge given a priori, such as a schematic of the facility layout or a laborer's first-hand

experience there. More likely, the team will be required to insert a system capable of

acquiring current information from multi-faceted sensory input, with which the system can

construct a working model of the facility allowing tele-operated disposal machinery to be

maneuvered within. The model constructed by the system should be accurate and robust in

order to prevent injury to equipment or personnel.
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Figure 1.1: The system must engage in the use of whatever sensory equipment is available
to populate its knowledge base with any pertinent information.

Specifically in this document we shall consider the case in which we would like to

reconstruct the best possible three-dimensional model of a static object. This will involve

acquiring 3-D or range information from a number of locations around the object,

consequently transforming it into (aligning it with) the three-dimensional world coordinate

system, then updating the model with the new information. The updated model should

contain every piece of pertinent information. For this to be possible, we must acquire and

manipulate the data as efficiently as the environment will allow. When practical, we will

extract multiple sets of usable information from one set of sensory data, or fuse multiple

sets of sensory data to obtain an optimally organized set of usable information.

The sensor which we shall primarily use in this research is a range camera. A range

camera may be seen as being much like an ordinary digital camera, which acquires a stream

of intensity data and organizes it into a two-dimensional array of pixels to form an intensity

image (see Fig. 1.2). Rather than intensity data, however, the range camera returns a

stream of range or depth information for each pixel. Thus for each pixel we will have a

value (between a pre-specified maximum and minimum) which will represent the distance

from the sensor center to the point in space that each pixel represents. This concept will be

explained in greater detail in Chapter 3.



Our concern with the range sensor will be to position it such that it will obtain the

greatest amount of previously unknown information regarding the object or scene so we

will have as complete a 3-D model as possible. This issue will from this point be referred

to as the best-next-view problem. We define the best-next-view position as the next camera

pose which will extract the greatest amount of unknown scene information. The ultimate

product of a system which solves the best-next-view problem will be a list of a minimum

number of sensing operations which will completely reconstruct a model of an object or

scene (see Fig. 1.3).

It is possible to implement 3-D reconstruction with edge or silhouette information

from two-dimensional intensity data, but depth information from range data will offer much

more direct extraction of the type of information we require. In the case of a range sensor,

the best-next-view system will acquire 3-D data and assimilate it into a prototype world

model, then determine from the current data the sensor location which will potentially

extract the greatest amount of new information. The application of a range sensor to the

best-next-view problem will offer both an accurate and reasonably cost effective tool for

the acquisition of 3-D data.

Input Data Stream

I  □□□□□□□□ ... 1

Arbitrary Object

* Digital Camera

Intensity Image

Figure 1.2: A digital camera organizes a stream of intensity data into a two-dimensional
array of pixels to form an intensity image.
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Determining the location of the best next camera position has always been an

important issue in the areas of machine navigation, object recognition, and automatic

inspection and manipulation [5]. It is also one of the most difficult issues to resolve in

those areas. Although there are many possible sensor positions, the sensor is able to

acquire accurate and complete information from only a fraction of them. It is these few

locations which we will attempt to find so they may be considered as candidates for the

best-next-view position.



1.2 Scope of the Current Application

In this section we will define the restrictions we shall place on any algorithm we develop to

solve the best-next-view problem, and make any further definitions which will be necessary

in later discussions. Primarily, the system which we wish to develop should be capable of

acquiring two-dimensional arrays of range information given a sensor position and

orientation. The system should also be capable of transforming the range data into 3-D

world coordinates and assimilating the new information into an existing 3-D prototype

model. The system must then inspect the updated 3-D model and deterrmne, using a

pre-specified set of decision rules or heuristics, the next range sensor position and

orientation which will reveal the greatest quantity of unknown 3-D information.

In the process of acquiring range images of actual physical objects, one may expend a

large amount of time and effort simply placing the sensor in the specified position. An

additional problem that could occur is that once the sensor is positioned, we cannot be

absolutely certain of our accuracy without a good amount of additional calibration. Of

course, the camera position could be determined after an image has been obtained by

finding common features in previous images and matching three or more points in space.

This presents somewhat of a dilemma, considering the fact that we must make sure to

correctly align multiple coordinate systems more than once.

In this research, the system will internally survey an ideal 3-D model of the object and

acquire both range and intensity images of it with a minimum of effort. Keeping in mind

that the focus of this research is not on range camera calibration, the logical decision would

be to keep all range data acquisition internal to the system (at least during the research and

development phase of this project), minimizing both computational expense and calibration

error. Thus the developed system should take as input a model of a 3-D object and produce

a range image (and optionally an intensity image) which may then be registered with a

world model.



We should also consider the number of degrees of freedom which will be allowed to

the algorithms. In other words, we should determine whether it will be necessary to place

certain restrictions on the positions or orientations which will be returned by the algorithms.

One restriction which might be considered intuitive when examining a 3-D object is that we

cannot place the range sensor inside the object. How does one restrict a computer

algorithm such that locations inside a model are not considered, when the model has not yet

been reconstructed? Also, once the sensor has been positioned, we must be sure that it is

oriented such that at least a large portion of the model is visible. A simple solution to both

of these problems would be to always place the sensor at a fixed radius from the object

center, defined by the user prior to algorithm execution, oriented in the direction of the

radius, as in the situation of Fig. 1.3. Of course these restrictions will limit the

reconstructive capability of the algorithms somewhat, but they will also greatly simplify the

decision which is to be made. Rather than an infinite number of possible points in three

dimensions, we now need only consider the positions on a sphere of fixed radius centered

around the object. The conclusion is thus that all best-next-view algorithms discussed in

this research will return viewpoints located at some pre-determined radius from the object

center, and the camera will by default be oriented in the direction of a line radiated from the

object center to the returned point.

One issue as yet to be defined in this discussion is exactly what format we shall use for

the organization of our 3-D models. This should be considered an issue of great importance

in this research, considering the fact that the form of the model will affect the performance

of any operations upon it. Possible formats include lists of primitive object typ)es (cubes,

cylinders, etc.), 3-D arrays, and octrees. Each format of representation possesses its own

advantages and disadvantages which must be considered in determining the best format for

our purposes. Because this topic is of such great central importance, it will be discussed in

great detail in Chapter 4 of this thesis.



1.3 Organization of this Document

In this section we will briefly discuss the content of the different chapters and sections in

this thesis. Chapter 2 will provide a comprehensive review of recent research in areas

related to the best-next-view problem. This review will cover research in several

sub-groups of sensor planning. These sub-groups include sensor parameter planning,

sensor placement for robot navigation, optical sensor placement, and range sensor

placement. In this manner, the review should reveal techniques and approaches which

might not have been taken into consideration for range sensor placement.

Chapter 3 will focus on the topic of range imaging. In Section 3.1, the concept of

depth measurement will be discussed, along with certain other topics pertaining to range

imaging. In Section 3.2, we will define a typical method for representing raw range data,

and the paradigm which we shall use in this research for range representation. In Section

3.3 we will describe several methods that may be used to obtain a depth map (range image)

and cite a number of references where the approaches are discussed in detail. Section 3.4

will describe the application which we have generated to render synthetic range and

intensity images from an object model.

In Chapter 4, the focus of interest will be on the modeling of 3-D objects. In Section

4.1, we will describe some of the various formats used for modeling 3-D objects and

environments. Each paradigm will be examined for its practicality in such situations as our

own, and we will select the one determined to be most suited for our purposes. In Section

4.2 we will present the C++ class library developed specifically for implementation in this

context. Our interest is in modeling an object from a series of range images, so this will be

the topic of interest in Section 4.3, in which we will describe the algorithm we have

implemented for the assimilation of new range information into an existing 3-D prototype.

In Section 4.4, we will describe the techniques we have developed for formatting and

visualizing the 3-D model in a dynamic rendered context, and in Section 4.5 we will



summarize the complete discussion of Chapter 4.

Chapter 5 will directly address the issue of the best-next-view problem. After

introducing the best-next-view problem completely and stating the objective of the system

we will develop, we will discuss several approaches we have implemented for determining

the best-next-view position. These approaches are completely independent of one another,

and take as input a 3-D model of incomplete status and return a position from which a large

quantity of new 3-D information may be obtained.

In Chapter 6 we will define the system that is an intelligent combination of the

described methods. In Sections 6.1 and 6.2 we will address the optimization of the system.

Specifically, in Section 6.1 we will define the method we will use to provide the sensor

with an unoccluded view of a feature of interest, and in Section 6.2 we will consider the

situation in which the position returned by the system is too close to a previous sensing

location. Section 6.3 will define the criteria which will determine when the reconstruction

of a 3-D model should be terminated. In Section 6.4, we will use our knowledge of the four

approaches described in Chapter 5 to integrate them into an intelligent, autonomous 3-D

modeler. Section 6.5 will illustrate the software implementation of this best-next-view

system.

Chapter 7 will contain the compiled results fi-om the submission of several 3-D models

to the intelligent best-next-view system described in Chapter 6. Each model will be

reconstructed at a standard resolution, to be determined in later discussions. The first

model will be reconstructed iteratively, with the results of the assimilation of each range

data set presented before the next image acquisition. The remainder of the models will be

presented in a more concise manner, with only the final reconstructed model visualized for

comparison with the ideal model. The fifth model will be reconstructed at somewhat higher

resolution, while the sixth model will be reconstructed past the threshold of accuracy set by

the intelligent system, to illustrate the diversity and extensibility of the system.
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Finally, we will summarize our findings in Chapter 8 and state our conclusions from

the system's results. We will make several statements regarding future work, and note

potential improvements that could be made to the current system.



CHAPTER 2

REVIEW OF RELATED WORK

In this chapter, we will present an overview of selected documentation in which work

pertinent to our own was performed. This overview will be subdivided into several

sections, examining certain topics which may be seen as relevant to the best-next-view

problem. The first four sections discuss robot navigation, automated sensor parameter

planning, model-based sensor placement, optical sensor placement, and range sensor

placement, respectively. In the last section we will present a summary of our findings from

the researched literature.

2.1 Automated Sensor Parameter Planning

This section will review recent work in the automatic planning of sensor parameters, such

as field of view, lighting, shutter speed, etc. Although the general concern of this topic is

not quite the same as our own, we will briefly outline some of the documents found that

relate most directly to this field.

Hager [30] describes a novel approach to sensor-based decision making based on

formulating and solving large systems of parametric constraints. The constraints describe

both a model for the sensor and the criteria for optimal sensor planning. The concepts

behind this method make it possible to guide the solution refinement process based on

task-specific decision criteria. The most obvious advantage of this approach is that it both

reduces the amount of work required to reach a decision and increases the likelihood of

reaching the correct decision with sparse or incomplete data. Two major weaknesses of the

techniques described in this document exist. First, the methods are only suitable for

10



problems that can be characterized with bounded observation error, known structural

models, and relatively few outlier points. Also, it was pointed out that convergence could

be quite slow for certain systems of constraints. The system was used to classify certain

parameters, including "graspability" (for a robot arm) and shape, of two ball-shaped

objects, a compact disc case, and two cylindrical objects.

In the work of Cameron and Durrant-Whyte [16], the authors develop a system that uses

the principles of statistical decision theory to determine the optimal sensing locations for

performing recognition and localization operations. The system uses a Bayesian approach

to incorporate prior object information (including object models or previously acquired

sensory data) in selecting sensing locations. The system is optimized such that it will take

advantage of whatever type of data is retumed by the sensor (and the saliency of the

features). The system was tested with a CCD camera mounted on a robot arm. It was

noted that further work was required to apply the techniques to a three-dimensional work

space, as well as in generating appropriate utility functions for a given task.

Hutchinson and Kak [32] describe an approach to dynamically planning sensing

strategies, based on the system's current most reliable information about the environment.

The system attempts to minimize the ambiguity which might remain in the updated world

model after the sensing operation has been completed. The ambiguity is measured based

on the concept of entropy from information theory. Using the pose transformation and

object model for each sensing position, the system predicts what features will be observable

and finds the sensing operation which minimizes the maximum ambiguity from all the sets

of sensing operations. The system was tested on light-stripe range images of a block

containing concavities, and retumed a set of possible viewing positions which would

minimize the remaining ambiguity in the model.

11



2.2 Sensor Placement for Robot Navigation

An intelligent robot navigating in an unknown environment will manipulate many

principles useful to a best-next-view system; both systems must be capable of determining

the next position in their environment which will allow further reconstruction of a world

model. A robot navigation system, however, will commonly restrict its mapping of the

environment to two dimensions (a floor map).

All [3] discusses a robotic system capable of navigating a robot along a 2-D floor map

and then navigating the arm of the mobile robot in three dimensions. For the 2-D path

planning, the robot uses a quadtree generated from a filtered image of the workspace. For

3-D planning, the robot generates an octree from three orthogonal camera positions with

respect to a reference point in the workspace. The path is detenmned from the quadtree or

octree using the A* search algorithm. The system was tested using images of a group of

blocks in a static environment, and successfully navigated a path through both 2-D and 3-D

environments. The author admits that the constraint on the acquisition of images is

unrealistic, but the system was constructed strictly for experimental purposes.

Xie et al. [60] describe an approach to selecting successive viewpoints which allow 3-D

models of objects to be constructed by a mobile robot. The 3-D decision is first simplified

into a 2-D decision by projecting the partial body models onto the horizontal plane and

approximating the projections with line segments. Viewpoints are then chosen to resolve

general ambiguities in the scene. The document also describes two related 2-D approaches

for planning viewpoints when object models are known a priori.

Asada [4] describes a system which builds a map of the environment for a mobile robot

from sensory data. A height map obtained from a range image is used to support various

tasks such as path planning and landmark recognition. First, the height map is segmented

into the regions unexplored, occluded, traversable, and obstacle. The itemized map is then

integrated into a global map by matching properties and updating region labels.

12



Hwang and Ahuja [33] survey previous work on gross-motion planning, including

motion planners for point robots, rigid robots, and manipulators in stationary, time-varying,

constrained, and movable-object environments. In their paper, several of the general issues

of motion planning are explained. In conclusion, recent approaches to the problem of

motion planning and possible future research directions are discussed.

2.3 Optical Sensor Placement

In the work of Cowan et al. [21, 22, 23], a system is discussed which determines various

optical sensor parameters (camera lens aperture, region in which to place light source,

camera position and orientation). The system takes as input models of the vision sensor

and its environment and calculates an approximate expected sensor output. The system

determines an optimal region for the camera position based on the region of interest on the

object model and the initial sensor resolution, field-of-view, and focus requirements. The

camera is typically then positioned at the centroid of the region output from the system. In

the most recent paper [23], the system was tested on a simple three-dimensional object (a

video cassette case). The light source was positioned according to visibility constraints,

and the camera position was detennined given the target region of interest on the object

model.

Kim [35] discusses an approach to model-based object recognition employing multiple

views from an optical camera. Emphasis is placed on the determination of camera

viewpoints for successive views searching for distinguishing features of objects. The

author present the possible relationships between camera and object;

1. Stationary camera, stationary objects (SCSO)
2. Stationary camera, moving objects (SCMO)
3. Moving camera, stationary objects (MCSO)
4. Moving camera, moving objects (MCMO),

and raises two questions regarding the use of multiple images to recognize an object and its
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pose:

1. "How can we recognize and determine the orientation of the object with a
minimum number of image analyses?"

2. "What should be the next viewpoint of the camera to take the most informative
picture?"

In the author's research, the position and orientation of the camera are determined

independently; the distance from camera to the object is determined by the size of the

object and the feature of interest, while the view direction is determined by the shape of

the feature of interest and the presence of occluding objects.

Yi et al. [61] present an optimization approach to sensor and light source positioning, in

which geometric measurement and object verification is important. The method defines the

optimal light source and sensor positions in such a way that when the sensor and light

source are placed, the resulting image produces the minimum variance for the specified

measurement. The goal of the vision task is assumed to specified in terms of measurements

related to edges. Using a model that takes into account the polarization of light, the

contrasts across edges are computed and used to estimate the variance of the required 2-D

measurement. The system was tested given a model of an asymmetric block, and the

results showed that the formulated problem could be solved by mathematical programrmng

techniques.

Taranabis et al. [55, 56] present the "MVP (machine vision planner) model-based sensor

planning system," which synthesizes desirable views of a scene based on geometric models

of the environment, optical models of the vision sensors, and models of the task to be

achieved. The system attempts to make features of interest visible, inside the field of view,

in focus, and magnified as required. Experimental results are presented for the system

applied to a robot vision apparatus consisting of a camera mounted on a robot manipulator

in a hand-eye configuration. The camera is positioned and the lens is focused according to

the results generated by the MVP.
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Taranabis et al. [57] also compiled a survey of sensor planning in computer vision. The

problem of sensor planning is defined therin as follows:

"Given information about the environment (e.g., the object under observation,
the available sensors) as well as information about the task that the vision
system is to accomplish (i.e., detection of object features, object recognition,
scene reconstruction, object manipulation) develop strategies to automatically
determine sensor parameter values that achieve this task with a certain degree
of satisfaction." [57]

Work is reviewed in the field of sensor planning for the task of feature detectability taking

the approaches of generate-and-test, synthesis, and expert systems. In summary, the

authors describe the work in sensor planning as the initial efforts of researchers to address a

problem with many degrees of freedom. It was noted that future work was required for

incorporating more realism into the object models, and relaxing some of the constraints

made on developed systems.

2.4 Range Sensor Placement

The field of range sensor placement directly addresses the issue of how to determine the

next position of the range sensor such that a three-dimensional model updated with the

acquired range information will assimilate the greatest amount of previously unknown

information. This is exactly the issue which we are attempting to address in this thesis. In

this section, we will review work directly relating to this topic.

Some of the first work done in automated range sensor positioning was done by

Connolly in 1985 [20]. In this research, Connolly developed two algorithms for

determining the best next view using partial octree models. Child nodes of a parent in the

octree will belong to one of three types: empty, occupied, or unseen. The initial view

position is completely arbitrary. The first system, the "Planetarium" algorithm, constructs

an equally latitudinally and longitudinally sampled sphere around the scene. At each

sample point on the sphere, the view of the present model is considered. The point at

which the greatest surface area of unseen nodes is visible will be selected as the next view
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position. The second system developed, the "Normal" algorithm, uses information about

the node faces in the octree which are common to both unseen and empty nodes (the

number of ±x, ±y, and ±z faces are counted). A vector is then formed from the larger value

for each of the three coordinate axes. The next position of the sensor will lie anywhere on a

ray in the direction of this vector emanating from the origin. Testing the two algorithms,

the Planetarium algorithm was shown to perform better in the presence of occlusions, but it

required on the order of thirty minutes of CPU time on a VAX 11/780 computer, as

opposed to the Normal algorithm, which generated a view vector in less than thirty seconds.

Abidi [1] focuses on the use of a vision sensor to perform the volumetric modeling of an

unknown object in an entirely autonomous fashion. The use of 2-D vision sensors is

examined for the application of closely viewing each local feature of interest, while 3-D

sensors are utilized for acquiring global information about the environment. In a proposed

automatic modeling system, a 2-D optimization process brings an imaged object into the

field of view of the camera, centers the object information on the image plane, and

maximizes the image resolution for optimal feature extraction. An entropy-based objective

functional is used to model the object or scene at the locations of occluding contours. A

local maximum of this function is found to determine the best next view position.

Banta et al. [5] present a range-based algorithm for three-dimensional reconstruction.

The proposed system assumes an arbitrary initial sensing position, and uses

two-dimensional edge information extracted directly from the most recently acquired range

image to determine the best-next-view position. Once each range image has been acquired,

the 21/2-dimensional range information is transformed directly to the corresponding 3-D

coordinates using a transformation matrix calculated from the sensor position and target

point. The edge map of a range image should represent discontinuities in a surface, which

produce occlusions to the camera's view. The criterion for algorithm termination is set by

the percent change in volume of the reconstructed model after the information from each
I

image has been assimilated into it. Results from two synthetic models are presented. The
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system performs adequately, but the limits to reconstructing a 3-D model from 2-D

information should be recognized.

Maver and Bajcsy [39] describe an automated occlusion-guided view-determining

system for scene reconstruction. The system is given a priori knowledge of the

environment and sensor geometry, and is applied to a light stripe range finder. A

characteristic of range images returned from such a sensor is that, of the object surfaces

visible to the sensor, only those which are illuminated by the laser (which is generally at

some position other than that of the camera) will be ranged; all others will be characterized

as occlusions. The system presented returns the next view position from which a complete

range image of the surface visible to the camera may be obtained. The system can then

compute new scanning planes for further 3-D data acquisition, based on the discontinuities

(occlusions) in the most recent range image.

Gerhardt and Hyun [28] pose two questions regarding view planning: how will the

object best be viewed; how many views are required to completely verify the object?

The authors classify view planning as a subset of sensor planning for systems dealing with

vision sensors. In this document, the criteria for view planning is defined by the pixel

resolution, surface area, and number of surfaces visible from a viewpoint. The authors

propose a system which constructs a geodesic half-sphere around a target object model

which contains viewpoints that have been determined to be free from obstructions. A

heuristic search algorithm is then applied to find a minimal view sequence. A curved shape

and a polyhedral object were propagated through the system to verify it.

Marshall and Roberts [38] address the problems associated with the inspection of

geometric features of machined objects using 3-D data acquired by an active stereo vision

system. They discuss how three-dimensional data may be processed to produce relevant

features, and how it may be inspected to reveal the greatest quantity of unseen data.

Having obtained a description of the location and orientation of the observed object from
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processed stereo range sensor data, the system determines the most suitable sensor

locations given a priori knowledge of an object model (the proposed system is to verify

features that should be there). To implement this, the system locates each region in space

which gives an unobstructed view of features on an object which should be verified. The

proposed system is still being constructed, so no results are presented.

In another publication, Maver et al. [40] propose a best-next-view system utilizing the

max-min principle as a heuristic. In this document, two systems are proposed. The first

system selects from all possible viewing directions the one which gives under the

worst-case assumptions for the unknown data the maximal amount of information. The

second proposed system computes the viewing directions from which all the data required

to accomplish a specified task can be acquired, then selecting from among those directions

the one which maximizes the amount of new information. The first strategy can be

compared to an algorithm which attempts to obtain at each step the maximal information

regardless of the final number of views, while the second strategy takes into account a more

global view. Results are presented for a simple geometric environment.

Pi to and Bajcsy [44] present a system to automatically acquire a surface model of an

arbitrary part and outline the constraints this system places on a solution to the

best-next-view problem. This system uses no a priori knowledge of the object. Each

consecutive range image is required to contain range data of part of the object's surface

already scanned, so it may be registered with previously acquired range images. The

concept of positional space is introduced as a basis for view representation. Two types of

information are recovered from range data: the visible surface and the void surface (see

Fig. 2.1). The criterion for determining the next view position is set by the void surface

area visible from a point. The algorithm is able to determine when all scannable surfaces

have been sampled, which allows system self-termination. Illustrated are reconstructed

surfaces from a clay bone and a coffee mug.

18



Sedas-Gersey [47] discusses a system for the automatic positioning of a mobile range

sensor. Knowledge of the feature of interest is assumed, including feature position and

surface orientation. The process of determining the next sensor pose is divided into two

steps. First, a position that satisfies all of the visibility, detectability, accuracy, and density

constraints is selected. The second step involves orienting the sensor such the feature is

inside the sensor's field of view. The system determines viewpoints based on the contour

of the feature surface and the field of view of the sensor. Although a fully developed

system is developed, no physical results are presented.

Tarbox and Gottschlich [58] examine the situation in which CAD-based modeling will

be used to inspect and verify the expected surface structure of a real object. This involves

comparing a model created using intensity or range information of the actual object to a

tolerance reference model of the ideal object. Three planning algorithms are presented for

finding a set of sensing operations for completely sampling or measuring the exposed

surface of an object to be inspected. The first algorithm weights points on the object

surface according to "sensing difficulty," and determines viewpoints which can view

hard-to-see regions. The second algorithm is similar, but instead of determining the view

position from averaged information, view positions are calculated from a lookup table. The

third algorithm perturbs a set of initially randomly placed sensing operations in order to

find plans that are generally much shorter than could be found by the first two algorithms.

Camera Position

Void Surface

Visible Surface

Figure 2.1: Information available from each view position is the visible surface and the
void surface.



Three sets of results are presented and compared for each algorithm. The first algorithm

was found to operate the most quickly, while the second tended to obtain more accurate

results, and the third algorithm of course produced the shortest plan.

2.5 Summary

In the previous sections, we have reviewed some of the more significant work related in

some way to the best-next-view problem. The research reviewed in automatic sensor

parameter planning should provide a variety of heuristics that can be used. Hutchinson and

Kak [32] proposed thet idea of minimizing ambiguity in an updated global model in order

to proceed with reconstruction. Because the field of robot navigation has the obvious

common ground of a sensor array mapping an unknown environment, certain revelations

from research into that topic should prove applicable. The approach taken by Asada [4], of

segmenting a reconstructed model into the regions unexplored, occluded, traversable, and

obstacle, should prove useful for optimal decision making.

Work in optical sensor placement apparently employs many of the same principles as

that in range sensor placement. The edge-based sensor placement technique used by Yi

[61] to position an optical sensor is similar to the methods used by Banta et al. in [5] and

Maver and Bajcsy in [39]. Taranabis et al. [57] formulate the problem of sensor planning

with great precision, and this formulation is also applicable to subsets of sensor planning,

including range sensor placement. The "Normal" algorithm developed by Connolly in [20]

appears to operate on a simple principle, and a variation on this algorithm will be used in

Chapter 4. Also, the extraction of two types of information from range data (as performed

by Pito and Bajcsy in [44] and shown in Fig. 2.1) will enable optimally efficient use of the

range data available.

Many of the principles described in the reviewed documentation, with certain variations

and exceptions, will also be adopted in this research. However, there will also be many
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original approaches and techniques developed for this thesis. The general expectation is

that any method developed will assume a combination of simplicity of implementation and

quality of the returned result. Several view-determining techniques will be developed in

Chapter 5 according to the standard of this expectation.

21



CHAPTER 3

RANGE IMAGE ACQUISITION

3.1 Depth Measurement

A range scanner is a device that senses 3-D positions in a scene and returns an array of

distance values. A range image is an mxn array that contains the radial distance from the

sensor center to the point each array element represents (see Fig. 3.1). The range image

may be compared with the familiar intensity image, which is a two-dimensional description

of the object surface as seen when visible light is reflected.

Range is defined as the distance from a point in a scene to a point in a known reference

coordinate system. Raw range data, in the form of a range image, only provides us with

"2'/2-dimensional" information—the range image describes only the surfaces ranged from a

specific position and orientation as perceived by a particular sensor. In order to extract true

three-dimensional scene information, we require knowledge of the camera pose. We define

the camera pose as the position and orientation of the camera in world coordinates.

Knowing the pose of the camera, we can compute a rigid transformation that will allow us

to register newly acquired range data with our world model.

Range data can be represented in Cartesian coordinates, spherical coordinates, or

cylindrical coordinates, depending on how the data is acquired and how it is to be used.

Range data is normally ordered in a Cartesian Elevation Map (CEM), and is represented in

a spherical, sensor-centered coordinate system as (r,6,(t)). In this paradigm, r is the

distance from the sensor center to the object, 0 is the azimuth angle or lateral deflection of

the ray, and (j) is the elevation angle. Both 0 and (j) may vary uniformly between the

maximum view angles. Two important parameters of a range scanner are the angular field
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(a) (b)

Figure 3.1: (a) A range image, obtained by anonymous ftp from peipa.essex.ac.uk, of a

Renault part and (b) the corresponding three-dimensional surface plot.

of view, which specifies the maximum angular field that the range scanner can cover, and

the range field of view, which gives the maximum and minimum depths of field the scanner

can detect.

3.2 Methods of Range Image Acquisition

The interest expressed by research and industry in range imaging has increased in recent

years, no doubt due in part to the improvement of technology in the areas of data

acquisition and parallel data processing. Because the field of range imaging is so broad, we

will limit our presentation of related work in that area to several brief citations of work on

certain techniques used to acquire range images.

Several ranging techniques employ passive sensors, which project nothing onto the

scene in order to determine discrete depth values. Lavest et. al. [36] discuss

three-dimensional reconstruction by zooming. From experimentally determined properties

of the camera lens, the authors are able to model the optical phenomena which occurs

during the zoom lens focal length change and consequently generate a two-dimensional

depth map of the sampled scene. Similar to the idea of range from zoom is the concept of

depth from focus. In [25], the authors review a suite of methods used in determining the



distances to points in an observed scene by modeling the effect that the camera's focal

parameters have on images acquired with a small depth of field. Among other passive

ranging techniques is the method of determining depth from stereo images. This is a

popular method due to its low cost. In [6], the authors present a method for reconstructing

the scene geometry from a pair of stereo images. In [15], the author describes a system

which has been implemented which reconstructs a model of its environment from dynamic

sets of stereo images. In [48], Sheckar and Chellappa discuss a range finding technique

based on a similar principle to the stereo vision concept. The system being researched

determines three-dimensional locations of salient points in the environment of a moving

camera based on a monocular image sequence obtained by the camera.

Alternatively to passive ranging techniques, we might consider a more accurate active

sensing approach. In [14], the authors present a technique for acquiring a range map using

color-encoded structured light. In the implementation of this method, a single encoded grid

of colored light stripes is used to illuminate the object or scene being ranged. Another

instrument that can be used to directly extract 3-D information from the scene is the

time-of-flight laser range scanner [17]. Such scanners determine range by measuring the

amount of time required to reflect a laser pulse. The phase and frequency of the reflected

pulse can be used to construct an intensity image as well as a range image from a single

two-dimensional scan. Systems also exist in which pairs of synchronized point scanners

optimize triangulation performance. Rioux [45] discusses a system in which two scanners

in synchronization allow a linear position sensor to be used for surface topography

measurement. The laser range scanner and variations on its concept seem to produce

reliable and accurate results. It is the laser range scanner which we will attempt to emulate

with our scanning of synthetic models.

More information on range imaging can be obtained by consulting a survey of range

finding techniques [34]. Jarvis [34] outlines the methods of contrived lighting range

finding, relative range from occlusion cues, depth from texture gradient, range from focus,
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range from stereo disparity, range from camera motion. Moire fringe range contours,

simple triangulation range finding, and time-of-flight range finding.

3.3 Synthetic Range Image Generation

As stated in the introduction, our goal will be to acquire synthetic range images of an object

model and assimilate them into a prototype model. Any of the techniques described in the

previous section can be used to acquire a range image. Because we are synthesizing a

range scanner, we will be able to acquire near-ideal range images. By emulating the

time-of-flight laser range scanner, we can completely measure the depths visible from a

view position. For our research, we will assume the range sensor to be at a fixed radius

from the object center. This will alleviate the need for a scaling component to the

transformation matrix. We will note that this restriction is not absolutely necessary. It

would be possible to implement a synthetic imager capable of zooming in or out on a

particular region of interest. For the purposes of our research, however, we can greatiy

simplify the process of range image acquisition and the assimilation of the range

information into three dimensions if we consider only those points at a fixed radius from

the object.

In order to input an object model into a range synthesizer, we will require an exterior

format for a three-dimensional model file. A practical and well-known 3-D file format is

the SGI Inventor file format [41]. A good deal of documentation is freely available

regarding the Inventor format. It was first released in July 1992 by Silicon Graphics, and

was specifically designed for the exchange of 3-D modeling information between software

applications. It has been used for CAD, chemistry, financial data, scientific visualization,

art history, earth sciences, presentation, architecture, animation, and other applications.

Created as part of the IRIS Inventor 3-D Toolkit, the Inventor file format is used by a large

assortment of 3-D applications and is the basis for the Virtual Reality Markup Language, an
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annex to the HyperText Markup Language. The Inventor format essentially creates an

object-oriented database, where objects can include groups, files, transformations, labels,

materials, drawing styles, lights, at least 18 different geometry types, and so on.

We have developed a software application which will take as a command line argument

the name of an inventor file which contains a 3-D model of an object. The application

reads the input model file and renders still range and intensity images of the object either

from a default view position or a position specified on the command line. Rather than

writing the application using the IRIS Open Inventor Toolkit, we chose to use a rendering

package: the SIPP (Simple Polygon Processor) rendering library freely available from the

Free Software Foundation in Cambridge, Massachusetts [62].

Porting a 3-D model from Inventor into SIPP is actually a fairly simple process. In the

Inventor file format, three-dimensional surfaces are represented as a list of connected

polygon vertices. In order to render a surface using the SIPP library, one passes the library

a similar list of polygons. The only difference in the two surface formats is the ordering of

the vertex list. Colored polygons are supported by both packages, allowing color to be

incorporated into any surface rendered. Thus, we were able to generate a rendering

application for both range and intensity images.

An illustration of the rendering capability of the application is shown in Fig. 3.2. In

Fig. 3.2(a) we see a range image of a model of a chair, and in (b) we see the corresponding

intensity image. The Inventor model which defined the input to the rendering application

was composed of a number of surfaces which could each be broken down into a list of

triangular polygons. In this research, we will routinely employ a range image output from

this application as input into another application, a function which will translate the

2'/2-dimensional range data into the 3-D world coordinate system. From the updated model,

we will go on to determine the best-next-view position using one of a number of

algorithms.
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Figure 3.2; (a) A range image, and (b) an intensity image of a chair model, both rendered

using an Inventor model file ported to the SIPP rendering library.



CHAPTER 4

THE MODELING OF A THREE-DIMENSIONAL OBJECT

The modeling of a three-dimensional object or environment may be accomplished using

data from one of many available types of sensors. In our research we will be concerned

with modeling objects from range data, as discussed in Chapter 3. In this chapter, we will

review several of the issues regarding the modeling of a 3-D object. In Section 4.1, the

topic of interest will be the format of representation for the 3-D models in this research.

We will review several possible formats, and determine the one most suitable for our

purposes. Section 4.2 will discuss the C++ class library we have compiled which

implements that format. In Section 4.3, we will describe the algorithm we have developed

for merging multiple range data sets of an object acquired from different perspectives. The

methods we have implemented for visualizing the models will be discussed in Section 4.4,

and in Section 4.5 we will summarize our discussion of 3-D modeling.

4.1 Representation of Discrete 3-D Data

Representation is obviously one of the fundamental building blocks of a system working

with three-dimensional models. The most practical paradigm of representation for our

purposes will be one which provides a terse, compact illustration of the object model. The

improvement of hardware facilities for parallel computation will encourage the

development of algorithms for computing properties of solids from these representations.

Also, with the declining cost of computer memory, explicit and intuitive representation of

objects may become increasingly more common.
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If we first consider the model format organized by a list of primitives, we may note that

if we were to reconstruct such a model, we would be required to recognize the primitive

objects within each range data stream. For instance, we might examine the most recently

acquired image for evidence of the presence of a cone. In order to find such evidence, we

would need to filter the image in some way so that the parameters or elements of the cone

revealed themselves (such a process is reviewed in [24]). Without any further

investigation, we can see that this line of action would lead us into more calculation than

necessary.

If we next consider reconstructing the model as an octree, we will recall that this

process is discussed in several instances in the reviewed literature [11, 19, 20, 37].

Therefore several methods have already been defined for reconstructing an octree from

range data. Another issue to be considered, however, is whether or not the octree format of

representation is indeed practical for use in a real-time application. Our reason for

reconstructing a model, after all, is so that we can determine from it the next location from

which it would best be viewed. Thus we shall be continually testing the states of nodes

(voxels) in the octree so that we can make the decision. In order to access the state of a

node in the octree, each parent node in the node's hierarchy must be traversed until a

terminal level is reached. In iterative calculation, this could retard the decision process a

great deal.

The most intuitive paradigm of representation for a three-dimensional object is the

occupancy grid. The occupancy grid is simply a three-dimensional binary array in which

each element represents a specific volume in the discrete tessellation. The grid may be

viewed as a simple extension of the concept of a two-dimensional bitmap. Just as each

pixel (i,j) in a 2-D bitmap can take on one of two binary values, each voxel (i,j,k) in the 3-D

bitmap (occupancy grid) can take on a value of 0 (unoccupied) or 1 (occupied) (see

Fig. 4.1).
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An occupied voxel in the occupancy grid represents a cubic volume within the 3-D

environment which is intersected by an arbitrary solid. Complementing the occupied state

is the unoccupied voxel state, which obviously describes a cubic volume within the 3-D

environment which is not intersected by any object. The resolution of the occupancy grid

will be determined at the time of reconstruction; an occupancy grid can be used to construct

an object model up to any specified resolution.

Unlike the list of primitives, the occupancy grid cannot represent a continuous surface

in the 3-D environment. The simplicity of the binary format restricts the representation of

the model to a jagged, uneven illustration of the object(s). Obviously, then, the higher the

resolution of the grid, the more realistic the presentation of the continuous object. With

higher resolution, however, comes a higher memory requirement and more time required

for processing. If we consider a 500x500x500 occupancy grid, the number of voxels in the

grid will be 500^, or 125 million voxels! Thus practicality restricts realism, and we will

generally limit the size of any occupancy grids in this research to size 256x256x256 or less

(almost seventeen million voxels).

Occupied Voxels

mf Unoccupied Voxels

Figure 4.1: A 4x4x4 occupancy grid (3-D bitmap) in which most of the voxels are

occupied.



The issue of actually recognizing the occupancy state of a specified voxel from the

information contained in a range image has been confronted in many instances in literature

[7, 26, 31,46]. The matter of reconstruction is then made simple by both the simple nature

of the occupancy grid paradigm and the existence of methods to build such grids from

range data. Accessing an element of the occupancy grid is also a simple matter. Because

the grid is ordered in the manner that we specify, we need only to search for a certain offset

in the voxel array to find the occupancy state of a voxel. Also, an occupancy grid is not

limited to resolutions of size 2"x2"x2". Not only do the three dimensions not have to be

uniform powers of two; they also do not need to be identical. For example, it would be

possible to have an occupancy grid of size 12x145x1. Thus it seems that the occupancy

grid is the most efficient paradigm of representation for our purposes.

4.2 A C++ Class Library for the Manipulation of Discrete 3-D Data

Because so much of this research relies on the paradigm of representation of our

three-dimensional models, it would be to our advantage to have a standard 3-D model data

type which we could manipulate and operate upon. Such a data type would be of great

utility if it could be passed between a reconstruction function and the view-determining

functions. We would require the capabilities of voxel access from specified elements,

value-setting at specified indices, logical operations, and overall data efficiency.

With these issues in mind, we have created a C++ class library for the manipulation of

occupancy grids and octrees. The class declarations for the two classes, including all

members and member functions, are listed in the Appendix. The class created for

occupancy grids we shall name Volume Grid ("VolGrid"), and the class created for octrees

is simply called "Octree."

Class VolGrid is the more complete of the two classes, because it will probably be

called on more often. The private members include the x, y, and z dimensions of the grid
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and the binary array that contains the grid voxel information. Each element of the array

contains one byte (eight bits) of data, and thus each element contains the states of eight

voxels. The array is ordered such that the first element contains the states of the first eight

voxels in the first x row at the first y and z. Once the row is complete, y is incremented.

Once an x-y plane has been traversed, z is incremented. The class is capable of containing

a 3-D occupancy grid of any resolution MxNxP.

Class VolGrid contains member functions for returning any of the dimensions, a voxel

state at any specified point, or a VolGrid containing a sub-grid of the original grid. A grid

of the same size as the original or smaller can be inserted at a specified point into the grid.

The class will read or write a file (with an appropriate header). Member functions exist

which will occupy or empty individual voxels, a voxel range, or the entire grid. Available

logical operations between VolGrids include a logical not, an equality test, an inequality

test, and a voxel-wise logical and, or, and exclusive or. A VolGrid may be set equal to

another VolGrid or an Octree.

Class Octree is a fairly simple class. Its private members are the power of two that

determines the size of the octree and the binary array that contains the octree itself. The

binary array is ordered such that the first two bytes contain the states of the largest eight

nodes. The nodes can each take on a value of 0 (parent), 1 (unseen/unknown), 2

(unoccupied/empty), or 3 (occupied). If any of the nodes are parent nodes, then the next

two bytes available in the array describe the states of the parent's sub-nodes. The tree

traversal proceeds until every node in the octree is homogeneous.

Member functions for class Octree include reading and writing files, element access,

and dimensionality access. An Octree may be set equal either to another Octree or a

VolGrid. The decompression of a 128x128x128 Octree into a VolGrid on a Silicon

Graphics Indigo II 150 MHz R4400 work station requires approximately 8.4 seconds; for a

256x256x256 Octree, this time increases to approximately 23.9 seconds (depending on th
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complexity of the object). Because there are essentially three possible states for each node

(one unoccupied and two occupied states), an Octree can contain two non-intersecting

VolGrids. Therefore we have a function which splits an Octree into two VolGrids and a

function which combines two VolGrids into one Octree.

The two classes should serve to complement one another. Because the format for the

occupancy grid is simple, it will be used the majority of the time for general-purpose

applications, such as when we would like to manipulate any part of the volume model.

However, the octree paradigm also possess its advantages; because an octree is a

volume-wise associative model, certain types of information may be drawn from the node

density in the model.

World Coordinates

Existing 3-D Model ̂
*  • A

Sensor Pose

New 3-D Information

Figure 4.2: The range information must be correctly aligned before assimilation into a

world model.



4.3 Merging 3-D Data Sets

As previously stated, a new stream of range data may be used to update a three-dimensional

model of the environment only if the sensor pose from which the range data was acquired is

precisely known (see Fig. 4.2). Although we will assume in our research that the sensor

pose is known a priori, it may be calculated by matching object characteristics in the most

recent range image with partial characteristics from previous images. The sensor pose can

be separated into two components: the sensor's position and the senor's orientation. Thus

a transformation which aligns the range data with the world model will have two

components, specifically a translation and a rotation. Also, if the range images were

acquired at a different resolution or from different distances, the range data being

assimilated must be scaled such that each three-dimensional element (voxel) in the updated

model will have the same weight and be of the same size.

Thus we must apply a transformation that maps a point (p,0,(t)) to its corresponding

Cartesian coordinates (x,y,z), where x and y correspond to the position in the image plane

and z represents the magnitude of the normal from the plane to the point. To reiterate, the

transformation from the Cartesian range image to three dimensions is made up of a

translation matrix, a rotation matrix, and possibly a scaling matrix. The values which will

ultimately comprise the transformation matrix will depend upon the current camera pose

relative to the world coordinate system.

Also, in order to reconstruct a 3-D volume of the scene, we need not only to map the

range data to three dimensions, but also to identify those points which are occluded by the

transformed surface points. To identify these hidden points, we can extrapolate along the

rays connecting the range sensor and the detected surface points.

Our objective will be to transform the range data from "IVi dimensions" to three

dimensions—determining the actual position in space of each point represented in the range

image by calculating the transformation from one coordinate space to another. We can
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easily shift a grayscale range image to three dimensions by separating the grey levels into

binary bit planes and occupying the voxel corresponding to each pixel and appropriate bit

plane. Any remaining transformation will be dependent on the sensor pose.

Because the range images will all be of the same resolution and acquired at the same

radius from the object center, neither the translation nor the scale factor component of the

transformation will be necessary. Bittar et al. [11] stated that the rigid body transformation

between two positions may be formulated by a translation vector t = [t^, ty, t^]' and a 3x3

rotation matrix R. This is the formulation which we shall adopt. The rotation matrix R

will have three independent parameters—the Euler angles—0, (|), and \|/, and will be of the

form:

cos V COS 0 —sin \|/ cos 0 sin 0

H _ cos sin 0 sin (j) + sin <)/ cos <|) —sin V|/ sin 0 sin (|) + cos \|/ cos <|) —cos 0 sin ()) (4.1)

—cos \)/ sin 0 cos ̂  + sin \)/ sin <(> sin \|/ sin 0 cos <j) + cos y sin <|) cos 0 cos <t)

and the rigid transformation T may be expressed as:

R  t
T = (4.2)

0  1

t in our case equals [0, 0, 0]^ The angles 9, ([), and \|r are simply the angles of rotation about

the X, y, and z axes, respectively.

Once we have calculated the transformation matrix, we may proceed with the

registration of our new range data. We will begin with a fully occupied world occupancy

grid and a fully empty surface occupancy grid. The surface occupancy grid will be

comprised of the surface information obtained direcdy from the range images. We will

create the world occupancy grid from the combined surface information obtained from the

range data and the hidden information which lies occluded from the camera's view behind

the ranged surfaces. This concept is similar to that of the visible surface and void surface,

developed in [44] and illustrated in Fig. 2.1 (the two techniques were developed

independently). An illustration of our approach is seen in Fig. 4.3.
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w View

Position

Surface Data

Figure 4.3: (a) A range image, and (b) a model reconstructed from the surface data
contained in and occluded data inferredfrom the image.

Our approach will be to iterate through every x, y, and z index in the grid and apply the

transformation at each point. From the x, y, and z indices of a point, we will compute the

projection of that point onto the image plane. We will then apply one of three rules:

1. If the pixel in the range image corresponding to the current 3-D indices is a
point which did not return a range value, that voxel in the world occupancy
grid will be empty.

2. If the voxel is in front of the image plane (the projection index is greater than
the grey level of the corresponding pixel in the range image), that voxel in the
world occupancy grid will be empty.

3. If the projection index is equal to the grey level of the corresponding pixel in
the range image, that voxel in both the world and surface occupancy grids will
be occupied.

Once we have iterated through every index in these new occupancy grids, we will then

assimilate the new information into the existing 3-D database using voxel-wise logical

operations. We would like for only the voxels which are occupied in every new grid to be

occupied in the updated prototype model. This is accomplished using the logical AND

operation. Between two elements a and p, the AND operation is represented as a-p. Thus,

if our existing 3-D model is called world, and the new model from range data is called

tworld, we can update the world model with the operation:

world = world ■ tworld.



We will treat the surface information somewhat differently. We would like for the

voxels which are occupied in any surface grid to be assimilated as part of the prototype

surface model. This is accomplished using a voxel-wise OR operation. Between two

elements a and p, the OR operation is represented as a-i-p. Because range information

returned from the edge of an occlusion will often be highy discontinuous, a secondary issue

which we must address is assuring that all the surface information which we assimilate into

a surface prototype will be valid. This problem can be solved by checking to see if the new

surface information is contained in the updated world model. In other words, we will

perform a logical AND operation on the surface prototype OR'ed with the new surface

information and the updated world model. Therefore, if the existing 3-D surface model is

called surface and the new model from range data is called tsurface, and we have already

assimilated the new world information into the world model world, we can update the

surface prototype with the operation:

surface = (surface + tsurface) • world. (4.4)

With the updated models we will be able to make intelligent decisions regarding issues

such as model accuracy or future range sensor placement. By "subtracting" the surface

model from the world model, or emptying out all voxels in the world model which are

common to the surface model, we can obtain a model of the volume occluded from the

collective camera views.

4.4 Visualization of 3-D Models

In this section we will discuss the techniques we shall use for visualizing the 3-D models.

For our purposes, we will consider each voxel in the 3-D bitmap to represent equivalent

cubic volumes. In our best-next-view research, we will primarily base our sensor

placement decisions on the positions and orientations of the exposed voxel faces. We will

define an exposed voxel face as the exposed side of the cube corresponding to the voxel. In
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Fig. 4.4, we illustrate a 4x4x4 occupancy grid in which the exposed voxel faces are labeled

according to their orientation (possible orientations are +x, -x, +y, -y, +z, or -z).

Primarily the +x faces are visible from the example vantage point. Because this is the

interpretation of the model on which the best-next-view system will base its decisions, we

should be able to visualize the model in this way. More specifically, we should be able to

render the exposed voxel faces in the model in order to visualize it.

In current literature, we have found many algorithms for visualizing 3-D data. A large

portion of them represented the 3-D model as a surface segmented into optimized triangles,

such as the Delaunay triangulation algorithm [9]. One possible discrepancy between this

method and ours is that our models are volume models. Although there are algorithms

which exist which will take as input a 3-D occupancy grid and output a representation of

the exterior surface, this method forces interpolation into the representation. Thus a slight

imprecision will be introduced so that we can make the object surface more attractive to

visualize. Taking into consideration the facts that the original voxel face representation is

both a more accurate interpretation of the object model and it is closer to the fundamental

format upon which we will be making our decisions, we consider the voxel face

Figure 4.4: A 4x4x4 occupancy grid in which the exposed voxel faces are labeled

according to their orientation.



visualization to be the most appropriate for our purposes. However, in order to present a

visually attractive rendering of a 3-D model, we should also be capable of visualizing an

isosurface rendering of the model. This will both broaden the capability of the system and

diversify the process of visualization.

All 3-D data visualization in our research has been done on the Silicon Graphics

platform. Earlier in this chapter we reviewed the IRIS Inventor file format, which allows

the 3-D model to consist of various object types. One of those types is the FaceSet, a

surface representation in which the vertices of each polygon and the number of vertices in

each polygon are specified. This format of representation will prove convenient for our

purposes. We will iterate through the occupancy grid to find occupied voxels which have

adjacent voxels which are not occupied. We have written a C-h- application which will

take as a command line argument the name of a file which contains an occupancy grid and

write to standard output a file of IRIS Inventor format describing the surface of the

occupancy grid. One may specify on the command line the color of the surface and the

maximum resolution of the output grid. Also optional are the three coordinate axes and a

uniform wire frame sphere surrounding the grid, to give the user an idea of the scale and

orientation of the grid, respectively.

The input file may contain a single occupancy grid, or it may be a two-model file, as

described in the previous section. For each occupancy grid, the application iterates through

the full X, y, and z dimensions of the grid and tests the state of each occupied voxel's

neighbors. If the voxel's ±x, ±y, or ±z neighbor is unoccupied, or if the voxel is on the

verge of the grid, then the corresponding voxel face is added to the list of faces to be drawn.

When we are rendering two occupancy grids, we will simply check to see if the

corresponding neighbor in either occupancy grid is occupied. To minimize the number of

polygons we need to render, we will group adjacent faces into one polygon; e.g., if two

adjacent voxels have exposed +x faces, then we will simply render one polygon that is

twice as long. In Fig. 4.5 we have organized four still snapshots of one of our occupancy
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grids piped into an Inventor Examiner Viewer. The four examples are ail the same model

rendered at a different resolution. The original model was a 128x128x128 grid, which is

the resolution rendered in Fig. 4.5(d). The remaining grids serve to illustrate the effects of

lesser resolution on the appearance of the visualized model.

We will note that the model file will contain the positions from which each view was

obtained. We may also incorporate these positions into our visualization. A simple and

intuitive representation of a view position would be as an arrow pointing toward the object

center. In Fig. 4.6, we see a voxel rendering of a 256x256x256 reconstructed model of a

coffee mug, surrounded by a sphere of the radius from which each range/intensity view was

acquired. On the view sphere are seven arrows pointing toward the object center

representing the seven positions from which the views were acquired. Also contained in

10x10x10
I •

30x30x30

50x50x50

Lift 128x128x128

LfiB
Figure 4.5: A 128x128x128 occupancy grid rendered at resolutions of (a) 10x10x10,

(b) 30x30x30, (c) 50x50x50, and (d) 128x128x128.
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Figure 4.6: The reconstructed 256x256x256 model of a coffee mug, with view positions

shown as arrows pointing toward the object center.

the visualization are the three coordinate axes, drawn as lines.

The matter of visualizing a triangulated isosurface of the binary model is more

complex. As previously mentioned, several functions exists which take as input a 3-D

model and output a surface representation of that model. One such function may be found

in the IsosurfaceLat Explorer module. The module requires the input grid to be of Explorer

Lattice geometry format. The Lattice is a C language structure containing the number of

dimensions to the array and pointers to the dimensions themselves, the array data, and the

coordinate type. The array may be an array of type byte, short, long, float, or double, and

the coordinate type may be uniform, perimeter, or curvilinear. Our data is formatted into a

uniformly-spaced array of raw bytes, with a range from 0 to 255.



Because the surface to be visualized will be an approximation of the actual object

surface, and because we would like the surface to be smooth, we will pass the input grid

through a smoothing filter before visualizing. Thus each voxel originally with a binary

value of 0 (unoccupied) will correspond to an element in the byte array with a byte value of

0, and each voxel originally with a binary value of 1 (occupied) will correspond to an

element in the byte array with a byte value of 255. The array will then be propagated

through a Gaussian filter to smooth the transition from occupied to unoccupied.

The data will now be in a format appropriate for input into the IsosurfaceLat Explorer

module. The module allows for interactive control of the threshold which determines the

value at which an element is either inside or outside the object, and a flag may be set which

will "smooth" the surface by shading the rendered polygons. We will use the intuitive

threshold, half way between zero and 255 at 128, and will by default use the shading

option. An isosurface rendering of the reconstructed coffee mug model is shown in

i

Figure 4.7: An isosurface rendering of the reconstructed coffee mug model.



4.5 Summary

In this chapter, we have addressed issues relating to 3-D object representation. We have

defined the formats of representation for our 3-D models. We have deterrmned how we

will translate the range data to three dimensions. Lastly, we have found the software

applications we can use to visualize our occupancy grids.

In the following chapters we will describe the applications we have constructed based

on the libraries and applications discussed in this chapter. Throughout the research into the

best-next-view position, we will use the applications we have described here.
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CHAPTER 5

DETERMINATION OF THE BEST-NEXT-VIEW

As stated in Chapter 1, our concern will be to position the range sensor such that an optimal

amount of previously unrecorded information is assimilated into the knowledge base of the

system with the next view acquisition. We will use this information to reconstruct a

three-dimensional model as completely as possible, as quickly as possible. The product of

a system which solves the best-next-view problem will be a minimum number of sensing

operations which adequately reconstructs a 3-D model of an object or stationary

environment.

According to the standard set by Kim in [35], we may be interpreted as addressing the

issue of sensor placement in the context of MCSO (moving camera, stationary object), as

illustrated in Fig. 5.1(a). This is equivalent to mapping the 3-D locations of points on a

stationary object surface with a mobile range sensor. For practicality, we propose that we

are also addressing the issue for application in the context of a stationary camera with a

moving object (SCMO), as seen in Fig. 5.1(b). In this paradigm, the range sensor remains

at a fixed location while acquiring range data from a 3-D object which is iteratively being

rotated about its central axes. We do not restrict ourselves by saying that our system should

be applied exclusively in one context or the other; this is because a best-next-view system

which we produce may find application in either paradigm.

Having settled most of the fundamental issues regarding the system we wish to

construct in previous chapters, we can move directly into deciding the next camera pose.

We will note that because we are always to place the sensor at a fixed radius from some

global origin, we are restricted to placing the camera only at locations on a sphere centered
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Figure 5.1: The best-next-view system we will construct may be applied in the contexts of

either (a) moving camera, stationary object (MCSO), or (b) stationary camera, moving

object (SCMO).



about the object or scene. We will also note that we decided to always orient the sensor in

the direction of that origin. These restrictions do limit the acquisition capability of the

sensor somewhat, but also guarantee the sensor will always acquire range data which

describes the central portion of the scene. Because we will most generally be

reconstructing models of objects entirely within the sensor's field of view, this condition

helps to ensure that the sensor will acquire relevant 3-D data.

We would like to be able to input an existing 3-D model into the system and receive as

output a position and orientation from which a range sensor would obtain the greatest

quantity of previously unrevealed information. Because there is very rarely one method for

solving a problem which will under every circumstance yield a more attractive result than

any other method, a more complete system should be capable of solving a problem using

one of a series of methods. This concept is well-illustrated by any naturally occurring

intelligent system, which will generally make decisions regarding its environment based on

contextual information, rather than on a single criteria. We will therefore hope to

incorporate into the system multiple algorithms for determining the best-next-view

position. A diversity of methods will increase the apparent intelligence of the developed

system, and the conditional application of a method under pre-determined circumstances

will increase the quality of, and hence the user's confidence in, any decisions made.

In the following sections, we will discuss four approaches we have developed for

determining the best next sensor position. The first two sections introduce two simple

approaches to sensor placement which consider only partial information in determining the

next sensor position. Both approaches produce adequate results, and find justification in

human intuition, but both also have inherent limitations. The latter two sections in this

chapter introduce two "holistic" approaches to sensor placement, which take a more global

view of the status of reconstruction. The justification for each technique will be stated as

the technique is introduced, and the system that is the intelligent integration of all the

methods will be described in Section 6.4.
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5.1 Method 1: Sensor Positioning According to View History

An intuitive approach to range sensor placement would be to specifically consider positions

farthest from previous sensing locations. The problem of implementing such a solution

then lies in its formulation. We could assume an approach based on the Euclidean distance

between vectors, so that the sensor is placed as far from every previous position as possible

(with the constraint that the sensor remain at a fixed radius from the object center). In

contrast, we could develop an approach which maximizes the difference of the spherical

coordinate angles between a new view vector and previous view vectors. In theory, these

approaches should yield an identical result.

Because we are already working with vectors in Cartesian coordinates, and because of

the inherent disadvantages of mapping a point into the spherical coordinate system, we

have chosen to implement a solution based on the Euclidean distance between view vectors.

Before we consider a theoretical solution to this problem, we should discuss the complexity

of such a solution. In order to find a vector which maximizes the distance between itself

and other vectors, we must determine a local minimum of some distance function.

It can be shown that the total number of such minima will depend on the number of

previous vectors. For instance, in two dimensions, only three points can be equidistant

from each other on a circle; there are three points on the circle which will maximize the

sum of the distances from that vector to previous points (see Fig. 5.2). Similarly, in three

dimensions, up to four points can be equidistant on a sphere, and four points on the sphere

maximize the sum of the distances from previous points. This corresponds to the solution

of an fourth order polynomial, which will have up to four real roots.

We would like to find a point which maximizes the sum of the squared distances from

that point to several fixed points on a sphere. Thus we want to find a local maximum of the

function S, formulated by
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Figure 5.2: (a) Three points on a circle which are equidistant from each other, and (b) the

three points on the circle which maximize the sum of the distances from the point to

previous points.

(5.1)

where d,- is the distance from the new point to the fixed point, x, y, and z are the

elements of the new point, and x,-, y,-, and z,- are the elements of the fixed point. In order

to calculate the maximum of the function S, we must differentiate it with respect to x, y and

z separately and set the derivative equal to zero. If we proceed along this path, we will

eventually be required to solve an order polynomial, where n is the total number of

views acquired. Because this procedure will be implemented on a computer, the practical

step to take would be to develop an algorithm for finding one of these minima numerically,

rather than theorizing on the solution of polynomials.

With this idea in mind, we will develop a numerical method for finding a point on a

sphere which maximizes the sum of the distances from several fixed points on the sphere.

A good initial guess for such a position Pq will be the mean of the previous fixed points Pj

multiplied by -1:

VjX.Pr (5J)
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If we assume a neural network-like approach to determining this position, we will

iteratively increment the the initial value in a direction towards the correct solution. If this

initial guess tums out to be the zero vector 0=[0,0,0], or one of the previous fixed positions,

we will randomize the elements of the initial vector. The iterative increment I should be

proportional to the negative of each fixed position Pj and inversely proportional to the

distance, dj, from the current solution to that position:

I = >.(-Pi)/di. (5.3)

X, represents a gain factor to keep the increment from being either too large to saturate the

system or too small for real-time processing.

Once implemented, this numerical algorithm actually converges rather quickly

(dependent on the value of X). It always finds at least a local maximum of the sum of the

distances, and in general positions the sensor at a reasonable location. We will note,

however, that this algorithm converges to the same result regardless of the object being

reconstructed. This may be considered to be either an advantage or disadvantage, as we

will see in the next chapter.

5.2 Method 2: Edge-Based Sensor Placement

The next approach we shall consider for positioning the range sensor takes into

consideration only the information from the most recently acquired range image. Similar

approaches were developed by Maver and Bajcsy in [39] and by Banta et al. in [5]. If we

were to consider an individual range image without examining any 3-D model information

inferred from previous data for the application of future sensor placement, we should make

use of the information available to us as efficiently as possible. We would like for the

sensor to acquire as much new data as possible with the next image acquisition. Thus we

should examine the range image for evidence of occlusions, which will probably conceal a

certain amount of surface information.
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We can actually detect occlusions by measuring the level of discontinuity of the edges

in the range image. An edge is simply a location where the transition between ranges of

significantly different value is sudden; an edge in a range image will thus represent a

surface nearly perpendicular to the current view direction. We can extract edge information

from a range image by examining the difference between the intensities of adjacent pixels,

i.e., by applying a proper curvature filter over the range data. An edge in a range image

may be viewed as the visible portion of a surface nearly perpendicular to the present

viewing direction. We can make a very general approximation of the normal of one of

these "surfaces" by drawing a vector from the center of the image to an edge point.

The discrete gradient approach, approximated by the Prewitt operator, provides a

suitable means for extracting edges from an image [29]. When this transformation in the

form of a masked filter is applied to an area of discontinuity in a range image, the value of

the gradient will be large relative to the values returned from neighboring continuous areas.

This property will provide us with a simple method for detecting edges in the range image,

and hence occlusions to the camera's view on the object's surface. Figure 5.3 illustrates a

synthetic range image of a space station and the corresponding edge map derived using

discrete gradient differentiation. We will note that the procedure appears to have extracted

all major edges in the original image.

Most every range image will contain many occluding edges. If we assume that the

information occluded by less significant edges can be considered to be negligible, we need

only consider a limited number of the larger, more significant edges concealing greater

quantities of unknown information. We will store the edge information in an edge map (as

in Fig. 5.3(b)), in which we will locate the brightest intensity to determine the locations of

the more significant edges. One can intuitively reason that the best direction to view all the

surfaces around an edge is the direction formed by the combination of all the surface

normal vectors around that edge (see Fig. 5.4). Below, we will mathematically prove this

reasoning to be correct.
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Figure 5.3: (a) A synthetic range image, and (b) the edge map corresponding to the image.

Examining Fig. 5.4(a), we see two surfaces S| and S2 with different surface normals iij

and n2. If we wish to view both surfaces from a single position, that position must lie in the

region between the two surface planes. When viewing a single surface S, as shown in

Fig. 5.4(b), the ability of the camera to distinguish between points on S will be proportional

to cos(0), where 0 is the angle between the view direction d and the surface normal n [9].

Thus the camera will have a maximum ability to discriminate between the positions of

points on S when (5 cos(0)/50)=O, which yields 0=0. In other words, the best orientation

from which to view the surface will be in the direction of the surface normal, n.

Considering Fig. 5.4(c), the ability of the camera to simultaneously distinguish between

points on surfaces Sj and S2 will be proportional to (cos(0j) + cos(02)). To calculate the

orientation of the best view for both surfaces, we differentiate:

[cos(0|) + cos(02)] = 0. (5.4)

Since we are differentiating with respect to 0j, we substitute 02=(t)-0i, and

cos((t)-0i)=cos(0i-<l)), so

^^501 ■*" cos(0j-(t))] = 0,
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Figure 5.4: The best view position for two surfaces: (a) In order to view two surfaces Sj

and S2 with surface normals Uj and n2, the camera must be in the specified region between

the surface planes, (b) The best position to view a surface S is in the surface normal

direction n over the center of the surface, (c) The best position to view two surfaces Sj

and S2 is thus in the direction that is the combination, (nj+n2), of the surface normal

directions.

which simply yields (j) = 20j, and since (j) = 9i+02 ~ deduce that 9j=92-

Because nj and 02 are both unit vectors, the direction at equal angles from nj and 02 is

defined by their sum, (02+ 02). Similarly, in a more complicated case such as that in which

an edge is formed by the joining of m surfaces, where m is an integer greater than one, the

orientation which will provide the best view of all surfaces is [59]:

d = 2.ni, (5.6)

where nj is the unit normal vector of the i'h surface.

Once we have obtained the edge map of the range image, we will determine the

locations of the pixels of the brightest intensity in the edge map. Following the theory

discussed above, we will then average the locations of the pixels which have that intensity.

The vector pointing from the center of the image to the brightest pixel average will be the

direction we shall use to define n_g= (x„e.yos)» normal of the surface which is



orthogonal to the camera's view (see Fig. 5.5). We will transform this vector to three

dimensions to define the best-next-view vector.

The transformation from two to three dimensions will require knowledge of the image

orientation and acquisition point. The sensor position relative to the object will define the

vector Vprev which points into the image. Additionally, the image will have been acquired

under the condition that the image up direction d|u is as close as possible to an absolute up

direction u. In other words, the vector u will be made up only of components in the

direction of Vprev in the direction of djy (see Fig. 5.6). From simple vector

algebra, we know that the dot product D of two vectors a and b is represented as

D = a • b, (5.7)

With the assumption that any vector may be decomposed into components of any two

orthonormal vectors, and that the component Xa of a vector x in the direction of a unit

vector a is given by

Xj, = (a • x) a.

Brightest Pixel
Average

Center of Image

\
= Orthogonal

Surface Normal

dju = Image Up
Direction

dji, = Image Horizontal Direction

Figure 5.5: The vector pointing from the center of the image to the brightest pixel average

will be the direction we shall use to define the orthogonal surface normal.
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Figure 5.6: The image up direction may be calculated from the view vector v and the

up direction up.

we may state that a vector x can be decomposed into components of orthonormal vectors a

and b:

X = Xa + Xfe = (a • x) a + (b • x) b. (5.9)

If we substitute into this equation u for x, for Xg, and Vprev for b, we have:

~  + (Vprev • u) Vpray. (5.10)

This equation is easily solved for

Udju = u — (Vprey r u) Vpi.ay. (5.11)

Now that we have the component of up in the direction of dju, we simply normalize the

component to find dju:

diu = Ud,/""dJ- (5.12)

Once we have calculated dju, we need only to calculate the image horizontal direction

dji,. Because it is the direction that is orthogonal to both Vprev ̂ nd dja, we may calculate

the value of du, by taking the cross product of dju and Vprev-

~  ̂ ̂prev-
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We now have the two orthonormal vectors, djj, and dj„, which define the image plane.

We have already found the normal of the surface orthogonal to the camera's view

nos=(Xos,yos) i" image coordinates, using the average of the brightest pixels in the edge

map. We now translate the two-dimensional normal vector to three dimensions to

define the next view vector Vnext-

^next - yos^iu' (5.14)

We can normalize Vnext to whatever magnitude is appropriate for the view radius.

Because dy, and djy are both orthogonal to the previous view vector Vprev the next view

vector Vnext as calculated using this method will always be orthogonal to the most recent

view vector.

The complete procedure as stated above for determining the best next view position can

be summarized as follows:

1. Calculate the edge map of the most recently acquired range image by
applying a gradient filter [29].

2. Find the average location of the brightest pixel value in the edge map n„g
relative to the center of the image.

3. Calculate the horizontal and vertical directions of the image dji, and d|„
based on Eqs. 5.11-13.

4. Translate the two-dimensional to three dimensions using Eq. 5.14 to
find the next view vector Vnext-

5.3 Method 3: Targeting the Occluded Voxel Face Centroid

In this section and the following section, we will discuss two techniques for determining

future sensor positions which take into consideration the entirety of the previously acquired

model information, and may be considered "holistic" approaches to sensor placement. The

methods discussed in the previous two sections considered only partial information in

determining the next sensor pose.
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As we explained in Section 4.3.4, the models we will reconstruct from range data will

be composed of surface information obtained directly from range data and the information

inferred from the range data which was occluded from the range camera's view (refer to

Fig. 4.5). The combined information assimilated from each view position may then be

employed to determine the next sensing operation which will acquire the greatest quantity

of new information. We might first consider an approach which will orient the range

sensor on the greatest volume of occluded voxels. This idea has several inherent flaws.

The most obvious is that portions of the occluded model will be exposed and other portions

will be covered by the recovered surface model. Thus, orienting the sensor on a volume

could place the sensor at a seemingly random position. Also, even when the model has

been almost fully reconstructed, there will be occluded information inside of the surface

model; searching for an occluded volume will probably place the sensor where it has

already been. Lastly, the question will arise as to how to position the sensor given the

occluded volume: because the volume does not have a specific orientation, there is no way

to predict the direction from which it will be visible.

The solution to all of these problems is to consider primarily the surface of the

reconstructed model. By using the exposed surface of the occluded model to define the

next sensor pose, the system can orient the sensor exactly on the portion of the model

where it is least accurate and assimilate new information into that portion of the model.

The "surface" of the discrete model will be comprised of a mesh of exposed voxel faces.

An exposed voxel face will be found at any location where an occupied voxel in the 3-D

grid is adjacent to at least one unoccupied voxel. The directional orientation (normal) of a

surface patch can be determined from the summed orientations of the voxel faces

comprising the patch, and this orientation can be used to determine a position from which

the patch will be visible.

Obviously we would like to view the greatest area of the occluded surface possible.

One way to accomplish this is to orient the sensor on the centroid of the surface. One can
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reason that this approach will perform well when confronted with one continuous occluded

surface, as shown in Fig. 5.7(a). The centroid of the surface is surrounded by information

which will prove useful in reconstructing a 3-D model. However, in the case of Fig. 5.7(b),

where the occluded model is exposed in several different surface patches and one cannot

predict where the centroid of the surface will be, the centroid approach might position the

sensor at a seemingly ambiguous location. This leads us to conclude that a centroid

approach would perform well during the initial view acquisitions, but the performance

would degrade as reconstruction progressed. We will take these issues into consideration

when integrating the methods into an intelligent autonomous best-next-view system.

The centroid of the surface may be found using one of several techniques. The most

obvious of these is to find the mean voxel face location on the occluded surface. The mean

•"S-D ^ ^ simply be the vector that is the sum of all sample vectors Sj

divided by the number of samples n:

«'3.D = ('^^E S|- <'•">
i

There are several alternative approaches to finding the centroid of a surface. In contrast

to the averaging approach discussed above, we consider a technique which calculates the

median of the exposed voxel faces in the occluded surface to find the centroid of the

surface. The primary advantage of a median approach is that it would not be as susceptible

to statistical outliers. As long as the number of samples i is reasonably large, the median

will be a good estimate of the sample centroid. A surface median technique will otherwise

be very similar to a voxel face average technique. One similarity is that, due to the

multi-dimensionality of the surface, the median voxel face location might not actually be on

the occluded surface. This is because a 3-D median will be a vector composed of elements

which are the independent medians of x, y, and z sampling. In other words, if we have a

3-D data set S consisting of i samples, we will find the median corresponding to each

coordinate axis by ordering the samples with respect to that axis and finding the location of
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the (i/2)* sample. The median vector M3.J) will thus be given by;

M3.D = [Xk2> z^]- (5.18)

We must also keep in mind that if the occluded surface is well-distributed about the

center of the model or one of the coordinate axes, the centroid of the surface will be nearer

to the object center than the object surface (see Fig. 5.8). If the portions of the surface that

are well-distributed about one of the coordinate axes represent a significant portion of the

total surface, then this representation of the centroid would not yield a good target point for

the range sensor. Thus we should somehow consider the surface distribution about the

object center in our selection of a surface centroid.

A simple way to do this would be to make note of the exposed positive and negative x,

y, and z faces separately and select an orientation so that the positive and negative do not

cancel out one another's contribution to the surface normal. Of course, if the number of

positive faces does not compare well with the number of negative faces (i.e., if the ratio

between them is less than 0.9 or greater than 1.1) then we simply use the combination of

the two. Thus we will make note of the numbers of exposed ±x, ±y, and ±z faces (nn,^. "px-

Occluded Data

\  ' • < •

w -'' » .1 .»' 1

Surface Data

Figure 5.7: (a) A model in which the exposed surface of the occluded model is fairly

continuous, and (b) a model in which the exposed occluded surface is composed of several

disjoint surface patches.



n„„„ n„„ and n„^) in the occluded model and the location in space of each face, and
lllY MY 111^ r

calculate the three ratios R^, Ry, and R^ of exposed positive faces to exposed negative

faces:

Ry = V^^niy
Rz ~

The centroid voxel face locations Cpy, C^y, Cp^, and will then be

calculated for ±x, ±y, and ±z according to Eq. 5.16 or Eq. 5.18. If the ratio of exposed

positive faces to exposed negative faces is between 0.9 and 1.1, we define the coordinate

centroids C^, Cy, and as the mean or median accounting for the larger number of

exposed faces; otherwise, we use the overall centroid voxel face location to define the

coordinate centroid:

{  Cpx Rx > 1-11
Cx= { Cmx Rx<0.90 (5.20(a))

{  ("pxCpx+nrnxCmxy (V+"mx) (R* ̂  0-90) AND (R^ < 1.11)
{  Cdv Ry>l.ll

Cy= { Cmy Ry<0.90 (5.20b))
{  (n Cpy+n (4yX(n +n ) (Ry > 0.90) AND (Ry < 1.11)

{  Cpz Rz > 1-11
Cz={ Rz<0.90 (5.20(c))

{  (HpzCpz+rimzCmzy(npz+nmz) (Rz > 0.90) AND (Rz <1.11)

We must then make note of the number of voxel faces n^, Uy, and n^ each centroid

represents, and compute the weighted average of the three coordinate centroids to

determine the overall surface centroid C:

C = (n^Cx + nyCy + n2C^)/(n^ + ny + n^). (5.21)

The nearest voxel face to the centroid C is then easily found by iteratively comparing

distances between the centroid and all exposed voxel faces Fp
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Fmin - Cll = min II Fj - Cll. (5.22)

Once we have located the centroid of the object surface, we will trace a ray in the direction

of the surface normal from the voxel face nearest to the centroid to the view sphere to

determine the next sensor pose. The elements of the surface normal Ng can simply be

calculated as the number of exposed voxel faces in the corresponding directions:

(5.23)

Because we will have selected either the positive, negative, or combination of positive and

negative exposures, the vector we shall use for the surface normal will be defined by only

the number of exposed voxel faces in the appropriate directions.

5.4 Method 4: Clustering the Occluded Surface Data

Every approach for sensor placement we have proposed up to this point will perform well

during initial view acquisitions, but none of them localize the search for occluded surface

information. This localization will be necessary during later view acquisitions when the

a.

Figure 5.8: Because the surface is evenly distributed about the y axis, the centroid C of the

surface is located at y=0.



occluded surface is broken up into several disjoint surface patches (see Fig. 5.8(b)). The

obvious conclusion is that we should develop a sensor positioning technique for use during

later view acquisitions which will isolate some of the more significant surface patches and

position the sensor such that the information necessary to reconstruct that portion of the

model could be acquired. The issue which remains to be settled, then, is the method we

will use to isolate the significant surface patches.

Essentially, the function we would like to perform is the clustering of 3-D data. The

system we desire should take as input a list of exposed voxel faces in the occluded model

and cluster the faces into an unspecified number of tightly-packed patches. There are a

great number of existing methods for clustering data, but most found in our research

performed only supervised clustering (i.e., the number of clusters to be found was

pre-specified). Because we certainly will not know how many surface patches the occluded

model will present, we must develop an approach for unsupervised clustering (i.e., the

number of clusters to be found is unknown).

The idea of clustering data involves somehow measuring the similarity between vectors

within a data set and placing the vectors most similar to one another together in clusters.

The most intuitive measure of similarity is that of Euclidean distance (e.g., the most similar

vectors will be those that are closest together). The clustering approach we have chosen to

develop is a variation of the well-known maximin-distance algorithm [29]. This clustering

approach tends to find clusters which are closely-packed, and thus is well-suited for

separating disjoint surface patches. The algorithm begins with each voxel face initially

belonging to the same cluster, and proceeds as follows:

Step 1: Set each cluster's sample mean as its prototype.

Step 2: Compute the distance from each prototype to each voxel face.

Step 3: Make each face a member of the nearest prototype's cluster.

Step 4: Find the face fg farthest from its prototype.

Step 5: Find the mean distance between cluster prototypes d^g^^.
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Step 6; If the face Cq is half as far from its prototype as the mean distance
between prototypes dj„g^, make it the only member of a new cluster
and go to Step 1 (else quit).

Steps one through six are repeated until the farthest voxel face from its cluster prototype is

less than half as far from its prototype as the mean distance between prototypes.

The next step we will perform will be to find the cluster containing the largest number

of faces. It is this cluster of exposed voxel faces on which we will orient the range sensor.

During the above clustering procedure, we will have already computed the center of the

cluster (and therefore the centroid of the surface) and all the distances from each voxel face

to the cluster prototype. The target point on which we should orient the sensor will simply

be the voxel face belonging to the largest cluster for which the distance from it to the

cluster prototype is minimum. Because the cluster will be a local group of voxel faces, we

need not concern ourselves with the distribution of the voxel faces about the centroid of the

surface, as with the mean and median approaches discussed previously. The x, y, and z

coordinate elements of the surface normal will again be the number of exposed voxel faces

in each corresponding direction, as formulated in Eq. 5.23.
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CHAPTER 6

SYSTEM OPTIMIZATION, INTEGRATION, AND

IMPLEMENTATION

In Sections 6.1 through 6.3, we will consider three separate issues concerning a

best-next-view system. In Section 6.1, we will consider the situation in which the

best-next-view system produces a view position from which the area of interest is not

visible to the sensor. In Section 6.2, we will discuss the situation in which the system

places the sensor unnecessarily close to a previous sensing location. Section 6.1 will define

the criteria which will determine when the system has adequately reconstructed a model.

Because these situations are somewhat complex, a certain amount of attention and detail

must be given each topic. In Section 6.4, we will use our knowledge of the approaches we

have developed to assimilate them into an intelligent autonomous best-next-view system.

The complete system can then take as input images from the image acquisition function

described in Chapter 3, and the range data will be registered using the registration

algorithm described in Chapter 4. In Section 6.5, we will describe the software we have

compiled which is the implementation of the best-next-view system.

6.1 Providing the Sensor with an Unobstructed View of a Feature

Frequently, when determining future sensor locations, one of the fundamental issues which

will arise is the determination of a location from which a particular area of interest is

visible. This issue comes to question particularly when we are attempting to reconstruct a

model of an object with self-occluding concavities. An example of such an object is

illustrated in Fig. 6.1. If we consider a situation in which the region of interest lies on the
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interior of the concavity, it is highly probable that a best-next-view system will return a

sensor position from which a view of the feature is occluded by the opposite edge of the

concavity (depending on how the sensor position is calculated) [47]. This is because such

systems (including our own) commonly rely on the normal of the surface of interest in

order to place the sensor, and the normal inside a concavity will generally intersect the

opposite edge of the concavity.

For those sensor placement approaches which determine view positions based on the

state of the current model (e.g.. Methods 3 and 4 of Sections 5.3 and 5.4, respectively), it is

possible to assure that the target feature is actually visible from the product viewpoint.

Because a portion of the model will already be reconstructed, we can use the shape of the

reconstructed model to determine if the view of a feature is occluded from a specific point.

This can be done by tracing a ray from the feature of interest to the surface of the view

sphere in the specified direction, and checking for occupied voxels anywhere on the ray. If

any voxel intersected by the ray is occupied, the view of the feature of interest will be at

least partially occluded.

To find a position from which the feature is visible, we will start with a prespecified

target point on the object surface and a view direction. If a ray oriented in the view



direction from the target point intersects any occupied voxels in the reconstructed object

model, a view of the feature will be occluded. The solution to this problem is to slightly

perturb the angle of the view direction. If we transform the Cartesian vector (x,y,z) which

represents the view direction to spherical coordinates, we will have a vector (r,0,(t)),

comprised of a radius and two angles. To find the closest view direction for which the

feature is not occluded, we can iterate 6 and (j) through the range of angles within ±90°

(±7c/2 radians), checking the ray corresponding to each potential direction for occlusions.

This procedure thus considers only the half-sphere of points from which the surface might

be visible (see Fig. 6.2).

The algorithm we have implemented in software takes as input an occupancy grid, a

target point, and a view direction. Holding 0 constant, we first iterate (j) through all angles

within 90° of the original view direction, in increments of one degree. The algorithm

checks the status of all voxels on a line in the calculated direction radiated from the target

point; if an occupied voxel is encountered, the next angle is checked. If no unoccluded

directions are found, 0 is incremented by one degree, and (|) is iterated through all angles

within 90°. In this fashion, we iterate 0 through all angles within 90°. If no unoccluded

direction is found, de-occlusion fails. This will not happen often, because the feature of

interest is exposed to begin with, so it will probably be visible from some direction.

Surface Normal

Tangent

Figure 6.2: A surface normal vector may be rotated about its two angular spherical
coordinate axes and consequently ray-traced to determine an unoccluded view direction.



Now, when implementing Methods 3 and 4, we can take the product target point on the

occluded object surface and the normal of the surface of interest as the view direction, and

input them into the function described above to assure that the resulting sensor position has

a clear and unobstructed view of the feature of interest. In this manner, we can use the

above described function to insure that all view positions returned by Methods 3 and 4 are

truly valid.

6.2 Separating Closely-Spaced Views

In an automated sensor placement experiment, it is possible that the positioning system will

place the sensor relatively close to a previous sensing position. Although this condition is

undesirable, it is understandable because the automated system will only be as intelligent as

we choose to make it. An example situation is that in which the de-occlusion of a view

direction (see Section 6.1) shifts the returned sensor pose toward a previous sensor pose.

Keeping this situation in mind, we should guard against the case of closely-spaced views.

Figure 6.3 illustrates a situation in which the sensor-placement system has determined a

sensor position which is unnecessarily close to a previous sensor position. The intuitive

solution to this problem will be to "push" the new view position away from the previous

position, and this is the solution we have implemented in software. If we consider each

view position to be a vector, we would like to set a minimum angle between the new vector

3-D Object
Sensor Positions

Figure 6.3: A situation in which the sensor-placement system has determined a sensor

position which is unnecessarily close to a previous sensor position.



and each previous vector. The angle, a, between two vectors may be determined by

calculating the arc-cosine of the dot product of the two vectors:

-1
a = cos (a • b). (6.2)

Since our goal is to separate vectors of the same radius by a pre-specified angle, we would

like to keep the shifted vector in the plane that is already common to the two vectors (see

Fig. 6.4).

On this basis, if we assume that our system has returned a view position represented by

the vector p„ew' '^he position is close to a previous view position represented by the

vector Pprey, we can separate into components of the vector Pprev (normalized) and

an ortbonormal vector Qprev P'S- 6.5(a)). We can determine the elements of Qprev 6y

substituting Pprev i^^o Eq. 5.9 for a and p„g^ for x and solving for Qprev b:

Qprev ~ Pnew ~ (Pnew' ̂prev^ ̂ prev (6.5)

Qprev 6e normalized. Now, if the angle a between p^^^ and Pprev given by

cos~^(Png^- Pprev)' less than the pre-specified threshold angle P, we can determine a new

y-i nn

X

Figure 6.4: Any two view positions originating from the same point, represented by vectors

Vj and V2, will share a common plane P.
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location, Pnp™, which is essentially a shifted Pnew-

^new ^prev P Qorev P*

So that the magnitude of the vector is correct, we then multiply the vector by the previous

magnitude, IPnewl- illustration of a shifted view position is shown in Fig. 6.5(b).

We now have a function which will assure that the next view position is not

unnecessarily close to any previous sensing positions. The situation might exist, however,

when a user is not be concerned with the next sensor position being relatively close to

previous positions. For this reason, we will make the view separation function optional,

and it may be engaged by the user whenever it is-determined that an appropriate situation

for the function's use exists.

6.3 Criteria for Reconstruction Termination

Since the system we wish to compile is to manually reconstruct a 3-D model, it should be

capable of sensing when scene information is no longer necessary for reconstruction.

Therefore we should determine the criteria which the system should examine before

Threshold Angle P Threshold Angle P

^new ^prev P
V  + Qprev sin p

Figure 6.5: (a) Because the angle a between the previous view position Pp^g^ and the new

view position is less than the threshold angle p, (b) a new value is calculated for P^g^

based on a normalized Pp^gy and an orthonormal vector Qp^gy



self-terminating.

Because we are using the exposed voxel faces to visualize the models, and we will also

use the exposed voxel face information for some of our view-determining techniques, it

would be practical to also use this information to determine the algorithm termination

criteria. The conditions which we would like the completely reconstructed model to meet

should be intuitive. First of all, we would like for the reconstructed surface area to be

substantially larger than the occluded surface area. This will be true if the model has been

sufficiently reconstructed. However, we should obviously continue reconstruction if a

relatively large amount of new data is being acquired with each view. Thus we should take

into consideration the surface area of the model after the acquisition of previous views.

The condition which we should examine to determine if new information has been

acquired may be set by either the surface model or the occluded model. We could examine

the difference in size of the surface model after the acquisition of the present information

and the previous view: if the surface model has increased in size by less than 10% with the

assimilation of the most recent range data set, we could declare the model to be sufficiently

reconstructed. However, we could say the same if the surface area of the occluded model

decreased by less than 10%. The heuristic which we shall use will be to declare the present

status of reconstruction to be sufficient if either is true. The system will thus terminate

reconstruction if:

1. The ratio of surface faces to occluded faces is large (ratio>20) AND

2. The change in surface face count is small (change<10%)

OR

The change in occluded face count is small (change<10%).

Thus our system will automatically terminate reconstruction when the reconstructed model

contains mostly surface information and it has ceased to change by relatively large amounts

with the acquisition of each view.
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6.4 An Intelligent Collage of Best-Next-View Methods

A well-constructed best-next-view system will attempt to emulate the reasoning used by a

person during the evaluation of a 3-D object. Unfortunately, the faculties available to a

human will not be available to the system. The system will be required to adequately

reconstruct a 3-D model of an object given a discrete number of range views, whereas a

person could survey the object from a continuous trajectory.

While the criteria for algorithm termination was set in Section 6.3, we have as yet to

completely automate the system; in order for a best-next-view system to be simultaneously

intelligent and completely autonomous, it must be capable of selecting the best method for

determining the next view position at the current stage of reconstruction. In the previous

sections, several such methods were introduced and discussed, including the strengths and

weaknesses of each method. Some approaches would perform more optimally during the

initial stages of reconstruction, while others were deemed appropriate for examining a more

diversely distributed model. The edge map approach will always position the sensor

orthogonally to the most recent sensor position, but the location of the new position relative

to previous positions is arbitrary. For this reason, the edge map approach might not

function optimally in the later stages of reconstruction. Similarly, the cluster technique

attempts to divide the surface of the occluded model into several well-packed, disjoint

surface patches, which might not yet exist in the initial stages of reconstruction.

The method used to determine the next view position at each iterative step of

reconstruction will be determined using this knowledge. The position from which the first

images are acquired is arbitreiry; it will either be set to a default position or it may be

specified. So that the second view vector will always be orthogonal on the view sphere to

the first, the second view position shall be determined using the edge-based technique of

Section 5.2. This method will be optimally used in the early stages of reconstruction, as we

know that the method does not consider any a priori knowledge when positioning the
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sensor, and hence might orient the sensor on an occlusion that has already been

reconstructed. Also, due to the orthogonality property of the method, a surplus of new

information should always be acquired with the second view.

For the intermediate third and fourth view positions, we will use the semi-intelligent

occluded surface centroid approach. When reconstruction is in this stage, it is probable that

the surface of the occluded model will be fairly continuous, so the overall centroid of the

occluded surface should yield the sensor a good deal of previously occluded information.

The surface centroid may be calculated as either the mean voxel face location (as in Eq.

5.16), or the median voxel face location (as in Eq. 5.18). While a centroid calculated as the

surface median will generally be nearly identical to a centroid calculated as the surface

mean, the median approach will not be as susceptible to statistical outliers in the surface

data. Thus we shall calculate the surface centroid as the median of the data set.

Theoretically, the most optimal method for use during the latter stages of reconstruction

will be the clustering approach of Section 5.4. However, the possibility does exist (though

it is unlikely) that the approach, when applied repeatedly, will get caught in a local

minimum and orient the sensor on uninformative regions of the object surface. An

intelligent system would optimally safeguard against this possibility. One possible way to

do this would be to monitor the rate at which reconstruction is proceeding with the

acquisition of each range data set. If reconstruction is proceeding well, we can assume that

the clustering approach is performing as expected and that it may be applied to the

acquisition of another view. If, however, reconstruction has seemingly stalled, we can

assume that there is a problem and another approach is called for. In that case, we will

orient the sensor as far from all previous positions as possible by applying the view history

method of Section 5.1. In this way, we can assure that reconstruction of the 3-D model will

always continue normally.
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A simple way to determine the rate at which reconstruction is proceeding would be to

monitor the number of exposed voxel faces in each model after the assimilation of each

range image. If the number of voxel faces in the surface model Sj has increased by more

than 5% with the most recent view acquisition, or

(Si/Si_j)> 1.05, (6.7)

and the number of voxel faces in the occluded model Oj has decreased by more than 5%

with the most recent view acquisition, or

(Oi_i/Oi)> 1.05, (6.8)

we can assume that reconstruction is proceeding normally. Thus if either the condition of

Eq. 6.7 or the condition of Eq. 6.8 is false, then we will apply the view history approach of

Method 1; otherwise, we will apply the clustering approach of Method 4:

IF(((Si/Si_i)< 1.05) OR ((Oi_i/Oi)< 1.05))

APPROACH = METHOD 1 (6.9)

ELSE

APPROACH = METHOD 4.

With these rules, the functions described in Sections 6.1 and 6.2, the criteria for

reconstruction termination defined in Section 6.3, and the approaches discussed in Chapter

5, we should now have a completely autonomous and intelligent best-next-view system. A

flowchart of the procedure followed by the system is illustrated in Fig. 6.6.

6.5 Software Implementation

For the software implementation of the best-next-view system, we have written a program

in the C-i~i- computer language which employs the VolGrid 3-D bitmap class described in

the appendix for the manipulation of reconstructed 3-D models. The program has been

compiled under both the IRIX 5.3 operating system for Silicon Graphics machines and Sun

Solaris 5.5.
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'World' model:
initialized as fully occupied

'Surface' model:
initialized as fully unoccupied (empty).
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: View position View position \ iew position
i is arbitrary or is determined is determined
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View position View position
is determined is determined
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.\cquirc new range data
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lew range iiifoi
'xisting models

Are the criteria for
complete reconstruction met

by the model?

Terminate reconstruction.

Figure 6.6: A flowchart of the procedure which the best-next-view system described in this

document follows.



The compiled application can take as command line arguments any of the parameters

necessary to continue from the current stage of reconstruction. On the command line, one

can specify the name of the file containing the ideal model (Inventor format) or the name of

the file containing the reconstructed model. The dimensionalities of the acquired images

(always square) and the reconstructed model (always cubic) may be designated, as well as

the encoding type of the output image files (color postscript, gif, grey postscript, none,

portable pixmap, or IRIS rgb). The application will by default determine the next view

position, acquire a range-intensity pair, and assimilate the range information into the

prototype model, but is capable of only determining the next view position, acquiring

the range-intensity image pair from the specified view position, or reconstructing the

model from the most recently acquired range information, dependent on command line

arguments.

The user may also specify the parameters controlling the methodology used in

reconstructing the prototype model. The x, y, and z coordinates of the next view position

may be manually set, or one may specify the method to be used in determining that position

(view history, edge map, average or median occluded voxel face location, or centroid of the

largest cluster of occluded voxel faces) in determining that position. The user may instruct

the system as to how many views should be acquired using the specified method. The

option also exists to let the system reconstruct the model as completely as possible. If this

option is selected, the model will be reconstructed to a threshold of accuracy at which the

model may be considered to be sufficiently reconstructed, as discussed in Section 6.3, and

the method used to determine the next sensor pose will be determined by the rules

discussed in Section 6.4. One can optionally engage the system to separate closely spaced

views, as discussed in Section 6.2. All these options are listed when the name of the

application is followed on the unix command line by the option '-h.'

For users more comfortable with a continuous, visible interface with the program, the

option also exists for the application to launch a graphical user interface. This interface
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was written externally to the 'nextview' C++ code in the Java computer language, most

commonly seen in world wide web applications. The Java language was selected for its

simplicity, versatility, and multi-media nature. Once the graphical interface is engaged, it

can call the 'nextview' application as a native method, but the interface is simply a facade

or front end for the actual system. Screen shots of the graphical interface and its four

interdependent panels are illustrated in Figs. 6.7 and 6.8.

The graphical interface presents all the same options to the user as the command line for

the 'nextview' application. In addition, the user is able to view all range and intensity

images acquired thus far from the ideal model (on the Image Panel), review the statistical

behavior of the reconstruction by examining the graphs on the Statistics Panel, or spawn an

external viewer to visualize either the ideal 3-D model or the reconstructed model (from the

Model Panel). Online help is available which contains programmer information, the

application's purpose, and documentation regarding the use of the 'nextview' application

and its interface.

The Java interface is a fully functional front end for the 'nextview' application. With

the 'nextview' application and its interface, we should be able to quickly compile and

visualize the results of reconstruction. The complete application spent a reasonably large

period of time in development, allowing time for debugging and performance

improvement. In the next chapter, we will see the results of the implementation of the

system, which will verify the overall effectiveness and worth of the system.
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CHAPTER 7

EXPERIMENTAL RESULTS

In this chapter, we present results from the propagation of assorted 3-D models through the

previously described best-next-view system. As a standard, the images acquired will be of

resolution 512x512, and the resolution of the reconstructed models will be 256x256x256.

At this level of resolution, the limited complexity of the models we shall present will allow

adequate discrete tessellation of the work space, and the time required for calculation and

reconstruction should be reasonable (typically between three and five minutes for the

determination, acquisition and assimilation of each view on a 150 MHz Silicon Graphics

R4400 lndigo2 Extreme workstation, or between two and three minutes on a 195 MHz

Silicon Graphics R10000 lndigo2 Impact/TRAM workstation).

We will present results from the reconstruction of six models: the pipe model, the mug

model, the vise model, the valve model, the chair, and the hand model. For the first input

model (the pipe model), we will individually examine the results from each view

acquisition, illustrating the best-next-view system at work and the effects of the

assimilation of each range data set. For the remainder of the models, we will present a

concise set of results, illustrating the reconstructed model only after all range data sets have

been assimilated. The first four models were reconstructed at a resolution of

256x256x256, while the chair model was reconstructed at a higher resolution of

400x400x400 to illustrate the diversity of the system. The final model, the hand model,

was reconstructed beyond the threshold of accuracy determined in the previous chapter so

that we might examine an absolutely reconstructed model.
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7.1 The Pipe Model

The pipe model, illustrated in Fig 7.1, is comprised of an array of cylinders arranged in a

grid pattern. Because of their rounded shape, cylinders might present a challenge for our

discrete best-next-view system. Also, the cylinders are arranged such that the model will

contain many self-occluding contours, which might lead a lesser system to orient the sensor

on previously sampled regions of the object surface. Thus this model should serve to

verify the validity of the function we have written for providing an unoccluded view of a

target vicinity on an object.

The first range and intensity images of the pipe model, shown in Fig. 7.2, were

acquired from an arbitrary position on the x coordinate axis. A voxel rendering of the

recovered pipe model after the assimilation of the first range data set is shown in Fig. 7.3.

In this illustration, the dark shaded surface represents recovered surface data, and the

brighter shaded surface represents the information that was occluded from the sensor's

view. We will continue reconstruction from this model, the method used to determine the

next view position decided according to the discussion of section 5.4.

The second view position will be determined by the edge-based sensor placement

Figure 7.1: The ideal pipe model.



Figure 7.2; The range and intensity images acquired from the first view position for the

pipe model.

Figure 7.3: A voxel rendering of the recovered pipe model after the assimilation of the first

range data set.



technique of section 5.2.2. The image resulting from the differentiation of the range image

of Fig. 7.2 is shown in Fig. 7.4. In this figure is highlighted the center of the image and the

brightest pixel average, which together define a vector that, when transformed to three

dimensions, will be used to define the best-next-view position. The range and intensity

images acquired from the second view position are shown in Fig. 7.5, and a voxel

rendering of the recovered model after the assimilation of the second range data set is

shown in Fig. 7.6. We notice that the amount of occluded information has been greatly

reduced between the first and second views. This would probably be true of any two view

positions separated by a reasonable angle, but because these two positions are necessarily

orthogonal, the amount of new information recovered is truly significant.

The third view position was then determined using the occluded surface median

approach described in section 5.3.2. Examining the surface of the occluded model, one

might predict where the centroid of the surface might be and the approximate orientation of

the overall surface normal. However, one cannot predict whether a vector radiated from

the surface centroid in the direction of the surface normal will be occluded; thus we cannot

truly predict the location of the best-next-view position. In Fig. 7.7 are illustrated the range

and intensity images acquired from the third view position for the pipe model. Note that

Center of Image

Brightest pixel
average

Figure 7.4: The image resulting from the differentiation of the range image in Fig. 7.2.



Figure 7.5; The range and intensity images acquired from the second view position for the
pipe model.

Figure 7.6: A voxel rendering of the recovered pipe model after the assimilation of the
second range data set..

I

Figure 7.7: The range and intensity images acquired from the third view position for the
pipe model.



the third view position is nearly orthogonal to both the first and second view positions. For

this reason, the amount of new information recovered from the third range data set was also

fairly significant.

As we can see from the voxel rendering of the recovered model in Fig. 7.8,

reconstruction for this model is nearing completion; the remainder of the occluded data

should be selectively surveyed to determine the next view position. For this model, the

occluded data has been broken into several disjoint surface patches at an early stage, which

would lead us to select the clustering method to determine the next view position.

However, because the best-next-view system is automating the reconstruction process, the

method to be used will again be the occluded surface median approach. In this case, the

model is being reconstructed more rapidly than we originally expected; however, we would

not expect such behavior for a more complex model.

The occluded surface centroid approach actually successfully oriented the fourth

sensor position on the two large clusters of occluded data visible in Fig. 7.8. In Fig. 7.9 are

shown the range and intensity images acquired from the specified position, and a voxel

rendering of the recovered pipe model after the assimilation of the fourth range data set is

illustrated in Fig. 7.10. The model after four view acquisitions indeed does appear to be

1*
li
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m
4

Figure 7.8: A voxel rendering of the recovered pipe model after the assimilation of the

third range data set.



Figure 7.9: The range and intensity images acquired from the fourth view position for the

pipe model.

Largest

Occluded

Cluster

Figure 7.10: A voxel rendering of the recovered pipe model after the assimilation of the

fourth range data set, with the largest occluded cluster circled in white..



fairly complete. Only a small number of scattered occlusions remain, and should probably

be recovered with the next view acquisition.

Because reconstruction has been proceeding rather rapidly, the best-next-view system

will determined the location of the fifth view position using the occluded surface clustering

approach (as discussed in Chapter 5). The results of clustering the occluded voxel surface

faces are shown in a voxel rendering in Fig. 7.11, and are circled in white in Fig. 7.10. The

next view position was selected by the system to eliminate this occluded cluster, and the

images acquired from that position are shown in Fig. 7.12. In Fig. 7.13, a voxel rendering

of the reconstructed model after the assimilation of this range data set is shown from the

same perspective as that of Fig. 7.10. Obviously, the cluster on which the fifth view was

oriented was eliminated by the assimilation of this range data set, and it appears from Fig.

7.13 that any occlusions that remain in the model .are sparse. After the assimilation of the

fifth range data set, the model was determined by the best-next-view system to be

adequately reconstructed.

Now that the best-next-view system has automatically reconstructed a prototype of the

pipe model, we may examine the collective results. In Fig. 7.14, we see the ideal pipe

model illustrated with each of the positions from which the system acquired range data.

From this figure, one may get a perspective of the images from each view position.

Figure 7.11: A voxel rendering of the results of clustering the voxel surface faces in the

occluded model of Fig. 7.8.



I

Figure 7.12: The range and intensity images acquired from the fifth view position for the

pipe model.

r

■1
Figure 7.13: A voxel rendering of the recovered pipe model after the assimilation of the
fifth range data set.
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Figure 7.14: The ideal pipe model shown with the positions from which the best-next-view

system acquired range and intensity images (represented as arrows).

In Fig. 7.15 are illustrated four graphs which depict the iterative behavior of the

best-next-view system. The graphs on the left illustrate the number of exposed voxel faces

in the surface and occluded models, while the graphs on the right illustrate the total number

of voxels in each model. The surface model graphs (top) show that the surface model does

increase in size, as expected, with the assimilation of each range data set, until the final

images were acquired and reconstruction was terminated. The occluded model graphs

(bottom) illustrate the dwindling size of the occluded model with each view. While the

number of exposed occluded voxel faces converges toward zero, the number of occluded

voxels will always converge to some finite positive number. These are the voxels inside of

the model.

In Fig. 7.16, we see a surface rendering of the model reconstructed after the

assimilation of the five range data sets compared with the ideal pipe model. One can

clearly see that the reconstructed model strongly resembles the ideal model, proving the

validity of the reconstruction system. The surface of the reconstructed model is of course

not as smooth as the surface of the ideal model; because we are representing our volume
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Figure 7.15: Four graphs illustrating the change in number of surf ace voxel faces, surface

voxels, occluded voxel faces, and occluded voxels for the reconstructed pipe model with the

assimilation of each range data set.

data as binary (occupied or empty) rather than as probabilistic grayscales, a continuous

surface might become somewhat mangled during the reconstruction process. Regardless of

the texture of the surface, the reconstructed model indeed does visually compare well with

the ideal model, allowing us to move on to other models.

7.2 The Mug Model

In this section we will focus our attention on a model of a coffee mug. The mug model,

illustrated in Fig. 7.17, should be an interesting model for us to reconstruct, for two

reasons. The first is obvious: the model is that of an actual physical object, with which

one is probably familiar and can freely associate. The second reason stems from the nature

of the best-next-view system. Examining the mug model, one will notice that a large

percentage of the surface of the model lies inside of a concavity. The significance of this

fact with respect to our best-next-view system is that the edge of a concavity will tend to
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Figure 7.16: (a) A surface rendering of the reconstructed pipe model, compared with
(b) the ideal pipe model.



Figure 7.17: The ideal mug model.

to occlude the interior of the concavity when viewed from most angles.

The test of the best-next-view system will be in determining the position and

orientation from which the interior of the concavity may be observed. While the holistic

view-determining techniques use the normal of the surface of interest to determine the view

orientation (and thus might tend to position the sensor where only the edge of a concavity

is visible), our system should be able to provide the sensor with an unoccluded view of an

object's surface (as discussed in section 5.2.1). Both the interiors of the mug and its handle

should serve to verify this function.

We will directly examine the final results of the submission of the mug model to the

system for complete reconstruction. In Fig. 7.18 we see a compilation of the seven range

and intensity images acquired during the reconstruction of the mug model, and in Fig. 7.19,

the ideal mug model is illustrated with the view positions shown relative to the model. It

appears that the majority of the views were acquired in an attempt to view the occluded

information inside the mug, as we predicted. The first view assimilated the preliminary

profile information. The second view appeared to be examining the mug handle and the

top of the cup. With the third view acquisition, the bottom surface of the cup was

assimilated. The remainder of the views were apparently acquired with the intent of

viewing the interior of the mug and its inner surface. An isosurface rendering of the

reconstructed mug model is compared with the ideal mug model in Fig. 7.20.
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Figure 7.18: The seven range and intensity images acquired for the mug model.

1

U

1 1 \ Vx
/
/

r
m

\

\ /

Figure 7.19: The ideal mug model illustrated with the seven view positions.
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Figure 7.20: (a) A surface rendering of the reconstructed mug model, compared with

(b) the ideal mug model.



Seven view acquisitions may certainly be considered reasonable for the reconstruction

of a somewhat complex model. Considering the different orientations of all the surfaces in

the mug model, it is surprising that more views were not required. The entirety of the

outside surface and the interiors of the mug and its handle all must be assimilated into the

model for adequate reconstruction. We can see that the reconstructed model of Fig. 7.20

(a) indeed does compare well with the ideal model in Fig. 7.20 (b). The concavity of the

interior of the mug appears to be intact, and the shapes of the handle and the cup itself were

reconstructed correctly. With seven views, the mug model has been reconstructed to an

adequate level.

7.3 The Vise Model

The next model we shall attempt to reconstruct will be that of an industrial vise. The

ideal 3-D model of the vise is shown in Fig. 7.21. The model is a reasonably accurate

reproduction of a vise, consisting of a handle, the clamp of the vise, and the knob which

tightens or loosens the vise. The vise model should introduce an industrial motive for the

application of a best-next-view system. The model is simultaneously simple-looking and

somewhat complex. The most difficult part of an object for a best-next-view system to

m
n

Figure 7.21: The ideal vise model.



reconstruct is the intricate details, such as the bolt on the clasp of the vise or the rounded tip

of the tightening knob. This is the point at which the resolution of the model becomes

important: if some aspect of an object is smaller than the sampling resolution, it will

obviously not be assimilated into the model.

Only four images were required to adequately reconstruct a prototype of the vise

model. The range and intensity images acquired are shown in Fig. 7.22. The view

positions relative to the model are shown in Fig. 7.23. The model reconstructed from the

four range views is illustrated in Fig. 7.24 (a), which may be compared with the ideal vise

model, shown in Fig. 7.24 (b). We will note that the total number of views required for

reconstruction was minimal. It appears from the reconstructed model, however, that certain

details of the model were not assimilated into the prototype, specifically the bolts on the

side of the vise and the indented tips of the tightening knob. Fortunately, this observation

is false. The information of the bolts and the indented tips is contained in the model, but it

was smoothed out for the purpose of visualization. Thus the surface transitions in the

reconstructed model are simply more gradual, and hence less visible. The vise model was

thus successfully reconstructed by the best-next-view system.

7.4 The Valve Model

The valve model, shown in Fig. 7.25, is a replication of a cylindrical container with a pipe

and valve extruding from it. The model is intended as a reproduction of a component of an

actual facility contaminated with radioactivity which is scheduled to be disassembled.

Because the radioactivity makes it hazardous for humans to enter the facility for extended

periods of time, the dismemberment of the facility will optimally be automated. Thus this

model helps to illustrate an application of this system to the handling of hazardous material.

The reconstruction of this model also required only four view acquisitions. The range

and intensity images acquired during reconstruction are illustrated in Fig. 7.26, and the
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Figure 7.22: The four range and intensity images acquiredfor the vise model.
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Figure 7.23: The ideal vise model illustrated with the four view positions.
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Figure 7.24: (a) A surface rendering of the reconstructed vise model, compared with

(b) the ideal vise model.



view positions relative to the 3-D model are shown in Fig. 7.27. One will notice that the

positions appear to be very well distributed about the model. In the case of this model, this

distribution is the most appropriate for adequate reconstruction. However, we will recall

the reconstruction of the mug model, and the distribution of views shown in Fig. 7.19. For

the mug model, a number of views were required for the interior surface of the mug. Here

we find an example illustrating why the same distribution of views will not reconstruct

every model equally well.

An isosurface rendering of the reconstructed valve model is compared with the ideal

valve model in Fig. 7.28. The effects of smoothing the prototype for visualization are

plainly visible: the two parallel plates near the top of the model appear to be almost

blended together, and anywhere a discrete boundary between two surfaces is found in the

ideal model, a rounded, continuous boundary will be found in the surface rendering of the

reconstructed model. Otherwise, the reconstructed model compares well with the ideal,

offering a minimum of contrast to the visual survey.

7.5 The Chair Model

The ideal chair model, shown in Fig. 7.29, was also used to illustrate the utility of the

image acquisition function in Fig. 3.3. The specific reason the chair model was selected for

reconstruction was to test the system's ability to reconstruct objects which are relatively

thin in comparison to the overall object dimensionality. The chair model presents us with

several instances of such an object in the "boards" which comprise the chair. The chair

model might present a challenge to the system due to the void spaces between the boards,

which will offset the overall surface normal somewhat. So that the best model will be

reconstructed, and to illustrate the versatility of the system, the model will be reconstructed

at an increased resolution of 400x400x400.
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Figure 7.25: The ideal valve model.
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Figure 7.26: The four range and intensity images acquiredfor the valve model.
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Figure 7.27: The ideal valve model illustrated with the four view positions.
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Figure 7.28: (a) A surface rendering of the reconstructed valve model, compared with

(b) the ideal valve model.



Figure 7.29: The ideal chair model.

Five views were required to sufficiently reconstruct a prototype of the chair model.

The range and intensity images from each view are shown in Fig. 7.30, and the positions

from which the images were acquired are shown in Fig. 7.31. It appears from Fig. 7.31 that

after the assimilation of the first image, each of the remainder of the views was closely

oriented to the lateral direction of one or more of the boards comprising the chair model.

This is no doubt due to the side surface of each board, which would of course contribute to

the overall surface normal.

In Fig. 7.32 we see a voxel rendering of the reconstructed prototype from the chair

model compared with the ideal chair model. Due .to the increased resolution of the model,

it was not possible to generate an isosurface rendering of the reconstructed model (the

isosurface function can only have as input a grid of dimension up to 256x256x256). Once

more, the reconstructed model compares well with the ideal. However, there appears to be

some disparity between the models near the base of the rear boards of the chair. The

surface of the boards in the reconstructed model has been eroded away somehow. The

origin of this fault may be found in the thickness of the boards. This erosion effect will be

discussed further in the next chapter.
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Figure 7.30: The five range and intensity images acquired for the chair model.
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Figure 7.31: The ideal chair model illustrated with the five view positions.



as®

liB
|i'Vi" ii

Figure 7.32: (a) A voxel rendering of the reconstructed chair model, compared with (b) the

ideal chair model.



7.6 The Hand Model

The ideal hand model is illustrated in Fig. 7.33. This model is a replication of a robotic

manipulator with three finger-like appendages and a semi-spherical base. Located in the

center of the robot arm are three cylindrical concavities, which will no doubt provide a

challenge to our reconstruction system. The near-negligible thickness of each finger

appendage with respect to the overall size of the model might introduce an additional

obstacle for the system to overcome.

After the acquisition and assimilation of four range views, the criteria for sufficient

accuracy were met by the reconstructed model. The relative positions from which the four

range images were acquired are shown in Fig. 7.34, and a voxel rendering of the

reconstructed hand model is illustrated in Fig. 7.35. While the view positions appear to be

well-distributed about the object and the criteria for sufficient reconstruction were met, it

appears that the cylindrical concavities in the center of the arm were not correctly

reconstructed, and a fair amount of occluded information remains to be assimilated near the

base of the fingers. For this reason and so that we could illustrate the extensibility of the

system, four more range images were acquired from positions determined using the view

history approach, with the range information iteratively assimilated into the reconstructed

model.

r

Figure 7.33: The ideal hand model.
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Figure 7.34: The first four positions from which range data was acquired from the hand

model.
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Figure 7.35: A voxel rendering of the hand model after four range image assimilations.



The complete set of eight range images which were acquired for the reconstruction of

the hand model are shown in Fig. 7.36. The position from which each range and intensity

image was acquired is illustrated relative to the ideal hand model in Fig. 7.37. In Fig. 7.38

are shown the four graphs also depicted for the pipe model in Fig. 7.15, which follow the

behavior of the reconstructed model as reconstruction progresses. Plainly the size of the

occluded model decreases to the internal voxel count of the model, while the size of the

surface model appears to peak at a maximum value and gradually trail off. This is

explained by those voxels in the surface model which are essentially "false positives":
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Figure 7.37: The ideal hand model illustrated with the eight view positions.
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Figure 7.38: Four graphs depicting the size of each model as reconstruction progresses.



those voxels which appear from one range image to be on the surface of the object, but are

later verified from another image as not being occupied volumes at all. If we examine a

voxel rendering of the discrete surface of the reconstructed model after eight range

assimilations (see Fig. 7.39), we see that many of the occlusions which we visually

identified in Fig. 7.35 have been assimilated into the reconstructed prototype.

In Fig. 7.40, we see an isosurface rendering of the reconstructed hand model compared

with the ideal hand model. Once more, the reconstructed model appears to compare well

with the ideal model, and thus the application of extended reconstruction for this model

was appropriate.

Figure 7.39: A voxel rendering of the reconstructed hand model after the assimilation of

eight range views.
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CHAPTER 8

SUMMARY AND CONCLUSIONS

After reviewing the results, we feel justified in concluding that the overall performance

of the best-next-view system has surpassed our original goals. The system is able to

acquire range and intensity images from a specified position with respect to a given model,

assimilate the range information into a 3-D bitmap model of a given size, and determine

from the current status of the model the position from which an optimal amount of new

range information could be acquired from the model. The system emulates the intuitive

inspection and reconstruction capabilities of a human being. The models reconstructed,

dependent on the object complexity and the resolution of the model, are consistently

accurate and robust reproductions of the original ideal model of the object.

Figures 7.17, 7.20, 7.24, 7.28, and 7.32 each illustrate the reconstructed model of an

object compared with the ideal model. The digital nature of the reconstructed voxel data

and the resolutions of the models themselves prevent the reconstructed models from

replicating the ideal models exactly. Of course a model of infinite (or very large) resolution

would present the most accurate reproduction of any model. However, we are limited by

practicality and the facilities available to us in the sizes of the models we manipulate.

While the first four 256x256x256 models required in general less than an hour to

reconstruct, the 400x400x400 chair model required several hours. Thus we are not only

concerned with the memory occupied by the model, but also the time required to assimilate

range data.

After the reconstruction of the chair model was complete, we noticed that the bottoms

of the boards at the rear of the chair appeared to be eroded away. This error is due to the
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relatively small thickness of the boards and a problem with the range data registration

algorithm. When a thin object is viewed from the front or back, the viewed surfaces are

assimilated into the prototype model (see Fig. 8.1 (b)). If the object is viewed directly

parallel to the thin surface, however, when the range pixels are sampled to determine voxel

occupancy, the pixels corresponding the thin surface might not be sampled because they

comprise such a small part of the image (see Fig. 8.1 (c)). Because the combination

procedure of the existing occupancy grid and the newly ranged occupancy grid involves a

logical AND, any voxels occupied in the existing grid and not occupied in the prototype

grid will not be occupied in the updated grid. Thus when ranging a thin surface with

insufficient model resolution, we will see the erosion effect evident in Fig. 7.32.

Aside from this problem, the best-next-view system performed well. The application

should be suitable for implementation in a practical situation, such as in the modeling of an

actual three-dimensional object. Plans exist for the system to be applied to the automated

modeling of a facility contaminated with radioactivity, which was the basis for the valve

model. The input range images would be acquired by a Perceptron P5000 laser range

scanner to be mounted on a Schilling Titan II manipulator and supervised by a dedicated

»

Figure 8.1: (a) View 1 is acquired from the front of a thin surface, and View 2 is acquired

parallel to the thin surface; (b) the image from View 1, and (c) the image from View 2.



Sun SPARC 5 workstation. All elements of this proposed system exist and are functional

and have only to be compiled into one working system.

Ideally, the graphical user interface of the system and the best-next view system itself

should both be components of the same system. Currently, the interface, written and

compiled in Java, is merely a front end for the system, written in C++ code. The system

and the interface execute separately, with the interface calling the system as a native

method. Because Java is an interpreted language, large data sets would bog down an

application written in Java, thus making it inappropriate for a best-next-view system to be

encoded in that language.

Further future work will essentially be a series of optimization projects. The matter of

optimizing the C++ best-next-view system code should be a simple one; the total number of

calculations with each iteration has already been minimized, but each function should be

compiled inline. The most important goal for future work should be to make the system

work more quickly with models of higher resolution. At the current level of technology,

this is definitely possible, but faster hardware will generally be much more monetarily

expensive. The current system is a compromise between hardware and software, optimized

for a Silicon Graphics Indigo 2 workstation.

A definite possibility for this best-next-view system in the future will be to work with

probabilistic models rather than binary models. While the current software works with

models which have one bit of memory allocated for each voxel in the 3-D model, the

system could easily be altered to work with models which have an entire byte of memory

allocated for each voxel in the prototype model. The reader will recall that the current

models were expanded to such a format for the isosurface visualization function. A

probabilistic model would not only improve the accuracy of the reproduction, but the

erosion effect of the registration algorithm discussed earlier in this chapter would be

eliminated. Perhaps the system should work with octrees, calling on higher resolution in
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the model at areas of greater physical contrast.

Optimally, the system should be limited in the range of positions which will be

considered for the best-next-view position. An actual system will most likely not be able to

view the object from any angle at a fixed radius from the object center. Thus a delimiter

should be incorporated into the system which would be able to register range data from any

radius, and inform the best-next-view system of the presence of a wall or other such object

which would exclude the presence of the sensor. In this sense the system would then

actually closely resemble the inspection and reconstruction capabilities of a human being in

an unknown environment.

In conclusion, we should note the many separate components generated specifically for

this project:

(1) The C-i~i- class library, complete with operators and operator functions,
written specifically for the purpose of handling and manipulating discrete
three-dimensional models.

(2) The application which reads an IRIS Inventor format file and renders
range and intensity images of the described object from a given position.

(3) The registration function which takes as arguments the existing prototype
model and the most recently acquired range image, and assimilates the
range information into the prototype.

(4) The best-next-view system which presents five separate methods for det
ermining the best-next-view position from the current state of the model.

(5) The graphical user interface with which the user can call the best-next-
view system, view the images acquired at each iteration, review statistics
pertaining to reconstruction, or examine the ideal or reconstructed model.

(6) The application which reads in a reconstructed model file and outputs an
IRIS Inventor format voxel rendering of the model for visualization.

(7) The IRIS Explorer module map which reads in a reconstructed model file
and outputs an IRIS Inventor format surface rendering of the model for
visualization.

In consideration of the fact that all of this work was done as the project for a Master's thesis

and not a doctoral dissertation, the total amount of time and effort submitted to complete

the project should exceed expectations. Most of the code written for this project is
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completely original, and each component of the compiled system is fully functional. The

results of the system compare well to the ideal models, and should speak for themselves.
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APPENDIX

CLASS DECLARATIONS

1. Class VoIGrid

Class VoIGrid contains the following members:

private:
int Xdim;
int Ydim;
int Zdim;
unsigned char* array;

public:
VolGrid(int xsiz = l,int ysiz = l,int zsiz = 1);
VolGrid(const VolGrid&);
-VolGridO;
const int xsize(void);
const int ysize(void);
const int zsize(void);
VolGrid& read(ifstream&);
VolGrid& read_file(char*);
VolGrid& write_file(char*);
VoIGrid subgrid(int, int, int, int, int, int);
VolGrid& insert(int, int, int, VoIGrid);
VolGrid& resize(int, int, int);
VolGrid& emptyO;
VolGrid& fillO;
VolGrid& empty(long);
VolGrid& fill(long);
VolGrid& empty(int,int,int);
VolGrid& fill(int,int,int);
VolGrid& empty(int, int, int, int, int, int);
VolGrid& fill(int, int, int, int, int, int);
int no_error_index(const int,const int,const int);

int operator () (const int,const int,const int);
unsigned char operator () (const int index);
VolGrid& operator = (const VolGrid&);
VolGrid& operator = (Octree&);
VolGrid& operator = (unsigned char *);

// 'length'
// 'width'

// 'height'
// the binary array

// member functions
H constructor

// copy constructor
// destructor

// return x size
// return y size
// return z size
// read array from file
// file input
// file output
// sub-grid array
// sub-grid assignment
// resize grid
// completely empty grid
// completely fill grid
// voxel = 0
// voxel = 1
// voxel = 0

// voxel = 1
// clear specified voxels
// fill specified voxels
// error-free access

// member operators
H access element

// direct element access
// VoIGrid assignment
// Octree decompression
// assumed size array
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int operator == (const VolGrid&);
int operator != (const VolGrid&);
VolGrid operator ~ (void);
VolGrid operator ̂  (const VolGrid&);
VolGrid operator & (const VolGrid&);
VolGrid& operator 1= (const VolGrid&);
VolGrid& operator &= (const VolGrid&);
VolGrid operator I (const VolGrid&);
VolGrid operator + (const VolGrid&);
VolGrid operator - (const VolGrid&);

// equal test
// not equal test
// NOT logical operator
// voxel-wise XOR
// voxel-wise AND

// voxel-wise 1=

// voxel-wise &=
// voxel-wise OR

// voxel-wise OR

// "subtraction"

2. Class Octree

Class Octree has the following members:

private:
int n;
unsigned char* array;

public:
Octree(int n = 7);
Octree(const Octree&);
Octree(VolGrid&);
-OctreeO;
Octree& read_file(char*);
Octree& write_file(char*);
Octree& combine(VolGrid&,VolGrid&);
Octree& split(VolGrid&,VolGrid&);
int gridsizeO;

Octree& operator = (Octree&);
Octree& operator = (VolGrid&);
unsigned char operator () (const int index)

// (2")x(2n)x(2") grid
// the binary array

// member functions
// constructor

// copy constructor
// copy constructor
// destructor

// file input
// file output
// two grids into one octree
// two grids from one octree
// n access

// member operators
// Octree to Octree copy
// VolGrid to Octree copy
// direct element access
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