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Abstract

There are three main points of focus in this dissertation, all of which address

important aspects of the object recognition problem. These are: adaptive range

segmentation, graph matching and calibrated 3-D ranging. Computationally

efficient, robust and accurate means to accomplish these tj^es of problems are

critical to improving the state of the art in object recognition.

In addition to the above three main areas, a fourth objective was also set. It

was desired to create components using a systemic perspective, allowing them to

be put into an integrated framework. Their ability to be integrated into a system

is considered to be an important aspect of their real-world utility. Integrating

the three main contributions into a complete system permitted validation of the

performance of individual components in a system context.

The novelty of the research in 3-D ranging has produced new approaches to

calibration and to acquisition. These techniques make for a system that acquires

data at frame rate, is accurate and is easy to calibrate. The calibration technique

that has been developed permits modeling of all elements of the sensor pack

age in a single step via a least norm solution. This is simpler and can provide

greater accuracy than more traditional methods that model the camera and laser

separately. The range sensor has an accuracy of better than 0.005 inches.

An adaptive approach for robust, accurate and computationally efficient seg

mentation of range images has also been developed. It is well matched to the

range acquisition process. Adaptivity is a new trend in range image processing.

Adaptive schemes are not bound by rigid geometries when accessing data, for
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example. This improves performance by better handling outliers. The new ap

proach uses a combination of multiple adaptive mechanisms. Tests demonstrated

that segmented regions can be computed in less than 3 seconds, imder a wide

variety of test conditions. Stable operation was achieved above 90% of the time

in the majority of testing trials.

A new approach to graph matching has also been developed as a part of

this effort. It provides a tremendous computational advantage over established

methods that are either based on search, or on iterative relaxation techniques, or

on alternate exhaustive formulations. The new method requires a computational

effort that is of polynomial order. It is able to maintain a performance level

for subgraph isomorphisms at or above 95% under a wide variety of conditions

and with varying levels of noise. The performance on the full size comparisons

associated with graph isomorphisms has been found to be 100/100, also under a

variety of conditions.

Careful thought went into test conditions for individual components and for

integrated tests. Types of surface curvature and discontinuities were important

considerations, as were the complexity of objects and the number of database

models. A suite of discontinuities and surface types were used in testing. Testing

was performed using both synthetic scenes (4000+) and real scenes (500+). Results

are reported for individual processing modules and for the integrated system

performance.
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CHAPTER 1

Research Overview

1.1 Brief Problem Statement

There are three main points of focus in this dissertation, all of which address

important aspects of the object recognition problem. These are: adaptive range

segmentation, graph matching and calibrated 3-D ranging. Computationally

efficient, robust and accurate means to accomplish these types of problems are

critical to improving the state of the art in object recognition. Novel contributions

have been made in each of the above three areas in the course of this research.

These contributions take the form of algorithms, implementations and a signifi

cant level of testing.

In this work, a "computationally efficient" process is considered to be one

requiring a worst-case amount of effort that is deterministic and is bounded by

a polynomial function of the problem size. Herein, the terms "robustness" and

"stability" will be used interchangeably to describe the consistency of results.

This refers to the amoimt of variation in output data that is caused by relatively

minor changes in input noise or input conditions - such as the pose of an object.

In addition to the above three main areas, a fourth objective was also set. It

was desired to create components using a systemic perspective, allowing them to

be put into an integrated framework. Their ability to be integrated into a system

is considered to be an important aspect of their real-world utility. The three main

contributions were integrated into a complete system. This testbed is not meant

to represent a final turn-key implementation. Rather, its implementation permits



validation of individual components in a system context.

Because of the importance of the systemic perspective in this effort, the in

tegrated framework itself has been given the name RDM, which stands for

Recognition by Direct Matching. This name emphasizes the unique contribu

tion in the graph matching area which permits the matching of two graphs to be

performed in a direct and computationally efficient manner. This aspect of the

framework tends to provide the greatest distance between an RDM style of sys

tem and other kinds of approaches. For example, RDM does not use an approach

based on search [1-3], nor on iterative relaxation techniques [4,5], nor on alternate

exhaustive formulations [6,7], as is typical.

The following system-level goals were set for the RDM framework;

• Able to recognize 3-D objects from different views.

• Able to handle partial views.

• Tolerant of occlusions.

• Able to recognize a relatively large number of objects.

• Able to recognize objects with complex geometries.

• As rapid, reliable and accurate as possible.

These goals served as the systemic guidelines during the creation of each of the

three main contributions in this effort.

1.2 Design Considerations and Style of an integrated Framework

A great amount of research has been done in the area of object recognition

for over 30 years [8] [9]. The above goals were used as a guideline to focus

on an appropriate style of approach. RDM is model-based. It uses a graph



representation to model objects. These graphs contain descriptions of geometrical

models and their relational postures. A discussion of each of these choices follows.

The problem domain associated with recognition in a manufacturing envi

ronment is more structured than that of an outdoor environment, for example,

and typically a model-based approach is used in this arena [10]. This type of

approach is appropriate because there generally are a limited number of objects

that are to be recognized and often these objects may be precisely specified in

terms of dimensions and fixed tolerances.

A important choice made in the RDM framework is the selection of the type

of representation. Representations are often grouped into 2-D, 2 1/2-D, and 3-D

categories [11] [10]. The 21/2-D style is typically used for describing 3-D objects

that have been observed from a single viewpoint [12]. The 3-D type usually

contains volumetric models [13] or surface descriptions [2]. 2-D approaches are

more appropriate for intensity image processing [14] and were not considered for

RDM.

View-centered and object-centered are two other common categories for rep

resentations [15]. Object-centered descriptions are independent of viewing di

rection. The preferred method of recognizing 3-D objects from arbitrary views

is to use a 3-D representation with object-centered description [16]. This type of

approach was selected for RDM. RDM constructs graphs that contain volumet

ric models and include a relational description of the relative pose of adjacent

volumes. The tj^e of representation used in RDM is also termed "exact" in

nature [10]. It uses a single model of an object that describes all views.

In the RDM framework importance is placed on the type of object representa

tion: 3-D, object-centered, exact and graphical. Less emphasis is placed on specific

features within the representation. From the RDM perspective, the specific as

signments made to nodes, edges, and their properties should be left somewhat

up to a system designer and are likely to vary from application to application.



Because of the goal to recognize 3-D objects, it was chosen to use an active

sensing technique. An active sensing mechanism [17] was preferred for increased

tolerance to ambient lighting. This type of method also provides direct range

measurements that can be acquired faster and with higher data densities than

passive ranging methods.

1.2.1 Challenges of an Integrated System

Various types of noise and errors are introduced during the recognition process.

The ranging sensor will often produce noise of multiple types, both lower inten

sity Gaussian-like corrupting every measurement as well as a higher intensity

spike noise that will typically occur with a lower frequency [18]. The effect of

measurement noise propagates up into each stage of the recognition process.

Segmentation and object modeling are intermediate stages in the recognition

process. These involve the formation and description of discrete groups of points.

Measurement noise and outlier effects produce the greatest challenges to segmen

tation and modeling algorithms [11]. Outliers are data points that are improperly

grouped into a segmented region. These are due to sensor noise and to improper

boundaries of regions. The net effect of noise and outliers is a loss of robustness,

resulting in unstable scene descriptions. Here, "instability" refers to conditions

where small changes in measurements cause large changes in a high level model.

An object recognition technique will generally need to tolerate these effects to a

certain degree.

The use of object models that do not match the true object shape can also lead

to instabilities. For example, if polygons are used to describe a cylinder then slight

changes in pose or in measurement noise may cause large shifts in the boundaries

of each polygon.

Because ranging sensors are line of sight, scene models formed from a sin

gle observation point will generally only describe part of an object. Occlusions



of scene elements may be produced by the object itself and/or by scene clutter.

This leads to two possible avenues: either deal with the occlusion directly, by

identifying partial matches between scene and database models [19], or elimi

nate the occlusion problem by combining scene information from multiple views

until a (near-)complete model is created [20]. The partial matching avenue has

been addressed in this effort. This approach is challenging because of the high

combinatorics associated with graph matching [21].

To lessen this computational burden approaches use a variety of methods

to restrict possible matches (see Chapter 5). For example, the compatibility of

node and edge properties must be maintained [22], constraints describing the

permissible types and the local structures of neighboring nodes are also used [23,

24] as well as likelihoods of the occurrence of a node [7,25], or local groups of

nodes [26]. These are a few examples of different classes of techniques, which,

like RDM, focus on graph matching as a separate problem from pose. What is

revealing, is to consider the highly localized nature of these matching strategies. The

compatibilities, constraints and likelihoods involve either the nodes themselves

or relationships to their immediate neighbors. These strategies typically operate

with a very short horizon, often just 1 node away.

As a result of this limited horizon, techniques will invariably suffer as graphs

become larger. As more nodes are available, more candidate matches are avail

able, hence the dynamic range or the dimensionality of property vectors must in

crease to provide sufficient distinction to guide the matching process. Researchers

have reported difficulties extending techniques to conditions with more complex

objects [3].

The method of graph matching used in RDM computes a vector describing

the topological relationship of nodes and edges to the rest of the graph. This

vector reflects the graph's structure within a region of selectable extent. Hence

the horizon of this vector is tunable - to include the entire graph, if desired.



1.2.2 Benefits of the New Framework

A key difference in the RDM framework is the separation of recognition and pose

efforts. This has a number of advantages. First of all, it eliminates the step-wise

refinement of pose calculations (as in tree search approaches [2,27]). Rather, in

RDM, pose can be calculated once and in an optimal (least squares [28]) fashion.

Separation of recognition and pose also opens a door of opportunity to solve

another significant problem in range processing - the merging of scene data from

differing views. In the RDM framework scene descriptions contain only relative

data. This provides an opportunity to use the graph matcher developed for

RDM to find the mapping between adjacent (overlapping) scene graphs. These

overlapping scene descriptions could then be merged. This operation would take

place at a high level, providing a computational benefit.

Using a graphical representation with purely relational data also has a future

benefit in the area of recognizing articulated objects. An articulated object, such as

a prismatic joint of a robot, maintains a known topological relationship amongst

its components, although relative positions may change. The cormectivity of such

an object remains constant. Hence recognition strategies that employ comparisons

of graph topology, as in RDM, will be able to accommodate articulated shapes.

The use of relational features for graph properties has an advantage unto

itself. Absolute calibration factors can be eliminated from the acquisition process

of relative measurements. This provides an opportunity to use RDM in a weakly

calibrated ranging system.

An important difference between RDM and other methods of recognition is

the computational efficiency gained by its method of graph matching and an

ability to find subgraph matches. Studies [29] demonstrated that recognition

rates above 95% could be maintained when only half of the object was in view.

This has an important impact on the type of object representation that can be used

- permitting the use of an exact one, as discussed above. This has a significant



computational advantage. This style of representation is more compact than

non-exact, or multiview representations. Multiview schemes [30] store a separate

description for each possible view of an object. This results in both a large number

of models and introduces increased computational requirements, as each view-

dependent model must be examined separately during recognition.

1.3 The RDM Framework

The overall approach to RDM-based recognition is summarized in this section.

Details on each component are given in Chapters 3 to 5. Reviews of related

techniques are presented in Chapter 2.

RDM system components are illustrated in Figure 1.1. This is a data flow

diagram that shows the individual processing steps and the data exchanged

between each module. The data flows between modules are indicated with

arrows, beginning with the "scene" at the top and an object description at the

bottom. The bulletized items to the right provide descriptions of the processing

modules.

The RDM framework includes the following components:

• "PRIME:" To Acquire Range Points

• "RPT:" To Segment Points into Regions

• "GEOGRAM:" To Model Each Region

• "DCA:" To Match Scene and Database Models

• "Horn:" To Compute Pose of Scene Object

• "Verify:" To Check the Validity of a Match

Each of these components is introduced below.
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Figure 1.1: Components of the RDM framework for object recognition.
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The PRofile Imaging ModulE (PRIME) is a Structured Light ranging sensor.

PRIME generates profiles, or slices, of Cartesian range data. The novelty of

PRIME stems from new approaches to calibration and to pixel-level operations.

These techniques make for a system that is acquires data at frame rate, is accurate

and easy to calibrate. See Chapter 3. The need for real-time acquisition has

inspired some efforts involving custom VLSI implementations [31]. Here, real

time acquisition has been achieved without custom hardware, but rather, by

mapping an algorithm onto a pipelined processor. The calibration technique

that has been developed permits both the camera optics and laser geometry to

be modeled in a single step via a least norm solution. This is simpler and can

provide greater accuracy than more traditional methods that model the camera

and laser separately [32]. PRIME has an accuracy of better than 0.005 inches.

The raw range data acquired by PRIME lacks any type of higher level inter

pretation, it is simply a collection of individual points. The next step in modeling

and recognition is to form isolated groups of the raw data which can then be an

notated with somewhat higher-level descriptions. This initial process of forming

groups is referred to as "segmentation". Range Profile Tracking (RPT) is an adap

tive approach for robust, accurate and computationally efficient segmentation of

range images that is based on Kalman filtering. It is well matched to the PRIME

Structured Light acquisition process. See Chapter 4.

The spectrum of reported range segmentation techniques can be described in

terms of the "kernels" that are used to access range data at the pixel level. The

kernel has an associated size, shape, placement and feature. A new trend in

range image segmentation is the use of adaptive kernels. Adaptivity improves

the robustness of segmentation algorithms by better handling outliers. Adaptive

schemes vary in approach, some change kernel shape [33], some use prudent

kernel prudent positioning [34], and others vary processing methods or parame

ters [35].



The \iniqueness of RPT arises from a 3-way combination of adaptive kernel

mechanisms. The size and shape of the kernel vary djmamically. This provides

dense regions of varying size that are robustly formed. Kernel boundaries occur

when outliers disrupt surface smoothness, at object boimdaries or in the event

of spike noise, for example. In this type of approach the kernel boundaries are

not located by a fixed geometry. This helps to avoid the inclusion of outliers

within a segmented region. The state of the RPT processing kernel varies with the

measurements encoimtered. It provides a prediction of future curvature in order

to better eliminate outliers from each region. Tests demonstrated that segmented

regions can be computed in less than 3 seconds, under a wide variety of test

conditions. Stable operation was achieved above 90% of the time in the majority

of testing trials.

The purpose of GEOGRAM, GEOmetrical GRAphical Modeling, is to gener

ate graphical models from the segmented regions produced by RPT. In general,

these models have node properties that describe a geometrical shape, and edge

properties that describe the relative orientation of the shapes that are located on

adjacent nodes. The challenge of GEOGRAM is to produce components of object

graphs that are more stable than the descriptions formed by RPT. An approach

to the geometrical modeling problem has been implemented that reduces the

number of unknowns in the models in order to improve efficiency. See Chapter 6.

GEOGRAM will produce scene descriptions in graph form. DC A is a new ap

proach to finding subgraph isomorphisms. OCA performs a Direct Classification

of node Attendance to describe the likelihood of a node being present as an iso-

morphic member of another graph. Based on this classification a node to node

assignment is made between a scene and database graph.

DCA processing represents a tremendous computational advantage on estab

lished methods that are either based on search [1-3], or on iterative relaxation

techniques [4,5], or on alternate exhaustive formulations [6,7]. DCA requires
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a computational effort that is of polynomial order. It is approximate in nature.

However, it is able to maintain a performance level for subgraph isomorphisms

at or above 95% imder a wide variety of conditions and with varying levels of

noise. The performance on the full size comparisons associated with graph iso

morphisms has been foimd to be 100/100, also imder a variety of conditions. See

Chapter 5.

The block "Horn's Method" in Figure 6.4 is a published technique for finding

pose [28]. The method allows for an overdetermined specification of the transfor

mation and finds a least norm solution. This technique meets the requirements

of the system and does so in an optimal fashion. An iterative version of this

technique has been implemented. It performs a set number of iterations (3) with

reweighting to remove outliers. The residual fitting error of the position of each

matched geometrical model is used as a final verification of the recognition and

pose processing at the "Verify" stage.

Careful thought went into test conditions for individual components and for

integrated tests. Tjqjes of surface curvature and discontinuities were important

considerations, as were the complexity of objects and the number of database

models. In more recent articles on range image processing [11,33,35,36] three

types of surface discontinuities have been used: jump, crease and curvature.

These have discontinuities in height, slope and slope derivative, respectively.

Both first and second order surface curvature was studied herein also. Tests

were performed with simpler objects having one type of surface and one type of

discontinuity, other tests used more complex objects having mixed types. Testing

was performed using both synthetic and real data. The tests with synthetic scenes

were necessary because they provided groimd truth. The sensor noise level was

also ramped up m these studies to examine the stability and accuracy of system

components. The objects used in the integrated tests were relatively complex,

compared to those used in other range-based end-to-end systems that have been

11



reported [3,37,38].

1.4 An Application Domain in Future Manufacturing

The application domain for this research is advanced manufacturing. It is

envisioned that the future of manufacturing will move away from large scale,

mass production. Growing demands for more flexibility and more customized

manufacturing runs will change the nature of heavy industry. Production facilities

that can achieve greater flexibility will outpace traditional competitors in this

new market place by offering greater varieties of goods that better meet customer

needs.

Flexibility in the manufacturing process will be enhanced by allowing more di

verse elements to contribute in a single production rim. This can be achieved more

cost effectively by integrating contributors that are geographically distributed,

rather than attempting to pull together an ever-diversifying suite under one roof.

Better manufacturing solutions will involve distributed components that can link

into a process rim for a short period of time, contribute, and then break off into

new efforts with new collaborators. This style of process is termed "Advanced-

Distributed Manufacturing" (ADM).

In order to better describe the potentials of ADM, two design scenarios are

presented in Figures 1.2 and 1.3. These scenarios describe parallel design efforts

in the real and virtual worlds. It is envisioned that the ability to design in each

of these worlds will provide a synergistic benefit, particularly when a graceful

transition between these domains is possible. This will allow iterative prototyping

efforts to take place while capitalizing on the advantages each domain provides.

For example, components from geographically distributed locations can come

together in one virtual environment. A virtual environment can also combine

prototype and existing parts in one assembly.

12



1) Gather solid models in Virtual World:
a) By Scanning a prototype form
b) By creating a model manually
c) By recall existing models

2) Assemble models in Virtual World

3) Use visualization and simulation capabilities of Virtual World:
a) For concept verification
b) For clearance checking in dynamic assemblies
c) In magnified / pseudocolor views
d) For observing kinematics at reduced speed
e) For observing component properties that can not be directly
perceived, such as the cone of acceptance for an optic fiber

f) For observing parts xmder vibration
g) For observing parts undergoing temperature changes

4) Modify virtual environment in d3mamic simulations:
a) Alter temperatues
b) Alter stifftiess of prototj^e parts
c) Alter viscosity of fluids

5) Modify design in Virtual World

6) Use Rapid Molding, switch to Real World

Figure 1.2: Designing in the Virtual World permits visualization and assem

bly of prototype elements. Visualizations can be augmented with attributes of

components that are otherwise difficult to perceive. A virtual assembly can be

accomplished with parts from distributed locations.
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1) Generate prototype forms from a solid model by Rapid Molding
2) Assemble prototype and existing components
3) Check tolerances of assemblies
4) Test new devices imder appropriate environmental conditions
5) Modify prototype forms with machine shop resources
6) Rescan modified prototype forms, switch to Virtual World

Figure 1.3: Designing in the Real World permits in-hand modification of parts.

Scarming modified parts permits design efforts to switch back to the Virtual World.

Changes in the geographic location of design teams can accompany transitions

between the Real and Virtual Worlds.
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A theme in the ADM scenarios is parallelism between the real and virtual

worlds. The most benefit in these scenarios will be achieved when design and

assembly are possible in both of these worlds with graceful transitions. Scarmtng

and rapid molding are key technologies that will permit this crossover between

the two worlds. "Scanning" refers to a process of sensing, modeling and recog

nition, which is the focus of this research. "Rapid molding" is a complementary

capability permitting a transition from the virtual environment back to the real

world. This involves creating solid forms from solid models. Early versions of

this type of system exist. The purpose of these devices is to create forms rapidly

and inexpensively, perhaps with somewhat lower tolerances. Current molding

devices fabricate plastic components.

1.5 Keywords of the Problem Domain

The purpose of this section is to aide in describing the focus of this effort

through the use of keywords. A brief discussion of each keyword is included.

1.5.1 Active Sensing

This type of sensing refers to range measurement techniques that use active

sources, such as lasers, to illuminate scenes in predictable manners. The interac

tion of the source illumination with objects in the scene is observed and used to

compute range measurements.

1.5.2 Adaptive Range Segmentation

Segmentation refers to the formation of groups of range points. These groups are

typically formed using measures of consistent curvature and provide a basis for

higher level descriptions of scenes. Generally speaking, segmentation is achieved

by accessing small portions of the range data and grouping consistent regions.
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The spatial pattern of access is critical to the success of an approach. Adaptive

segmentation is a new trend in range image processing that accesses data in spatial

patterns that are not constrained by an artificial, preset shape; these methods allow

the spatial patterns to vary dynamically in a data-driven fashion. Processing

parameters are also adaptive in these types of approaches.

1.5.3 Model-Based Recognition

A model-based approach to object recognition uses observed data to build a scene

model and then compares this against a number of models in a database. This

permits portions of scenes to be grouped and identified as instances of known

objects and permits object locations to be determined.

1.5.4 Exact, Object-Centered, 3-D Representation

An object representation refers to a specific method of forming numerical de

scriptions of objects. An exact 3-D representation is one inwhich the object is

described using a set of 3-D models, and, there is a one-to-one correspondence

between model elements and object elements. This type of representation is also

referred to as object-centered, as opposed to view-centered. In a view-centered

representation, a separate description is stored for each possible view of an object.

1.5.5 Graph Matching

A graph is an abstract structure describing the intercormectivity of discrete ele

ments. Graphs can also contain application-specific descriptions of each element

and of adjacent elements. Graph matching refers to the process of finding a map

ping between two graphs that both preserves adjacency relationships and forms

compatible assignments in terms of the application-specific descriptions in each

graph.
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1.5.6 Integrated System Perspective

In order to yield contributions that have the most possible real world utility, an

integrated systems perspective was considered essential. This type of perspective

brought about the design of a system of components that are "well-matched" in

nature.

1.6 Concluding Remarks

There are three main points of focus in this dissertation, all of which address

important aspects of the object recognition problem. These are: adaptive range

segmentation, graph matching and calibrated 3-D ranging. Computationally effi

cient, robust and accurate means to accomplish these types of problems are critical

to improving the state of the art in object recognition. A systemic perspective is a

fourth goal that transcends each of these. This objective will help to improve the

real-world utility of the three main efforts by making them better able to be fit into

an integrated framework. In addition to the creation, implementation and testing

of each of the three main contributions, a testbed was developed that permitted

integrated testing. This helped to validate the main contributions.

Novel contributions have been made in each of the above three areas in the

course of this research. These contributions take the form of algorithms, imple

mentations and a significant level of testing. The next chapter has a literature

review of the three main areas addressed in this effort.
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CHAPTER 2

Literature Review

There are three research areas that are relevant to the body of work covered

in this dissertation. These are: range image segmentation, graph matching, and

calibrated 3-D range acquisition. Each of these subjects is reviewed in this chapter.

Taxonomies have been defined that serve to distinguish existing methods with

the novel contributions of this research effort.

2.1 Literature Review of Range Segmentation Techniques

This review covers a variety of techniques for segmenting range images. A

new trend in. this area is the evolution of techniques which are adaptive in their

processing. Adaptive methods are not bound by rigid, artificial geometries when

processing range points. These techniques use more dynamic processing schemes.

This provides a significant advantage by reducing outlier effects during process

ing.

2.1.1 A Taxonomy for Range Segmentation

Range image segmentation has been an active area of research, for the past 15

years [39] [40]. A number of good survey articles [11] [41] are available. This

review effort attempts to gain critical insight into range segmentation by defin

ing a new taxonomy. This taxonomy exposes aspects of a technique which are

important to the accuracy, tolerance to outliers and the efficiency of an approach.

This taxonomy has three distinguishing criteria that describe the "kernel"
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associated with a given technique. The kernel is a local neighborhood of range

points that is processed as a group inorder to measure local curvature, the term

"footprint" is analogous. The kernel is described in terms of its area, placement

and the processing performed on its data.

1) Kernel-Real Estate: This refers to the spatial pattern associated with the

pixel level [42] (or low level [43]) access of range data. This determines how much

data is processed. A standard 2-D convolution kernel is one example [40,44,45].

Other approaches use 1-D convolution [2]. Some techniques permit Kernel-Real

Estate to grow dynamically [33]. The size and shape of this spatial region effects

the ability of a technique to represent curvature accurately and robustly.

2) Kernel-Placement: This specifies where and when the kernel is applied to

range data. Some methods locate a kernel in an orderly raster scan [44]; others

operate randomly [34,46,47]. Some techniques are single-pass [48], others are

iterative [35]. Placement schemes are also critical for success. Rigid placement

strategies suffer from an inability to avoid outlier effects because the rigid schemes

inevitably locate kernels in positions that span surface boundaries. This tends to

introduce outliers at the lowest level of processing which contaminate the initial

region descriptions and must be handled with further processing.

3) Kernel-Feature: The Kernel-Feature specifies what quantitative means is

used to characterize the data within the kernel region. Some techniques extract

invariant curvature measures [44], others form surface normals [49], for exam

ple. This feature provides the fundamental, local characterization needed for

segmentation. This may be in the form of a uniformity measure for region-based

techniques [27], or in the form of a discontinuity measure [35], for edge-based

methods. Robustness and accuracy are key issues when considering Kernel-

Features [36,50,51].

All three of the above criterion are further be qualified by their degree of

adaptivity. Adaptive Kernel-Real Estate and placement provides a capability to
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selectively avoid regions that contain outliers, either by changing shape or by

prudent positioning [34]. Adaptive Kernel-Features alter processing parameters

or heuristics in a data-dependent fashion. Markov Random Field-based methods

operate in a state-based marmer that converges during processing [35].

The techniques reviewed below are grouped by the size and shape of their

kernel-real estate and by their adaptivity. Algorithms are included from the

realms of range segmentation and surface characterization. These areas are both

included because of some overlapping objectives that exist in the segmentation

domain.

2.1.2 1-D Nonadaptive Kernels

A linear edge-based approach to kernel-features was used in [52]. Edge detection

was achieved by locating points where significant changes in surface curvature

occur. This was accomplished using four 1-D kernels, oriented 45 degrees apart

that were applied to multiscale versions of range data. Critical points were

identified by either zero-crossings or extrema in curvature measures and were

tracked from coarse to fine images for improved localization. Some edge linking

was then performed followed by region growing within the edge boundaries.

Finally a biquadratic surface was fit to each region. In this study, Gaussian

smoothing is performed prior to curvature estimation. The smoothing kernel

varied depending on noise content from « 3 to 18 pixels wide.

The curvature measure used above was based on estimates of the first and

second derivative in each direction. The first derivative was approximated using

a first-order difference. The second derivative was also found via a simple differ

ence, operating on the first order results. The multiscale processing compensated

for the noise inherent with taking simple differences. Limited work has gone

into the pursuit of multiple 1-D kernels, which may be due to the necessity for a

merging step to combine the 1-D results into regions having 2-D lateral extent.
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2.1.3 Large 2-D Nonadaptive Kernels

Differential Geometry provides a Gaussian and mean curvature measures, de

noted H and K, that are useful kernel-features for characterizing local surface

curvature [44]. This type of technique uses estimates of the first and second order

partial derivatives to find the H,K curvature values [53]. These measures are

invariant with respect to translation, rotation and scaling. The signs of H,K can

be used to classify a point into 1 of 8 surface categories. An image can then be

formed based on this classification and used as a basis for region building.

The difficulty in using this type of approach is the sensitivity to noise of

the estimates of the partial derivatives. Many approaches have been used to

compensate for this problem. In [48] a minimum window size of 9x9 was needed

due to the effects of 8-bit quantization noise (this is a 59 db SNR for the input).

Noise compensation was achieved using a larger window. The technique uses a

weighted combination of 7x7 kernels to yield an effective size of 13x13. Regions

are initially established using an H,K-sign image. These estimates were then

improved via region growing.

The study in [40] reports on extensive experimentation with the H,K technique.

Range data was smoothed in a preliminary step using a Gaussian function with cr

= 3. (It is assumed this corresponds to a truncated Gaussian with an 18x18 kernel).

A minimum-sized 13x13 kernel for curvature estimates is reported for reliable H,K

classifications. The fragility of using these measures as a plane detector is also

described. In this case, H K 0. Hence thresholds are required to isolate this

near-zero condition. A two pass approach was recommended that first isolated

planar regions and then segmented the remaining curved surfaces. The approach

in [54] uses a similar 2-pass technique.
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2.1.4 Small 2-D Nonadaptive Kernels

The large kernel-real estate described above for H,K methods has an associated

computational burden which is significant. In [45] a biquadratic surface patch is

fit to range data within a smaller 5x5 kernel. Provided the residual error of the

patch is below a set threshold, the partials of the fitted surface are computed using

the patch coefficients and form both an H,K-sign image and two edge detector

images. A hybrid approach is then used to combine these three images into a

final segmented result. Problems using the biquadratic fit in this small kernel-

real estate are described. Patches near discontinuities were sometimes fitted with

a tolerable residual error, but that resulted in poor curvature estimates, because

they contained points from different regions of curvature. This is a fundamental

problem when a fixed geometry is used for a kernel-real estate.

Another alternative to the large kernels described previously was explored

in [50]. Quadratic B-splines and the Discrete Cosine Transform (DCT) were used

to estimate local curvature. Superior results are reported using splines. The

spline fit occurred in a 9x9 kernel. The partial derivatives foimd from the analytic

surface were then used to find five invariant curvature features. The first feature

was the magnitude of the gradient, computed directly from the partials. Other

features required finding the direction in which the second directional derivative

had its greatest magnitude. This was computed from the two eigenvectors of a 2x2

Hessian, formed using the B-spline's partials. The first and second directional

derivatives in the direction of the two eigenvectors completed the set of five

kernel-features.

Because of the high sensitivity to noise associated with the estimation of partial

derivatives, other kernel-features have been studied for local shape measures such

as covariance [51] [55]. The covariance measure described variations in surface

normals that occurred across a 7x7 kernel. A method for finding edge features was

also incorporated. Range points that were not classified as edges, were processed
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using their covariance-based curvature measure. The method produced more

vmiform region labels, as indicated by an entropy-based consistency measure.

However, it did not provide the rich classifications possible with the H,K kernel-

features from Differential Geometry.

An intuitively satisfying approach to range image segmentation is to use sur

face normals for kernel features. In [49] range images were smoothed with a 3x3

neighborhood. Planes are then fit to 5x5 patches to find surface normals. Ad

jacent patches were clustered together based on a square error criteria. Regions

were formed from each cluster and classified based on curvature. Adjacent re

gions having compatible curvature were merged. In this approach, merging only

occurs at the fixed kernel boundaries.

2,1.5 Adaptive Kernels

The technique developed in [35] was a hybrid of the clustering technique in [49]

and an edge detection technique based on Markov Random Fields (MRP). The

adaptive nature of this approach stems from the temporal state changes in the

MRP that effect the Kemel-Peature processing.

The earlier clustering approach [49] nominally tended to oversegment regions.

The MRP was used to help select valid region boundaries. The MRP was used

to label each range point as either an edge or a non-edge. It contained a priori

knowledge quantifying local smoothness and continuity. This involved both

conditional probabilities describing the likelihood of edges and non-edges, and

a spatial dependence. The spatial weighting was defined within a second order

neighborhood. The kernel, defined by the superposition of these patterns, appears

to have a 3x3 extent overall. The iterative labeling process began by assigning

each range point a NULL label. Iterations continued until all pixels were assigned

a label with a sufficient confidence, as determined by a neighborhood consistency

measure.
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The authors discuss the tradeoff between having smaller MRF neighborhoods

and achieving better optimizations. Unfortunately smaller kernels are unable

to quantify smoothness as well and this may be a limiting factor in an MRF-

based approach. The technique is also described as being typical of edge-based

segmentation methods, in that it does not always result in closed boundaries.

It should also be mentioned that the MRF processing has a non-deterministic

termination condition which makes it less suitable for real-time operations.

Another aspect of kernel adaptivity is the use of data-driven real estate and

placement strategies. In this type of scheme, kernel regions are determined by

the input data; they are not a fixed, imiform geometry. Here the kernel spreads

into the range data without set boimdaries. In this scenario, the concepts of

a kernel and a segmented region can become much less distinct. A kernel's

shape and the shape of a segmented region can be identical, for example. Also,

the feature associated with a data-driven kernel can be the region's uniformity

criteria itself. This type of adaptive approach allows the kernel region to grow as

large as possible, without including outliers. This improves curvature estimation

by providing a maximal set of uniform input data.

An adaptive kernel based on a Robust Sequential Estimator (RSE) was de

veloped in [33]. This estimator was an extension to a sequential least squares

formulation. New points were incrementally added to the kernel with a weight

ing determined by the point's residual error and by a non-Gaussian noise model.

This noise model aided in the robust handling of spike noise.

In this study, a 7x7 region was used to begin each seed. The locations of these

seed regions was fixed. This seed geometry was the only nonadaptive aspect of

this technique. The kernel-feature was a patch model of the type = f{x,y). The

form of the model was selected using a criteria that considers both its order and

residual error. Using this method, higher order models were penalized because

of their natural tendency to fit to the noise. This provided a selection criteria
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between planar and biquadratic forms. Once a model type was chosen it was

kept as the region grew. All points in the image were considered for inclusion in

a given region. Some morphological operations complete the processing, along

with a criteria for resolving the membership of points that were classified into

more than one region. The growth of the kernel-real estate is considered to be

adaptive because the weighted agglomeration of new points is controlled by the

state of the kernel-feature. Kernel growth is also not limited by artificial size

limits.

The RANSAC method of segmentation was developed in [34]. This technique

used a sparse kernel-real estate that was randomly located. A pre-selected surface

model was fit to the random locations and the whole data set was then examined

for supporting evidence. Although this technique is nondeterministic, and hence

not suitable for real-time applications, it is noteworthy because of its strength in

tolerating non-Gaussian noise. This robustness is achieved by randomly shifting

the kernel real estate until outlier are avoided.

Random kernel-real estate was also used in [47]. Processing was begun by

performing a segmentation to locate jump discontinuities. This provided candi

date regions which might contain a single type of curvature. Sparse kernel points

were selected within the candidate region, choosing 3 for a planar fit, and 9 for

a quadratic. The selection process was repeated a large number of times and the

residual errors were histogrammed for each random kernel. A heuristic was then

applied to each histogram to find the best kernel. Outliers were removed from

the region and it was then isolated from the original data set. This process was

then repeated with the next candidate region.

In this approach, the points that constitute the kernel-real estate were selected

either purely at random or with the use of a Genetic Algorithm (GA). The GA

operators modify the selection of kernel points, based on the performance measure

obtained from the histogram analysis. GA-based kernel selection follows the work
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of [46]. An improvement in speed by a factor of 2-3 is reported when using the GA.

This technique is an interesting advancement because the real estate adaptivity is

directed by the GA, rather than a purely random modification.

The above 2-D techniques operate on range data which has been acquired on a

dense grid. This readily supports the use of functional approximations to surface

patches of the form z = f{x,y). These 2-D approaches benefit from a certain

simplicity by ignoring the problem of combining data from multiple views. The

approaches in [27] [22] address this problem directly. These approaches make no

assumptions concerning the arrangement of input range data by using a process

of tesselation known as the Delauney triangulation. This representation forms

a nearest neighbor-style grouping of range points into triangles. The tesselation

procedure works irrespective of the number of views contributing to the set of

range data. A similar tesselation of 3-D data is reported in [56].

A Region Adjacency Graph (RAG) is used to group the triangular kernels

into regions. Each RAG entry describes the residual error associated with the

merger of an adjacent pair of triangles. The RAG is initialized so as to describe all

adjacent triangles. The triangles having the best combined fit are joined first, and

the merging process continues until either a single region remains, or until the

total residual error for all regions exceeds a threshold. Both planar and quadratic

fitting is performed. A similar approach involving the merging of adjacent 3-D

patches is reported in [12].

The approach is considered to be adaptive because the Kernel-Real Estate

and -Placement are determined by the nominal 3-D positions of the range data.

Arbitrary boundaries are not imposed when merging is performed. Rather, the

boundaries established between RAG nodes are dependent on the initial positions

of measurements and on the uniformity criteria.
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2.1.6 Qualitative Evaluation of Segmentation Techniques

In this section, the performance measures of speed, accuracy and robustness are

qualitatively assessed. A number of fundamental tradeoffs are present in the

above approaches, that affect these metrics.

Kernel-Real Estate is one example of an area for design tradeoffs. Larger

kernels allow more accurate Kernel-Features to be computed, but require more

processing and increase the likelihood of outlier contamination. Smaller ones

tend to have an increased sensitivity to noise [52]. Adaptive techniques achieve

an optimal balance because they allow size and shape to vary, in order to provide

a maximal amount of range data for the computation of a Kernel-Feature without

including outliers.

Kernel-Placement also has a significant effect on performance. Random kernel

locations, for example [34], avoid outliers simply by retrying until a set of positions

is found with good support. This strategy is robust, but nondeterministic and

hence is not suited for real-time processing. Techniques using dense, regular-

shaped kernels deal with outliers typically by eliminating seed regions with poor

residual fits. This approach suffers because a single outlier can be hidden within a

set of better-fitting points. This contaminated region might pass a test based on a

residual error threshold, allowing the outlier to corrupt a local curvature estimate.

Adaptive means are a benefit here also because they shift kernel boundaries to

only include uniform regions.

Kernel-Features effect performance by their means to compute accurate cur

vature measures in the presence of noise sources. Methods involving simple

differences to estimate partial derivatives [52] amplify all noise sources, for ex

ample. Adaptive means for computing features are beneficial because they can

reduce the effects of outliers that may be included in a kernel region. The iterative

least squares fitting of [33] permits robust region formation by weighting outliers.

Table 2.1 provides examples of these tradeoffs and their relative impact on
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Table 2.1: Qualitative comparison of range segmentation techniques. Accuracy

tends to improve with increase kernel area and with the use of iterative methods.

Robustness is typically challenged unless an adaptive approach can be used to

avoid outliers. The computational efficiency is related to kernel size and place

ment.

Real Estate

Density

Real Estate

Size

Placement

Location

Iterative

Placement

Feature Accuracy Robustittss Computational

Efficiency

[44] Dense Large Fbced No Set High Inherent Low

[53] Dense Large Fixed No Set High Challenged Low

[48] Dense Large Fixed No Set High Challenged Low

[40] Dense Large Fixed No Set High Challenged Low

[54] Dense Large Fixed No Set High Challenged Low

[45] E)ense Large Fixed No Set High Challenged Low

[52] Dense Small Fixed No Set Low Challenged High

[50] Dense Small Fixed No Set Low Challenged High

[51] Dense Small Fixed No Set Low Challenged High

[55] Dense Small Fixed No Set Low Challenged High

[47] Dense Small Fixed No Set Low Challenged Low

[46] Dense Small Fixed No Set Low Challenged Low

[49] Dense Small Fixed No Set Low Challenged High

[27] Dense Adaptive Adaptive No Set High Inherent Low

[22] Dense Adaptive Adaptive No Set High Inherent Low

[34] Sparse Small Adaptive Yes Set High Inherent Low

[35] Dense Small Fixed Yes Adaptive High Inherent Low

[33] Dense Adaptive Fixed No Adaptive High Inherent High

[36] Dense Adaptive Fixed No Adaptive High Inherent High

RPT IDense Adaptive Adaptive No Adaptive High Inherent High
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performance. The RPT technique, developed as a part of this effort, (last row)

is the only method that is adaptive in terms of each of the Kernel-Real Estate,

-Placement and -Feature categories.
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2.1.7 Quantitative Metric for Segmentation Algorithms

A numerical rating, Q, has been defined for comparing segmentation algorithms.

This measure includes the effects of speed, accuracy and robustness. The quality

measure mandates good performance in each of these metrics with an equal

weighting. Q is assumed to have the form

Q ̂  (Accuracy) (Robustness) {Computational Efficieny). (2-1)

To make Q as general and as simple as possible, many algorithmic-specific features

were not considered. For example, accuracy is assumed to be related only to kernel

area using

Accuracy I ^ — I • (2.2)
\  A ernel Area J

This represents the potential for a computation to form an accurate result by

considering the amount of data available within the kernel. Specific methods of

computation are not included in the measure. Note that kernels with adaptive

real estate necessitate using a mean kernel area, as measured for a given scene.

The robustness measure considers the amount of outlier-contaminated area

falling within kernels vs. the total amount of kernel area that is free of only sensor

outliers (spikes). The robustness measure is defined as

„ , Total Kernel Area Unaffected by Outliers
Robustness — — ^ -. (2.3)

(Total Kernel Area) —(Total Spike Area)

Hence this measures the effectiveness of Kernel-Real Estate and -Placement strate

gies to avoid outlier contamination. As with the accuracy metric, this must be

evaluated for a specific data set.

Computational Efficiency is estimated by examining the computational effort

on a per pixel basis. This is approximated by comparing the total area of a range

image to the total area of all the kernels applied to the image with

.  Total Image Area Processed
ComputationalEfficiency ~ ;= ;—— ;— . (2-4)

Total A ernel Area
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The above relationships yield

^ AZiriiiZai- N)
iZi.nz-.-s)

where, N is the number of kernels, a, is the area of the ith kernel (in pixels) and

A is the total area of the range image, also in pixels. The total area of all pixels

contaminated with spike noise is S. Each Ui = m, + out, where ini and out, are

the number of inliers and outliers, respectively, within the ith kernel. The overall

quality rating has a range 0 <= (^ <= 1, as do each of the three subcomponents.

A simple, cartoon-like, example is presented to illustrate the rating and to

compare RPT to the use of convolution based approaches. The scene constructed

for this example is shown in Figure 2.1 and discussed in Table 2.2. This example

scene measures 10x10 pixels {A = 100) and contains 5 percent spike noise (5 = 5).

Bold gray lines indicate the boundary between two regions. To compute a given

value of m„ outlier-free pixels were counted. Pixels containing spike noise were

always considered outliers during this tally. When a kernel crossed the gray

boundary line, outliers were defined as being the pixels in the minority region.

The transparent boxes in the figure illustrate various instances of kernels. The

values for y] a, and are given for each box.

The 1x1 case is interesting to consider. It has perfect robustness because a 1x1

kernel is never contaminated by outliers, since it contains only one point. It also

has perfect computational efficiency because of its compact size. However, it has

zero accuracy because a single point cannot classify local curvature.

Because of the adaptive nature of the RPT kernel, kernel regions are terminated

at shape discontinuities and because of spike noise. This reduces the outlier

content within RPT kernels, compared to an NxN convolution type of approach

that inevitably includes outliers due to a fixed geometry. The least optimal factor

with RPT in this case is computational efficiency. This results from the fact that

two orthogonal passes are across the data set are required in RPT. The entry "RPT

(1-D)" gives the results for one of these two passes.
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Figure 2.1: Cartoon scene illustrating the fundamental problem associated with

nonadaptive kernels.

Table 2.2: Examples of Quantitative Metric for kernel evaluation. All examples

had A = 100, S = 5.

Kernel N Accuracy Robustness Comp. Eff. Quality

1x1 100 100 95 0.0 1.0 1.0 0.0

2x2 81 324 284 0.75 0.89 0.31 0.21

3x3 64 576 488 0.89 0.85 0.17 0.13

4x4 49 784 628 0.94 0.81 0.13 0.10

RPT (1-D) 26 100 95 0.74 1.0 1.0 0.74

RPT 51 200 180 0.75 0.92 0.5 0.34
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2.2 Literature Review of Graph Matching Techniques from the Machine

Vision Community

This review of graph matching has been divided into two sections, one cover

ing work done in the Machine Vision Community, and the other addressing efforts

from the field of Discrete Mathematics. Work in the Mathematics Community fo

cuses on the matching (or isomorphism) problem directly. Graph matching is an

important problem in Machine Vision, but it is not always addressed directly from

a standpoint of topological analysis. Typically application-specific constraints are

introduced, for example, that serve to limit the potential number of matches. This

allows a technique to be used that is exhaustive in the worst case, but that yields

acceptable performance when the number of nodes is limited.

2.2.1 The Importance of Graph Matching in Machine Vision

Object recognition has been studied in the Machine Vision Community of over 30

years [8,9]. At its core object recognition is fundamentally a problem of determin

ing subgraph isomorphisms [22] i.e., of graph matching. Some researchers use

global models that describe an object in its entirety [57,58]. This type of approach

leads to effective solutions for objects with simple shapes that are not occluded.

This kind of capability is very different from the goals set herein, where consider

ations of occlusion is important and there is an interest in handling objects with

complex shapes. The kinds of techniques in the Machine Vision commimity that

address the graph matching problem are generally model-based. These are the

types focused on in this review.

The need to match subgraphs arises due to the limitations on view of sensors.

Because ranging sensors are line of sight, scene models formed from a single

observation point will generally only describe part of an object. Occlusions of

scene elements may be produced by the object itself and/or by scene clutter.
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This leads to two possible avenues: either deal with the occlusion directly, by

identifying partial matches between scene and database models [19], or eliminate

the occlusion problem by combining scene information from multiple views until

a (near-)complete model is created [20]. The partial matching avenue has been

addressed in this research effort. This approach is challenging because of the high

combinatorics associated with graph matching [21].

To lessen this computational burden approaches use a variety of methods

to restrict possible matches. For example, the compatibility of node and edge

properties must be maintained [22], constraints describing the permissible types

and the local structures of neighboring nodes are also used [23,24] as well as

likelihoods of the occurrence of a node [7,25], or local groups of nodes [26].

These are a few examples of different classes of techniques, which, focus on graph

matching as a separate problem from pose. What is revealing, is to consider the

highly localized nature of these matching strategies. The compatibilities, constraints

and likelihoods involve either the nodes themselves or relationships to their

immediate neighbors.

The extent of these comparison metrics is a revealing means to evaluate dif

ferent techniques. The term "horizon" is used to describe this extent. This refers

to the distance of neighboring graph elements that contribute to the comparison

of a candidate node-to-node mapping between two graphs. A shorter horizon

involves less computation, but can mislead the matching process because more

localized comparisons between the graphs are performed. These strategies de

scribed above operate with a very short horizon, on the order of 1-3 nodes. Larger

horizons include a greater portion of the graph (in terms of node and edge prop

erties and topology) when considering a candidate mapping.

As a result of this limited horizon, techniques will invariably suffer as graphs

become larger. As more nodes are available, more candidate matches are avail

able, hence the dynamic range or the dimensionality of property vectors must in-
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crease to provide sufficient distinction to guide the matching process. Researchers

have reported difficulties extending techniques to conditions with more complex

objects when methods having limited horizons, 3 in this case, are used [3].

2.2.2 Taxonomy for Graph Matching

Because of the importance of graph matching in Machine Vision, many types of

techniques have been pursued [10,11,59]. Despite the fact that the underlying

problem to recognition is subgraph isomorphism, the problem is not typically

addressed as such. A more common taxonomy [19,22] uses three categories:

maximal clique-based, relaxation labeling and tree search-based approaches. This

breakdown of methods will be used here and augmented using the horizon con

cept.

Some researchers that have confronted the recognition problem directly from

a standpoint of graph isomorphisms include [60,61]. In the early work of [60] a

variety of kinds of subgraph isomorphisms were identified that involved various

subsets of nodes either in the scene or database graph. Matching was performed

using tree search through attributed graphs. Here a core matching subgraph

was identified through exhaustive means and the extended into a larger mapping

through a method termed "hierarchical synthesis".

In [61] a graph is formed based on a Hough space analysis. Matching is

then performed using an augmented version of a technique established in the

Mathematics community [1]. These extensions involve the comparison of node

and edge attributes in the graph. The original algorithm also used an exhaustive

exploration of a search tree. This was modified to limit the enumeration later in

the search in favor of more wandering at the higher levels in the search tree. A

significant improvement in performance is described. A verification stage was

also added that uses the consistency of neighboring features to eliminate some

false matches.
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2.2.3 Maximal Clique-Based Approaches

This type of technique builds an association graph which describes all possible

compatible mappings between two graphs [6] [62]. Compatibility can be based on

node and edge properties and can include a variety of geometrical and topological

relationships. The association graph is then searched for a maximal clique [21].

This clique represents the largest possible compatible mapping between the two

graphs. The general problem of finding a maximal clique is NP-complete [63].

Hence, this type of approach ends up trading off one NP-Complete problem for

another. Exact methods exist for finding maximal cliques that are recursive and

use depth-first search [64]. Here a tree that can lead to all possible cliques is

searched. Priming occurs when a branch in the search is found that carmot lead

to a clique.

More approximate methods for finding maximal cliques have also been ex

plored, via a Markov Random Field (MRF), for example [7]. In this particular

work, the low level acquisition and processing of the sensor were to form like

lihoods of observing a given object feature. These likelihoods are used as a

compatibility measure in the association graph. The MRF determines member

ships in cliques. The MRF operates on each edge on the association graph by

either including or excluding it from a clique. Mutual consistency of neighboring

clique entries guides the MRF convergence. In this case, the horizon is dictated

by the neighborhood arrangement of the MRF. Here these neighbors were limited

to two.

Some techniques combine aspects of maximal-clique based approaches and

tree search. In [65] an approximation to a maximal clique is found by looking

for a high number of occurrences of mutually consistent sets of features that

all include a given node. This node is then used as a seed for a tree search

operation. In this case the horizon for finding the seed match is determined by

the neighborhood of the local feature sets, which is three.
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The association graph itself can be troublesome in these approaches. Given

the graphs with nodes, respectively, the association graph Ag

contains a node for each compatible pair of nodes in and . This necessitates

that a threshold be applied to some application-specific norm that measures the

distance between the node and edge properties of G'^' and G^^K The threshold is

a truncation of data, the effects of which cannot be recovered from (other than by

repeating with a different threshold). The threshold can eliminate any possibility

of including a given pair of nodes in the final clique. Hence it is somewhat of a

devastating operation since it is performed first, during the formation of Ag.

2.2.4 Relaxation Labeling Techniques

Considerable effort has been focused on the method of relaxation labeling be

ginning with [4]. In the earlier versions of this work, discrete relaxation tech

niques were used. These methods initially assign each scene node to all possible

database nodes, a one-to-many mapping. Potential assignments are then itera-

tively removed until a consistent set remained. Here consistency was based on

adjacent node and edge properties, horizon = 1. This is an all-or-nothing type of

assignment and is similar to a constraint propagation process [66]. The iterative

removal of potential assignments is nondeterministic.

The discrete approach was improved upon [67] by describing the compatibil

ity of a given labeling using continuous values. Compatibility is based on the

expected occurrence of a given mapping and on the consistency of neighboring

assignments. A cost fimction is defined that describes the support for a given

mapping. The assignments are iteratively optimized to find a local maximum of

the mean compatibility of the whole mapping. The local nature of the optimiza

tion can be a limitation, as it introduces a strong dependence on a good initial

guess. The continuous version of relaxation improves upon the all-or-nothing

type of assignments, but the horizon of comparisons is not increased.
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This approach can be implemented in a manner that avoids the construction

of an association graph. This is an advantage over clique-based approaches.

It is approximate, however, in that the final labeling assignments may not be

unambiguous and may not correspond to a maximal clique [22].

Efforts in this area have continued by attempting to find ways to improve the

means of comparing a scene and database graph during the relaxation process [68-

70]. In the most recent example of this type of approach [24] standard backtracking

is used to search the permutation tree of all possible mappings. The number

of potential mappings is reduced by using discrete relaxation, as in [5]. Search

pruning involves the examination of discrepancies in the number of edges incident

to a node. This type of comparison has a horizon of 1. Parallel implementations

of this algorithm were also studied [71].

2.2.5 Tree Search Techniques

These types of approaches match scene features to database features, starting

with the most similar elements [72] [59]. Node and edge properties are typically

employed here, as well as local comparisons of adjacent nodes, and constraints on

types and locations of adjacent nodes [25,73] (horizon = 1). Tree search methods

are incremental processes that improve the estimate of an object's pose with each

step down the tree. Kalman filters and other methods can be used to refine the

estimate of the object's pose [22,27].

Typically a small set of local features will be matched to the model at each step

down the search tree. This local feature set (LFS) is formed such that the loca

tions of its members completely determine the pose between the the model and

scene [2,12,65,74]. A complete specification of the object's transform is advan

tageous because it allows the expected location of the next LFS to be computed

without ambiguity. This allows incorrect object models or improper object-to-

scene matches to be rejected at relatively high levels in the search tree. However,
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this does place a constraint on the selection of features when forming the LFSs,

in that the features must be grouped during the matching process. This group

ing may not always yield the optimal ordering for the tree search process. The

size of the LFS determines the horizon of the comparison at the start of the tree

search. The horizon increases in some sense, as the search progresses, because

the established matching region determines a transform that is used to eliminate

future candidate nodes. The worst case arises when initial guesses are wrong due

to the limited horizon, time is then spent exploring an improductive section of

the search tree. Flence the critical aspect of the horizon here, is its initial size at

the start of the search. In [2], for example, the initial horizon is limited to 4.

An example of some early work is by [75]. This used a search tree that

was automatically created at compile time in order to provide the best possible

priming. Here the horizon was limited to adjacent nodes. This type of strategy has

been continued with more recent efforts by [76,77]. In this work the precompiled

search tree was further optimized by weighting tree branches by the expected

computational cost of associated comparisons.

Two categories of techniques, geometric hashing [78] and Hough trans

forms [62,79,80] are also considered tree-search in nature. These techniques

are similar [26] in the sense that image feature(s) are used to form hypotheses that

are then verified via tree search. Verified matches are extended in scope to include

more scene features. The horizon associated with the hypothesis generation is

the critical aspect for determining efficiency. Methods based on Hough trans

forms have a horizon of 1. The geometric hashing techniques look at local sets of

features, requiring 2 or 3 neighboring nodes to develop a transform - depending

on the dimensionality of the scene and objects. Recent efforts in geometric hash

ing [3,38] include a variety of geometric primitives and color to describe each

node.
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2.3 Literature Review of Graph Matching Techniques from Mathematics

Community

The problem of finding graph isomorphisms has drawn considerable attention

from mathematicians and has proven to be elusive. Some mathematicians refer

to this study as a "disease" [81]. It has attracted attention because of its practical

importance (as in this dissertation) and because of its computational complexity.

In fact, the class of computational complexity for the isomorphism problem is not

yet known. An efficient algorithm is not yet available that handles all types of

graphs with 100% success [21]. Some discussion of the computational aspects of

the problem and of particularly challenging types of graphs are appropriate to

begin the review.

The computational requirements of finding isomorphisms are of concern be

cause a brute force approach requires effort 0{NI) for a graph of N nodes. This

is reduced somewhat in cases where automorphisms of a given graph make cer

tain sets of nodes interchangeable without affecting the graph's topology [82].

(Note that in the object recognition scenario this notion of automorphism must

be extended to include the similarity of both node and edge properties.)

The subgraph isomorphism problem is proven to be NP-complete [21]. This

class of problems require a worst-case amoimt of effort that is of exponential

order O(a^) and are considered to be intractable for many applications. The

number of possible solutions is reduced by any automorphisms that may exist

in the subgraphs, as in the case of the full-size comparisons performed during

isomorphism testing.

A survey article [81] does a comprehensive job of explaining and comparing

the two prevalent approaches to isomorphism algorithms. One approach is to

find a feature of a graph, known as a "graph invariant". Early examples of this

are the determinant and the characteristic polynomial of the adjacency matrix.
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These have been shown to be insufficient [83]. A method based on the immanant

of the adjacency matrix [84] was also shown to fail. A graph invariant that is

able to always distinguish isomorphisms does not exist to date, but is termed a

"complete invariant".

Recall that for the object recognition problem it is necessary to find the actual

mapping between the nodes of the two graphs. The comparison of two invariants

(consider determinants) might answer the yes/no aspect of the isomorphism

question, but would not provide the needed mapping between nodes.

A second strategy for finding an algorithm is to produce some sort of canonical,

or standard, labeling of the nodes. This process will take any graph and renumber

the nodes in the same sequence, regardless of their original arrangement. Two

versions of this approach are common. Some techniques attempt to find the

labeling in one fell swoop, others use an iterative refinement of the classification.

The similarity between the coding problem for a graph and the isomorphism

problem is also interesting [85]. A code is simply a string of symbols that forms

a canonical description of a graph. Two graphs are isomorphic if and only if

they have the same codes. This implies the existence of a deterministic decoding

algorithm [81] which reproduces the graph from its code. It is interesting to

consider invariants such as the determinant or characteristic polynomial in light

of the requirement for a decoding algorithm. This suggests that invariants must

not be "destructive" to any information in the graph. Certainly more than one

graph can have the same determinant. Hence information about the original

graph has been lost, and there is no deterministic way to recover the original

adjacency matrix.

Coding techniques are used in [86,87]. These methods enumerate all possible

subgraphs and place them into a tree structure. A binary number is formed from

the adjacency matrix of each subgraph and the tree is ordered in a canonical form

based on these numbers. The largest binary value formed in this process is used
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as a code for the graph.

Another important consideration when reviewing existing techniques is the

generality of the graph structure that a method focuses on. A technique should

be chosen that is appropriate for the type(s) of graph structures that are expected

to appear in an application. Efficient isomorphism algorithms do exist for graphs

with special types of structures. Unfortunately these won't apply well to object

recognition problems because of the restricted nature of the graph topologies that

are addressed therein.

1) Planar Graphs [88]. Nodes in this type of graph can be arranged on a planar

surface such that no edges cross over each other.

2) Planar Triply Connected Graphs [89,90]. Planar graphs, nodes of degree 3.

3) Unrooted Trees [63]. A tree is a graph with no loops.

4) Rooted Trees [85]. A rooted tree has one node identified as a base node.

5) Graphs without k-strongly regular subgraphs [91]. A regular graph has

nodes with the same degree. K-strongly regular graphs very nearly have this

condition with degree k.

6) Digraphs with no two vertices having the same in-degree or out-degree [92].

In a digraph edges have a direction. This is a very special case. The in and out

degrees form a natural classification for each node.

More recent contributions to the study of isomorphisms have come from the

random graph community. This branch of study examines a variety of graph

properties, as they occur in randomly constructed graphs of varying size [93].

The typical sort of question arising in these studies is, whether or not a given

property (connectedness, for example) occurs as graphs become infinitely large.

Two methods are typically used to create graphs. Models A and B. Model A

uses a given probability (often 0.5) to determine the existence of an edge in each

entry of the adjacency matrix [82]. Model B starts with a given number of edges

and places these randomly between nodes.
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If polygonal objects are assumed, for example, then neither Model A or B is the

best choice. In this case the mean number of sides of the polygonal surfaces will

determine the mean number of edges that are incident to each node. This implies

that the number of edges per node in a database graph should be roughly constant

- it should not be a function of the number of nodes - as is the case with Models

A and B. Graphs of this type are known as strongly-regular. This is a significant

factor because these types of graphs produce the most challenging inputs to

isomorphism routines [91]. Strongly-regular graphs are the most challenging

because their consistent degree eliminates a natural vertex classification. This

forces an algorithm to go to work solely on the basis of connectivity.

Efficient solutions have been developed in the random graph community [94,

95]. These techniques are able to handle nearly all possible random graphs [82].

The small fraction of graphs which must be rejected tends to zero as the number

of nodes increases.

The techniques of [94] [95] use Model A. In [94], for example, it is observed

that random graphs of sufficient size will tend to have a subset of nodes that

each have a unique degree. These nodes are used to form a "foundation" for

their node classification scheme. The remaining nodes are characterized by their

connectivity into this foundation. Hence, this style of approach will have limited

application to object recognition because of the Model A assumption and the

requirement for a subset of nodes to have unique degrees. This technique was

extended to the case of strongly-regular graphs [96]. However, in this case, the

algorithm requires an exponential amount of effort. Extensions to the subgraph

isomorphism case are not addressed in these efforts.

The above techniques focus strictly on full-sized isomorphism problems, not

on the subgraph isomorphism case, which is combinatorially much worse. A

subisomorphism algorithm presented by [1] is more efficient than a complete

enumeration and is noteworthy because it does not take advantage of the ad-
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ditional constraints that node and edge properties offer. It operates on graphs

based on a connectivity analysis alone using a tree search approach with judicious

pruning. An exact amount of computational effort required for the algorithm's

subisomorphism version is not given. They abandoned their approach at the

level of iNs,Nd) ~ (10,15) describing this size of problem as being "uncomfortably

large".

Another technique in [97] considers both the isomorphism and subgraph iso

morphism problem. This is a coding type of approach that decomposes a graph

into a series of directed trees. The approach focuses on whether or not two of the

codes represent the same digraph. The method uses backtracking in a depth-first

search.

In [98] another method for finding subgraphs is investigated. This method

searches for maximal cliques in an association graph. This alternate method of

solution is proven to be NP-Complete, hence one such problem is exchanged for

another [21,63].

2.4 Literature Review of Structured Light Sensing

This review focuses primarily on Structured Light ranging systems that use

a plane of laser light. This type of acquisition process is also compared against

approaches based on spot lasers. Reviews that cover specific point laser systems

as well as other types of laser-based measurements are available in [17,99].

2.4.1 3-D Ranging

The main objective of machine vision is to extract information useful for per

forming some task from various forms of image inputs [43,100]. Examples of

machine vision tasks include, robot guidance [59,101,102], remote sensing [103],

medical diagnosis [104,105], various types of inspection [106], document process-
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ing [107,108] and many more. For many applications three dimensional (3-D)

descriptors of the scene are required. Conventional cameras capture 2-D images

and computational approaches are needed to infer the 3-D descriptors from one or

more images. Common approaches for this include the use of 2 or more cameras

in binocular and photometric stero [109-115]. Approaches using single images

include various structure from "x" (x=shading, texture, shadows,motion) tech

niques [116]. Recent advances include structure from image streams [117,118]

and frameworks for integrating more than one technique for 3-D information

extraction [119].

The above approaches share one very important common feature. They are all

"passive" approaches, i.e. they do not need a special source of energy to illuminate

the scene. There are obvious advantages of this approach: cost, simplicity of

imaging hardware, compatibility with human visual processes, etc. On the other

hand these approaches need to also overcome some inherent challenges. These

challenges arise from the loss of information associated with the perspective

mapping of a 3-D scene onto a 2-D image. This produces a fundamentally ill-

posed problem when single images are used to find the 3-D descriptors.

Additional challenges that face machine vision researchers are due to spa

tial and intensity quantization of images and due to computational requirements.

These effects manifest themselves in robustness, speed and accuracy performance

metrics. In some sense, the advantages of simpler and low cost acquisition hard

ware is compensated with the need for sophisticated computational processing

and analysis approaches.

"Active" approaches for 3-D vision use specialized illumination sources and

detectors. These techniques overcome the fundamental ambiguities associated

with passive approaches. Some active techniques use laser radar [17,99], others

use various forms of structured lighting [32,120-124]. In general these methods

are able to eliminate the ill-posed problems associated with passive approaches
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by modeling and observing the projected illumination. In the case of laser radar,

a spot laser beam is steered across a scene. Range measurements are made by

either AM or FM detection schemes. Structured Light techniques model the

optical paths associated with emission and detection to compute range data by

triangulation.

Structured Light ranging has some particularly attractive features compared

to laser radar approaches. SL systems can be designed "from the ground, up"

much more so than with a packaged laser radar sensor. This provides significant

advantages for customizing the acquisition capabilities of a sensor for a particular

application. Generally speaking, SL sensors are also more accurate and can be

made more rugged, and less expensively than laser radar devices [18].

2.4.2 Approaches to Backbone Geometry

A taxonomy has been developed that exposes three critical aspects of Structured

Light (SL) sensor design. Backbone Geometry describes the geometrical relation

ship between the laser(s) and camera. Correspondence and Pixel-Level Analysis

are image processing issues at the large and small scale, respectively. The cor

respondence problem deals with establishing an association between a region

of an image and the location of the illumination source (in world coordinates).

Pixel-level analysis takes over once the correspondence problem has been solved,

to find the precise image location of illumination patterns.

This aspect of a SL sensor design has to do with the geometry between the

camera and laser plane. "Fixed-Plane" geometries have advantages in calibration,

simplicity and ruggedness due to the absence of any moving optical components.

This necessitates some other source of motion in order to acquire range data in

3-D. In [125] a fixed-plane is used in conjunction with a rotating table. One of the

first industrial applications of SL [126] used a conveyer belt.

"Dynamic-Plane" systems alter backbone geometry during the ranging pro-
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cess. These systems are generally able to scan larger areas more quickly, and do

not require additional mechanisms to supply motion. Accuracy and calibration

can become more challenging, however. Rotating optical components began ap

pearing in the work of [12,127,128]. In [129] the imprecision associated with using

gear trains to rotate optics is described. Other approaches have used direct-drive

motors, some galvanometer-based, to rotate optics [123,130].

The complexity of modeling the laser reflection can vary significantly, de

pending on the required accuracy of a system. Simple reflection models [31,131]

assume a perfect alignment between the laser line and the axis of rotation. When

a front-silvered mirror is rotated about an axis that is offset from the reflecting

surface, a displacement of the laser plane is introduced. This displacement is also

sometimes ignored. In [123,130] a more complete geometrical model is used.

In [124,132] a half-sphere field of view necessitated the use of a dynamic-

plane system with pan and tilt units for both cameras and lasers. Emitter and

detector imits were also housed separately, requiring an in situ calibration as well

as dynamic geometrical models for each unit.

2.4.3 Approaches to SL Correspondence Problem

It is reasonable to consider imaging multiple laser profiles in a single camera

image in order to achieve increased acquisition rates. More than one laser profile

per image increases the information content, but necessitates a scheme for estab

lishing the correspondence between a laser profile and the associated laser plane

geometry. Having no ancillary means to establish correspondence [133] can result

in a combinatorically imfavorable problem. In [120] the correspondence problem

is addressed using relaxation labeling.

In [129] a color camera was used to observe multicolored profiles. In this ap

proach the position of each colored plane was fixed and all planes were projected

simultaneously. This provided images with a clear correspondence relationship
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that could be acquired in a single frame time.

In [123] a time-lapse image of closely-spaced profiles was collected. Here the

correspondence problem was solved by computing a second registered image that

contained position-stamp information for each profile. This was accomplished

using simple processing steps, allowing position-stamping to be implemented in

real-time on commercially available hardware.

Another useful technique involves collecting a sequence of well registered

images while illumination sources are toggled on and off. In this way, each laser

profile can be identified by analyzing which images in the sequence it appears [32,

134-136].

If multiple laser profiles are present in an image, or if a sequence of images must

be analyzed, then it can be necessary for objects in a scene to remain motionless

during the acquisition cycle. These types of approaches introduce limitations in

more dynamic environments.

2.4.4 Methods of Pixel-Level Analysis

Once the correspondence between a profile and the actual laser position are

established, it is necessary to precisely determine image coordinates at the center

of the laser profile. The precision with which these coordinates are located effects

the overall accuracy of range measurements. Speed and accuracy tradeoffs exist

here.

One approach to speeding up SL acquisition is to perform the "pixel-level"

analysis in the analog domain. An early effort in this area [137] made the as

sumption that stripes are roughly vertical. This approach used dedicated timing

hardware to find the illumination on each horizontal scan line. This provided

image coordinates at frame rate image. More recent approaches [131] have used

VLSI implementations that incorporate analog detection and timing operations

in a single chip.
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In [129] a peak detection algorithm was used to find image coordinates at the

center of the laser profiles. This analysis did not provide results with subpixel

accuracy. An analog implementation of this scheme was also proposed.

In [1321 the nominal orientation of the laser profile could not be assumed

and pixel-level operations had to be performed at different orientations. Here,

video images were digitized and pixel-level analysis was performed in different

directions, using an adaptive scheme.

2.4.5 Alternate Illumination Structures for Ranging

It is worth considering a variety of structures for illumination when at the early

design stage of a SL system. One such approach uses a spot of laser illumination.

These are sometimes referred to as "flying dot" systems.

If a video camera is used for this type of system, the approach can suffer in

terms of acquisition speed due to the low information density per image [138].

Because of this, many approaches turn to 1-D detectors [27] or to custom op

tics [139].

Despite the problem of low information density, there is a significant advan

tage to flying-dot systems that use 2-D video images, or some other type of 2-D

detector. When a directional vector (in is available, from the detector to the

flying dot, an on-line confidence measure can be computed for each range point.

The ranging process in these systems can be formulated as an intersection calcu

lation of two lines, one along the laser optical axis and the other along the camera

sighting of the flying dot. The closest point of intersection between these two lines

can be used as a best estimate for a range measurement. The minimum distance

between these two lines can then be used as an estimate of the measurement

uncertainty. This confidence measure is provided m an on-line, point-by-point

manner. This provides great advantages for applications demanding high accu

racy and high reliability. SL systems that image a laser line do not possess this
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type of inherent accuracy check.

Laser optics are available that project alternate light patterns, circular projec

tions, for example. These may provide advantages for some situations where the

structure of the light matches an application-dependent measurement region.

50



CHAPTERS

Efficient and Accurate Acquisition of Range Profiles By Structured

Light: Design, Calibration and Implementation Issues t

To form a basis for the forthcoming chapters on range segmentation and graph

matching, the subject of range acquisition is discussed first, in this chapter. This

discussion covers the principle of operation, calibration, and many design details

of a common type of laser-based ranging sensor - a Structured Light sensor.

Strengths and weaknesses of this kind of sensor are described. A Structured

Light sensor was implemented and its performance benchmarked as a part of

this research effort. This sensor is refered to as PRIME, the FRofile Imaging

ModulE. PRIME uses novel methods of range acquisition and calibration. It is

used to provide an example of the various kinds of processing steps required with

this type of sensor. Discussions of other types of ranging sensors may be found

in [17,99,141]

3.1 Introduction to Structured Light Ranging

Structured Light (SL) sensing is a well established technique for ranging. A

great variety of techniques in this general area have been developed [17,121,126].

The common thread of all these approaches is the underlying use of triangulation.

This ranging geometry can be seen in Figure 3.1, which depicts the optical com-

This chapter was accepted for publication in Advances in Computers [140]. It appears herein in

near final form.
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ponents in PRIME. Here, the laser is projected downward towards objects in the

scene. Laser illumination striking an object is observed by the camera to reveal

surface profiles which can be converted into Cartesian range data. In PRIME, the

ranging triangle is completed by a rigid backbone between the camera and laser.

Rigid Sensor
Backbone

Laser

/<
Camera

Laser Plane

Range
Measurement

Scanned Object

Wheel

Encoder

Conveyer

Figure 3.1: Structured Light systems use triangulation to acquire range mea

surements. In PRIME, the ranging geometry is formed by a laser emission, the

reflected light observed by the camera and by a rigid backbone. Optical measure

ments capture range data in a plane. A conveyer produces the necessary motion

for 3-D range data.

The three main challenges in developing a Structured Light system are cali

bration, accuracy and acquisition speed. Calibration models are needed to relate

image to world coordinates. See Figure 3.2. Methods of calibration are critical

for success, but are usually not described in sufficient detail in published works.

Typically, procedures require examples of image coordinates to be generated by
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Figure 3.2: The purpose of sensor calibration is to find a mapping between image

and world coordinates. In PRIME, this relationship is fixed because of the rigid

backbone between the laser and camera.
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calibration targets, the positions of which must be known with high accuracy. To

ensure accurate ranging in the final system, the calibration data must be gener

ated at distances from targets that span the range of standoffs that will be used

during sensing. If the intended standoff is on the order of a few feet or less,

then standard optical bench equipment can be of great utility during calibration.

Hence, the difficulty of this task can vary with the intended standoff of the sensor.

Challenges in calibration also arise from the complexity of models that are

required for sensor kinematics. These kinematics describe the geometrical rela

tionship between the camera and the laser plane. If, for example, these kinematics

are fixed then the calibration procedure is much simpler. PRIME is such a system,

which is referred to here as having a "fixed-plane geometry", as seen in Figure 3.1.

An alternative to having a fixed triangular geometry is to reorient the optical paths

while ranging. Using a "dynamic-plane geometry" in this manner [31,123] can

permit larger regions to be scanned more rapidly. These approaches typically

reorient the laser beam using low inertia optical components. Beam repositioning

in this manner can be achieved with high speed and high precision. While dy

namic geometries are attractive from the point of view of acquisition speed, they

usually require more complex calibration models [123,124,130].

Ranging accuracy is highly dependent on calibration models. However, even

the most careful calibration effort can be fruitless if the ranging geometry is

imfavorable. This refers to the sensitivity of range measurements to various

system parameters, see Section 3.4 for a sensitivity analysis of PRIME.

Acquisition speed is another challenge to SL system design- Range acquisition

involves locating the laser profile within camera images. This requires pixel

examination and processing in order to precisely locate image coordinates that

reside at the center of the laser profile. While the complexity of these algorithms

are low, the computational requirements are relatively high. As seen in Figure 3.3,

systems such as PRIME must process images with relatively low information
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Figure 3.3: Image of laser profile seen by camera. The camera's optical filter was

removed for this image to better reveal objects in the scene.

density - this image has only one view of the laser line. Given the size of a

standard image and relatively small area of pixels illuminated by the laser line

(?« 1%), a significant amount of pixel-level computational effort must be expended

to acquire the range data associated with a single image. Because of this relatively

low payoff, many researchers have experimented with ways to pack more laser

lines into a single image [32,123,129]. Approaches with multiple laser images

necessitate using a heuristic to determine the correspondence between image

features and laser positions. Several methods for this are reviewed below.

Some discussion is appropriate concerning the fundamental limitations of SL

ranging. Surface reflectivity is one such factor. For reliable range data, a scanned

object should have surfaces with lambertian reflectivity. Specular surfaces will

often reflect too much of the structured illumination away from the camera. This

produces voids in range data. Note that the degree of surface reflectivity can

be counter-intuitive when dealing with near-InfaRed (IR) laser systems, such as

PRIME, since these wavelengths are beyond the human visual range.



Shadowing is also a fundamental problem in SL systems. This occurs when

object geometries occlude the laser from the field of view of the camera. Shadow

ing effects can be reduced when the camera to laser baseline distance is shortened.

However, this also increases the sensitivity of the system to measurement noise -

see section 3.4.

Ambient lighting is an important design issue. It can be a limitation to SL or

other types of optical ranging if ambient sources are unfavorable and cannot be

controlled. Monochromatic illumination and matched optical filters for cameras

can be used to tackle this problem, as in PRIME, provided the ambient lighting can

be setup on a different wavelength. Florescent lighting and near-IR SL ranging

make a very nice complementary pair. This combination provides ample room

light without contaminating range imagery. Incandescent light is a very poor

choice for use with near-IR SL systems.

The novelty of PRIME stems from new approaches to calibration and to pixel-

level operations. These techniques make for a system that has real-time acqui

sition, is accurate, easy to calibrate and made entirely from commercial compo

nents. PRIME uses a single plane of laser light to provide ruggedness, accuracy

and simple calibration. This dis require effort to achieve real-time acquisition.

Acquisition speeds were improved by mapping portions of the pixel-level op

erations onto dedicated commercial hardware. Because a single laser profile is

imaged, and because range acquisition occurs at frame rate, PRIME is able to scan

objects that are continuously moving.

3.2 Structured Light Acquisition

A Structured Light sensor includes both optical components and pipelined

processing elements. A wide variety of components can be selected for these

purposes. In PRIME, for example, the computing components include a Mo-
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torola 68040-based single board computer and a Datacube MV20 image processing

board. The main processor runs under a vxWorks environment. It is responsi

ble for real time configuration and control of the Datacube hardware, and for

applying calibration models.

3.2.1 Optics and Imaging
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Figure 3.4: Laser (left) and camera (right) used in PRIME sensor. The laser

generates a plane of light using a cylindrical lens. A bandpass optical filter on

the camera yields distinct imagery of the laser plane as it intersects objects in the

scene.

Figure 3.4 shows the optical components that comprise the SL sensor. A near-

InfaRed diode laser, seen on the left, illuminates a scene from above. The laser

emission is in the form of a plane of light which is generated by a cylindrical lens

mounted in the laser housing. The black and white camera, seen to the right,

is positioned so as to image the light reflected from the laser plane as it strikes

objects in the scene. Figure 3.5 includes typical scanned objects, also.



Figure 3.5: PRIME sensor with typical objects.

The camera is outfitted with an optical filter that is matched to the laser

optical frequency. These matched optics produce very distinct imagery of the

laser profile. The image in Figure 3.3 was taken with the optical filter removed,

for presentation purposes. Because CCD cameras are quite sensitive to near-IR,

manufacturers typically install an IR cut filter. Such a filter was removed from

the camera used in PRIME.

Another aspect of the imaging process has to do with the use of an electronic

shutter. In applications with objects that move continuously past the sensor, a

certain degree of blurring would nominally occur in each camera image. Blurring

increases the uncertainty with which image coordinates at the center of the laser

profile can be recovered, and hence, must be limited. The camera's electronic

shutter reduces the temporal integration period for each pixel. In this way the

frame rate of images is imchanged, but the exposure time is reduced. This yields

video streams which are subsampled in time, this means that shape information

will be missing between sequential laser profiles. This introduces an upper limit



on the spatial frequency content of shape descriptions and can result in aliasing.

A standard video frame is composed of two interlaced fields. Each field is

transmitted sequentially. When using an electronic shutter, each field is exposed

individually. Typically the shutter interval for one field will occur immediately

before that field is due to be output on the composite video signal. Hence, a single

camera image contains data acquired from two separate time instances, 1/60

second apart. This necessitates that the temporally-skewed fields be processed

separately when the laser profiles in each are converted to range data.

In PRIME, the physical thickness of the plane of laser light is w 0.040 inches

thick. The sensor has been designed for scanning velocities of « 1 in/sec. An

electronic shutter interval of < 1/250 sec is well suited for this situation because

the blurring of the beam is limited to < 10% of the thickness of the laser plane. In

practice this fractional increase in the apparent thickness of the beam has proved

to have little effect on range measurements. However, it is true that unfortunate

scene geometries can generate greater degrees of blurring. For example, A sloped

block will tend to cause the laser line to blur vertically if it is viewed while

approaching the camera. Steeper block faces will tend to produce greater degrees

of blurring. These factors are very much scene- and application-dependent.

A fundamental tradeoff exists between the ability to localize the position of

the laser in an image and the apparent brightness of the beam. The mechanism

for adjusting this degree of freedom is the electronic shutter interval. The limiting

factor in the range of this adjustment is the amount of optical power in the laser

and the sensitivity of the camera. In PRIME, the Automatic Gain Control (AGC)

on the camera has been engaged. Since the majority of the camera image is black,

the AGC sets analog gains relatively high. This causes the laser illumination to

be amplified significantly. For most of the experiments performed with PRIME,

the intensity of pixels at the center of the laser line were saturated (256/256).
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3.2.2 Image Processing Operations

The images used during range acquisition have an almost totally black back

ground, with gray levels w 10-20 out of 256. Given the saturated pixels on the

laser profile, this represents a SNR « 25 db for the image data. These conditions

provide considerable latitude in selecting a gray scale threshold used for pro

ducing binary images. These binary images are used in an intermediate step to

roughly locate the laser line within the image.
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Run-Length
Coding

Image
Processor

Laser \

/ Camera

Run Length
Image

Double Buffer
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-JL-

Apply
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Models

Double Buffer

Real-Time
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Kalman Filter Position

Encoder

Position

Stamp Profile
of Range Data

Conveyer

Real-Time
Processor

Real-Time
Processor

3-D Cartesian

Range Data

Figure 3.6: Block diagram of the processing steps in the PRIME sensor.

Image processing operations were split between the Datacube board and the

main processor for improved pipeline throughput. In order to permit both devices

to simultaneously process images, double buffering was used between these two

pipeline elements. See Figure 3.6. The Datacube board provided image I/O and

storage, displayed the real-time status of the ranging sensor, and was used to
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locate the rough position of the laser line within each image.

The rough position estimates were achieved by thresholding and then run

length coding [142]. Run length coding (RLC) generates a 1-D array having

indecies with a one-to-one correspondence with the columns of the binary image.

Each RLC array element contains the height along a column from the bottom

of an image up to the first illuminated pixel. The RLC data is depicted in the

image buffers of Figure 3.6. Hence the RLC array provides a succinct description

of the rough location of the laser line. This information greatly improves the

speed of range computations because the Datacube board can provide the RLC

data at frame rate. This eliminates an otherwise burdensome effort by the main

processor of searching the entire image for a relatively small illuminated region -

which could not be done in real-time. Using the rim length coded array, the main

processor can directly access the required portions of images.

To precisely localize the center of the laser line, pixel values are examined on

a cross section of the laser illumination and a weighted centroid calculation is

performed. Figure 3.7 illustrates typical pixel intensities, as sampled along a path

roughly orthogonal to the laser line. In PRIME, the intensity profiles are typically

5-7 pixels wide with a roughly Gaussian shape. The main processor examines

gray scale pixel values in a 20x1 window, W, centered at locations given by the

RLC array. A mapping function, F(gi), is used to describe the likelihood that a

pixel having intensity gi is a member of the laser line. The mean, f, and variance,

cr^, of the row at the center of the laser line are found with

, ̂ ^ ,3

where gi is the gray level of the pixel in row r,, and S = E Summations are

taken within the window, W, and all include pixels above the binary threshold.

The image coordinate recovered,(f, c), is the mean row together with the column

under examination.
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It was desired to make the mapping function, P{gi), a smooth curve varying

from 0.0 to 1.0, corresponding to pixels in the background and on the laser profile,

respectively. A truncated error ftmction (erf) was chosen for the mapping. Values

for P{gi) were found by integrating a Gaussian and then normalizing so that the

area imder the erf curve was imity. The shape of the original Gaussian was chosen

so that 3cr below the mean were gray levels clearly belonging to the background

and 3a above the mean were levels at the center of the laser profile. The gray

levels at these 3a points were chosen manually by examining a histogram of

typical images. Previous experiments in camera calibration [130] have shown as

much as a 13% change in centroid location when weighted centroid calculations

are done, versus binary methods.

The variance, cr^, of each (f, c) coordinate was checked against a threshold as

a means to eliminate the use of blurry portions of a laser profile. Blurry imagery

can result from excess relative motion or imeven reflectivity, for example. In these

situations the reliability with which the center of the laser profile can be recovered

is compromised and the generation of range points should be avoided in order to

maintain accurate results.

1.0

Probability of
laser line membership

P ( pixel gray scale)

0.0-

t
r-CTf r r+o".

Threshold

-Pixel Row

Figure 3.7: Recovering image coordinates at the center of the laser line.
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3.2.3 Ranging Computations

A calibration model, M, is used to convert image coordinates, (r, c), to world coor

dinates, {y,z). The model is applied to an augmented vector of image coordinates.

For example, with a second order model

r
2 rc r c 1 M = z (3.2)

where ̂  is the Z coordinate of a range point. A similar model is used to generate

Y coordinates, see section 3.3.

In PRIME, image data provides the Y and Z components of range points.

The X component is foimd by monitoring the motion of a conveyer belt using a

wheel encoder. See Figure 3.1. The processing of encoder readings is interrupt

driven, occurring at a rate four times higher than the video field rate (60 Hz).

This provides accurate position estimates (in X) for each video field, allowing

the range profiles in each to be field to be properly position-stamped. The main

processor was responsible for orchestrating the image acquisition process and

stamping each acquired profile with the appropriate positions along the conveyer.

Having camera image data synchronized with conveyer position stamps allows

3-D Cartesian range data to be computed. The encoder on the PRIME testbed has

a resolution of 4000 counts per revolution, corresponding to 0.003 inches of travel

per encoder tick.

The main processor uses Kalman filtering [143] to process the raw encoder

readings, for improved position estimates. Because of the relatively constant ve

locity of the PRIME conveyer, the state transitions of the Kalman filter are modeled

as having a constant acceleration [144]. The process noise matrix has been setup

accordingly [145]. The process noise parameter has been determined experimen

tally, 9 = 50. The measurement imcertainty <7^ has been set using the encoder

spacing and the standard deviation associated with a uniform distribution [146],

am = 0.003/-v/IZ inches.
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Because of the sensor geometry, a simple X-Y grid was used to store range

data. This provided advantages in terms of complexity and the speed of data

storage. It eliminated the need for an octree data structure, for example. The laser

plane has a near-vertical orientation. Because of this, multiple range points do

not tend to occur that have the same lateral (X-Y) position above the grid.

3.3 Calibration of Structured Light Sensors

Calibration models are required in order to provide the relationship between

image and world coordinates (see figure 3.2). A distinction is made here between

the problems of calibration versus registration of the sensor. Herein, "calibration"

refers to a process in which the location of the world frame {S in the figure) is

defined locally to the sensor. Its position is established with the convenience of

sensor calibration in mind. "Registration" refers to the process of relating the

sensor frame, S, to some other frame that is pertinent to the application - such as

a manipulator frame.

In most cases, the design of two aspects of calibration are tightly coupled.

These are (1) the process by which calibration data is collected and (2) the formu

lation of the calibration model. The solution to these two problems typically must

be foimd in a joint manner. The approach taken for PRIME is described below.

3.3.1 Calibration Process and Formulation of Calibration Model

Structured Light ranging is fundamentally a process of triangulation. Calibration

is sometimes approached as a process of isolating explicit geometrical parameters

of this ranging triangle. In [17] range calculations are described using the law

of sines together with a pin hole model of the camera. Note that this would

necessitate two separate calibration procedures (each of which would contribute

errors).
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A one step calibration procedure has been developed for PRIME. This process

is very similar to the Two Planes method of camera calibration [147]. In general,

any Fixed-Plane SL system can be calibrated in a one step procedure because of the

rigid mapping between image and world coordinates. One step procedures have

advantages in terms of accuracy and simplicity. Accuracy is improved because

models can be foimd via a single least norm solution.

A model ̂  = /(r, c) relating height, z, to image coordinates has been found

using empirical calibration data. This relationship has been determined by ana

lyzing images to find many examples of the triplet

2,- rv (3.3)

Figures 3.8 and 3.9 illustrate the PRIME calibration jig. The jig allows a series of

horizontal plates to be located at known heights, Zi, and imaged by the camera.

Figure 3.10 shows such an image containing many examples of where the laser

plane is imaged at a given vertical height. The pixel-level operations described

in section 3.2.2 are used to generate individual triplets. A number of calibration

plates were located across the depth of field of the sensor. Precision standoffs

were used to locate these in the Z direction. When calibrating for X, a linear table

was used to automate positioning.

For increased image fidelity during calibration, a number of images of a given

calibration plate were averaged. This reduces the random noise in pixel values

that nominally accompany the imaging process [142].

To find the calibration model, an overdetermined set of equations is formed

by augmenting the image coordinates (r, , c, ) of each triplet. A variety of forms

of calibration models have been studied. In the case of a second order model, for

example, a calibration n-tuple

Z{ r} cf r,Ci ri Ci 1 (3.4)
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Figure 3.8: A series of horizontal plates are used to generate calibration triplets.

The triplets are used to form an overdetermined set of equations from which

calibration models may be determined. This illustrates the calibration procedure

for the 2 = /(r, c) model.
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Figure 3.10: An image used for range measurement calibration. The central

horizontal line is produced by the intersection of the laser plane with a horizontal

metal plate.

is used. These n-tuples are arranged to form

zi rl cf rici ri ci 1

-  r? c? r.c, ri Ci 1

rl cl r„c„ r„ c„ 1

Z = FM

Z (nxl) rcontains world coordinates.

F (nxp) rcontains augmented pixel coordinates, and



M (pxl) contains model parameters.

In this case p = 6. A series of vertical plates are used to generate the calibration

triplets needed for the Y model. This process is depicted in Figure 3.9.

3.3.2 Numerical Method of Solution for Calibration Models

Many methods of solution are possible for finding the calibration model, M,ma

least norm sense [148]. However, prudent selection of a solution technique can

have side benefits in the calibration process. Forming the normal equations [149],

for example, allows the solution to be foimd, but does not provide any additional

information. Techniques that reveal the numerical sensitivity of the solution are

much more desirable. This provides an indication of how much the solution

will change due to slight perturbations in the calibration triplets. The calibration

triplets will contain measurement noise, hence the need for an overdetermined

specification of the solution and for as low a numerical sensitivity as possible.

There is no guarantee that the existence of ill-conditioned calibration data will

be apparent in the residual error [150] of the solution. The greatest care in the

imaging and pixel-level operations will be fruitless if the solution for a calibration

model suffers numerically. The consequence for ranging is that a calibration

model may not yield accurate results when new data is applied.

A common reason for the matrix F of Eq. 3.6 to become ill-conditioned occurs

due to a poor distribution of the input data points. As seen in Eq. 3.5, the

right hand coliunn of entries in F are all 1. The columns of F must be linearly

independent [149]. Hence if all calibration triplets possess the same row or column

then F will become ill-conditioned - imless SVD is used to prevent this occurrence,

after the fact.

One technique for improving numerical performance when finding M in

volves scaling the image coordinates of the calibration triplets. By normalizing

the image coordinates to the range (0,1), the span of entries in F can be reduced.
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Table 3.1: Demands on numerical precision for normalized and urmormalized

calibration modiels.
Order Span of Entries in F Span of Entries in F Cost Ratio Integer Precision

UniKjrmaiized Normalized of Spaits of Cost (bits)

1st 485^/1 i/o.os' 2.4 10^ 5

2nd 485^/1 1/0.05^ 5.8 10^ 10

3rd 485^/1 1/0.05^ 1.4 10^ 14

4th 485*/l 1/0.05^ 3.5 10® 19

This improves the condition of F [148]. If it is assumed that coordinates vary from

5 to 90% of the image then the normalized and urmormalized coordinates cover

the ranges (0.05,0.95) and (25,485), respectively. The span of largest to smallest

entries in F is used as a measure of demand on numerical precision. See Table 3.1.

The ratio of the span of entries in F for the normalized vs. urmormalized cases is

given as "Cost Ratio of Spans". This gives a measure for the reduction in precision

that is achieved by normalizing. This reduction is then expressed as a number of

bits.

The table shows that a significantly larger number of bits can be required

to represent the ratios for the urmormalized entries. This unnecessary cost in

precision is reflected in poorer conditions for F, reaching 6 orders of magnitude!

PRIME has been calibrated to an accuracy of 1 part in 1500 (see Section 3.3.3). This

necessitates « 11 bits of precision for ranging, nominally. The burden of using

non-normalized formulations is additive. Note that these costs in precision have

been expressed as a number of bits in integer format. The actual numerical effects

are more complicated, as these involve floating point operations.

A Singular Value Decomposition (SVD) [148] exposes the singular values of

F, which can be used to compute the condition number [149]. This provides an

excellent measure of the numerical sensitivity of the solution. The SVD approach
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decomposes F

F = UDV^ (3.7)

where U and V are orthonormal and D is diagonal, containing the singular val

ues of F. The technique also permits "repairs" to be made to D, ensuring its

invertibility [150]. This allows the calibration model

M = VD-^U'^F (3.8)

and the condition number

^  dmax/dmin (3.9)

to be easily computed. Here, dmax and dmin are the largest and smallest diagonal

elements of D. F is considered to be ill-conditioned if 1/k approaches the pre

cision of floating point computations, for example, no less than 10"^^ for double

precision [150].

3.3.3 Evaluation of Calibration Model

Selecting an appropriate form for a calibration model effects important tradeoffs

in acquisition speed and ranging accuracy. This selection process is closely re

lated to that associated with the Two-Planes method of camera calibration [147].

These problems are quite similar because each involve a mapping from image

coordinates to a plane of world coordinates.

Recommendations for appropriate forms of camera models [151] serve as a

guide, as well as several metrics for model evaluation [123,152] which have been

incorporated and extended for PRIME. The metrics used for PRIME involve the

computational burden during on-line evaluation and various measures of the

quality of the model solution. These are:

1) Compute burden

2) Condition number
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3) Span of residual errors

4) Autocorrelation of residual errors

5) Goodness-of-fit, based on chi-squared.

The compute burden is a direct result of the number of terms in the model.

The condition number is foimd from Eq. 3.9. The residual error of the solution

is computed by comparing the fitted height of the ith triplet, z'- = /(r, c), to the

original height. Ideally 2,-z- 0, but in practice random measurement noise and

higher order lens aberrations keep these from vanishing. Although low residual

errors do not guarantee an accurate model, these values are still useful to examine,

as a low magnitude is a necessary condition for accuracy. The span of the residual

errors is described by computing the maximum, mean and standard deviation of

the absolute residuals.

The purpose of calibration is to characterize the distortions in a mapping

between two planes. Hence, a proper mapping and proper calibration procedure

should result in a set of residual errors with a very low spatial dependence. That

is, any imiform pattern or trend in the spatial arrangement of residuals should

be very minimal. The residuals should appear as random entries. This random

character can be described using the autocorrelation of the residuals.

As a final metric, a goodness-of-fit measure has been computed involving

chi-squared and the degrees of freedom in the system of equations [150]. This

involves the use of an estimate of the accuracy of 2,, which is noted in the tables.

The fit quality, Q, should ideally be Q > 0.1 to consider a mapping as valid. In

some cases values in the range Q > 0.001 are also deemed acceptable [150].

Tables 3.2 and 3.3 summarize the metrics found when calibrating PRIME.

Table 3.4 gives the form of each model that was considered. When finding the Z

model, 280 calibration triplets were used and the accuracy of the true heights, 2,,

was estimated at 0.005 inches. For Y, 98 triplets and an accuracy of 0.010 inches

for x; were used.
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Table 3.2: Metrics for Z calibration model for PRIME. A total of 280 calibration

triplets were used. A value of 0.005 inches was used for the accuracy of zj.
Type Normalized Mean Standard Deviation Maximum Fit Quality Autocorrelation Condition

Residual (la) of Residual (ia) Residual (in.) (1 shift) Number

yes 0.071 0.038 0.137 0.00 0.9 10^

2 yes 0.007 0.004 0.022 0.00 0.9 10^

3 yes 0.003 0.003 0.015 0.99 0.7 1(P

4 yes 0.002 0.002 0.013 1.00 0.5 1(P

1 no 0.071 0.038 0.137 0.00 0.9 10^

2 ru) 0.007 0.004 0.022 0.00 0.9 10^

3 no 0.003 0.003 0.015 0.99 0.7 10^

4 no 0.002 0.002 0.013 1.00 0.5 10^

Table 3.3: Metrics for X calibration model for PRIME. A total of 98 calibration

triplets were used. A value of 0.010 inches was used for the accuracy of Xj.
Type Normalized Mean Standard Deviation Maximum Fit Quality Autocorrelation Condition

Residual (ia) of Residual (ia) Residual (ia) (1 shift) Number

yes 0.093 0.059 0.240 0.00 0.8 10^

2 yes 0.010 0.008 0.033 0.00 0.8 10^

3 yes 0.009 0.007 0.031 0.03 0.8 10^

4 yes 0.004 0.002 0.009 1.00 0.8 10^

1 no 0.093 0.059 0.240 0.00 0.8 10^

2 no 0.010 0.008 0.033 0.00 0.8 10^

3 no 0.009 0.007 0.031 0.03 0.8 109

4 no 0.004 0.002 0.009 1.00 0.8 10^

Table 3.4: Form of calibration models.

Type Coefhcients

1 Ire

2 \ r cr^ (P" rc

3 \r cr^ <P Tc

4 1 r c P rc Pc rp
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Figure 3.11: Residual error of a 1st order (type 1) Z calibration model. Mean =

0.071 in. Gray levels of each block are scaled to span the extremes of the residual

errors in this model (maximum = 0.137 in).

In addition to the tabular summaries, images have also been generated that

depict the residual errors. These provide a visualization of any spatial correlation

in the errors and of the location of all the calibration triplets, in a single image.

Figures 3.11 through 3.14 show images that depict residual errors for types 1 and

4 of the Z and X models, respectively. The images contain a series of small gray

blocks, each of which coincides to the location of a calibration triplet and the

corresponding residual error. The gray level of the block is scaled so that the data

point possessing a minimum residual error is the darkest and the one possessing

the largest error is the lightest. Note that a different gray scale mapping is used

for each image.
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Figure 3.12: Residual error of a 3rd order (type 4) Z calibration model. Mean =

0.002 in. Gray levels of each block are scaled to span the extremes of the residual

errors in this model (maximum = 0.013 in).

Wh

Figure 3.13: Residual error of a 1st order (type 1) X calibration model. Mean =

0.093 in. Gray levels of each block are scaled to span the extremes of the residual

errors in this model (maximum = 0.240 in).



Figure 3.14: Residual error of a 3rd order (type 4) X calibration model. Mean =

0.004 in. Gray levels of each block are scaled to span the extremes of the residual

errors in this model (maximum = 0.009 in).



Because of acquisition time did not vary significantly between model types,

model selection was based primarily on accuracy and condition number. The

normalized form of model type 4 was chosen for both X and Z.

3.4 Sensitivity Analysis of Structured Light Sensors

The question of sensitivity is concerned with the relationship between the

accuracy of range measurements to sources of error in the acquisition process.

The geometry of the optical paths involved in ranging plays an important role in

determining how errors during acquisition are amplified in range measurements.

A Monte Carlo analysis [153] can be used to perform a thorough study of

measurement errors. This would involve simulations of the measurement process

with representative levels of noise being introduced at each stage. This type of

approach is particularly desirable when analyzing a SL sensor with dynamic

geometry, as it can be used to study accuracies across the entire measurement

space. For PRIME, a simpler approach has been taken.

Referring to Figure 3.15, variations in image coordinates, d(f), produce a dis

placement of dw at the standoff of the sensor. Because the laser profile is assumed

to be roughly horizontal in each camera image and each column is analyzed indi

vidually during pixel-level processing, only the sensitivity of height variations to

vertical image displacements is considered. (Actually in the center of the image

dy = dw for lateral image displacements.) The angle between the laser emission

and the camera sighting determines the sensitivity of height errors. As seen in

the figure, the amplifying factor is

T = (3-10)aiy sm 0

where 9 is the angle between the laser emission and camera sighting. This is

related to changes in height by sin 0.
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Figure 3.15: The sensitivity dz/dw of a Fixed-Plane SL system is determined by

the angle, 6, between the laser emission and the camera sighting. This describes

the effect of the change in image coordinates with respect to changes in height.

78



In Fixed-Plane SL sensors this sensitivity factor varies in a continuous fashion

across the laser plane because 0 varies somewhat across the laser profile (with

motion in and out of the paper in Figure 3.15). For PRIME, the sensitivity varies

1.5 <= <= 1.6. Being near 1, these values are relatively low. As sensitivity

improves the degree of shadowing increases. The ranging geometry for PRIME

was chosen to somewhat favor sensitivity versus shadowing. Freedom to increase

shadowing was deemed acceptable because mostly convex objects with relatively

slow rates of curvature were targeted for use with PRIME.

3.5 Performance Benchmarks and Ranging Experiments

Performance benchmarks are very important during sensor research. These

give measures of speed and accuracy that are vital for both automated and man

ual interpretation of data. Example range data and scenes are presented in Fig

ures 3.17 and 3.16, respectively. Images of the scenes were captured by the PRIME

video camera with the IR bandpass filter removed. The laser appears as a bright

line near the bottom of each image.

A performance metric for active range sensors has been introduced by [17].

1  (D.D,D,yl=

where T is the point dwell tune (sec/point), Dt is the depth of field in the I

direction, and S; is the measurement xmcertainty, also in the I direction. M is the

rating. In [17] the dimensionality of contributors, {x,y,z), to this expression is

reduced for sensors that generate indexed arrays of range data. This is the case

for PRIME in the X direction. Also with PRIME, the depth of field in the direction

along the conveyer is somewhat arbitrary, as the conveyer is often run at varying

speeds depending on application needs. As in [17], the rating has been reduced
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Figure 3.16: Gray scale images captured from the video camera during the ranging

process. The optical filter normally used during acquisition was removed for

these images, to better illustrate the interaction between the laser plane and object

surfaces. The laser appears as a bright line near the bottom of each image.

4!ISSISi0^

Figure 3.17: Measurements captured by PRIME for objects with a variety of

surface textures.



Table 3.5: PRIME performance measures as a function of the type of calibration

model. Performance of the normalized vs. uimormalized forms was essentially

identical, normalized models were used herein.
Type T M

1 0.005 0.24 51300

2 0.004 0.25 70300

3 0.004 0.25 70300

4 0.003 0.25 83,900

to

M=
s.Vt'

(3.12)

To determine the accuracy of height measurements, a horizontal plate was

scanned at a height other than those used during calibration. This plate and the

ones used during calibration have a quoted flatness of 0.002 inch variation per

foot. At most 6 inches of such a plate are used during calibration and testing. The

mean absolute variation of height measurements taken from this type of plate is

given by in Table 3.5.

To determine the point dwell time, a number of scans were made and the

mean number of points per video frame was computed. Each type of calibration

model was tested. The size of processed imagery was adjusted to maximize

the amount of range data, while maintaining frame-rate throughput for each

calibration model. The results of these performance benchmarks is given in

Table 3.5. These benchmarks were also used in the model selection process. The

T values in the table are somewhat conservative and are subject to several percent

error, due to empirical nature with which they were determined.

These ratings compare well with those given in [17]. It should be noted that

the speed benchmarks quoted here include the application of calibration models.

Also, PRIME has been built from commercially available components. This makes
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for a system that is generally less expensive and more easily maintained than a

custom implementation.

3.6 Concluding Remarks

Despite the longevity of research in Structured Light sensing, a limited amount

of published works focus on fimdamental design and calibration issues. This

chapter has included an introduction to the ranging process, discussions of design

tradeoffs, calibration methods, and performance benchmarks. Structured Light

ranging has some particularly interesting advantages that allow sensors to be

customized for the specific requirements of an application. These sensors can be

built "from the ground, up" to yield rugged and inexpensive ranging systems.

PRIME is a Structured Light sensor that has been designed to scan continuously

moving objects. PRIME uses a plane of laser light that is mounted in a fixed

geometry. The laser illuminates scenes, allowing vertical profiles of range data

to be acquired in real time. This approach to 3-D ranging has novel methods of

calibration and acquisition providing high accuracy and frame rate data collection.

This completes the discussion of the design and implementation of of cali

brated 3-D ranging. This and the following chapters are arranged in order that

data is processed in the RDM framework. A discussion of the algorithm and the

implementation of a new method for efficiently segmenting range data follows in

the next chapter.
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CHAPTER 4

Range Profile Tracking: A Profile-Based Approach for Adaptive

Range Image Segmentation

Of the three points of focus in this dissertation, range segmentation, graph

matching, and calibrated range acquisition, this chapter covers segmentation.

The algorithm and implementation of a novel technique are discussed in detail,

along with a significant amount of testing.

4.1 Importance and Challenge of Range Segmentation

Segmentation is a fimdamental process affecting the overall quality and utility

of machine vision systems. For range image analysis to be of practical value and

utility, segmentation algorithms should provide results which satisfy often con

flicting requirements of speed, accuracy and robustness. The segmentation pro

cess is a pixel-level technique for partitioning data into meaningful parts, based

on some grouping criteria. The range image segmentation addressed herein as

sumes the availability of a dense grid of range data, such as that produced by a

laser range finder or structured light sensor [99]. In general the grouping criteria

will vary depending on the nature of the sensor and on the application. Group

ing criteria are typically based on either edge or region features. Edge-based

techniques exploit pixel dissimilarities where region-based approaches compute

uniformity measures [154]. The groups produced by a segmentation algorithm

can be used for object recognition, surface reconstruction or other purposes.

Measurement noise makes segmentation challenging because it corrupts the
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uniformity of range data. Two types of noise are common with ranging sensors.

Range measurements are often corrupted by lower intensity Gaussian noise and

by higher intensity noise spikes. The Gaussian noise typically corrupts every

point. Spike noise usually occurs with a low likelihood, erupting in a binary

fashion. The effects of these noise sources are manifested in segmentation results

by errors in surface fits and surface boundaries. The goal of a segmentation al

gorithm is to maintain correct partitioning in the presence of noise sources. The

term robustness is used to describe the ability of an algorithm to maintain cor

rect results in the presence of outlier contamination, such as spike noise. This

definition is similar to that used in the area of robust statistics [155] and is be

coming more common in Computer Vision literature [154] [33] [36]. In object

recognition applications it is also important that a segmentation technique yield a

stable decomposition of range points into these meaningful components [11] [33].

Stability here implys that small local changes in a surface do not radically alter

the description of the component parts. Robustness, stability and accuracy are all

important performance metrics for range segmentation algorithms.

4.2 Range Profile Tracking (RPT) Approach

In this chapter, a new approach to range image segmentation is presented

which balances accuracy, stability and speed tradeoffs. Alternative techniques

have been reviewed in Chapter 2, where a taxonomy based in processing "ker

nels" was introduced. The imiqueness of this new approach is derived from the

combination of its Kernel-Real Estate, -Placement and -Features, all of which use

adaptive methodologies.

1) The Kernel-Real Estate adapts to the effects of outliers in order to provide

dense regions of varying size that are robustly formed.

2) The Kernel-Placement strategy adaptively locates boimdaries of kernel re-
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gions to avoid outlier contamination. Here, the kernel boundaries are not located

by a fixed geometry. Also, the Kernel-Placement is a non-iterative scheme, pro

viding more deterministic processing.

3) Kernel-Features are foimd in a computationally-efficient manner that per

mits second order curvature to be estimated. The Kernel-Feature uses a Gaussian

noise model of measurements. This provides a basis for outlier rejection and is

used to help determine kernel boimdaries.

Adaptive kernel processing allows a range segmentation algorithm to avoid

the effects of outliers. In RPT, kernel processing is approached as a real-time

process of shape-profile tracking. Two orthogonal sets of profiles are tracked

across a range image using a Kalman filter-based technique. The Kalman trackers

are setup with the capability to follow a second order height variation, such as

2 = f[x) = ax^ -\-hx c. Portions of a vertical profile that maintain a consistent

second order variation in curvature are segmented as one complete "strip". The

RPT Kernel-Feature is the Kalman filter (KF) state vector. The Kernel-Real Estate

and -Placement are determined adaptively using both a Kalman-based predictor

and a residual error criteria.

The entire RPT process is described in Fig. 4.1 which shows a breakdown

into three components. The first step involves the actual profile tracking. This

includes all of the adaptive kernel processing and results in two orthogonal sets

of 1-D strips. These strips identify portions of the range data having consistent

second order curvature. The second processing step merges these orthogonal

strips into 2-D seed regions. A polynomial surface is then fit to each region and

used as a consistency criteria for seed growing operations.

4.2.1 Tracking Profiles for an Initial Segmentation

Range profiles are tracked in order to provide an initial 1-D segmentation. RPT

forms two sets of orthogonal 1-D strips. The Strip Formation process is accom-
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Figure 4.1: RPT has three fundamental steps. "Track Shape Profiles" forms 1-D

strips of range data having uniform second order curvature. "Merge Shape Pro

files" forms seed regions having 2-D extent. These initial regions are then refined

using a seed growing method to improve the accuracy of region boundaries.
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plished robustly and in real-time. Real-time here refers to the fact that strips are

formed as the profiles arrive from the acqusition system, at video rates. Figure 4.2

depicts one of the orthogonal sets of strips from a top view. These "X-Strips"

grow in the X direction. As seen in the figure, a single profile of range data from

the sensor provides a column of new points extending in the Y direction. As each

profile of range data is acquired, it is accumulated into both the X- and Y-Strips.

The X-Strips run orthogonal to the sensor's profile of range data. Each X-Strip

is provided with a single point from a sensor profile and advances in length one

step. A series of Y-Strips are formed end-to-end along the entire length of each

sensor profile.

Y
Top View of X-Strips

► Direction of X-Strip Growth

New measurements under consideration for inclusion
in strips. These data points were acquired in a single

profile of Structxired Light data.

Measurements included in strips

Figure 4.2: Many narrow strips of range data are formed using KPT. At each

iteration new measurements are added to each strip and the Kalman filter's states

are updated. 1 of 2 orthogonal sets of strips are shown. These "X-Strips" grow in

the X direction.

As each sensor profile arrives, measurements are accumulated into various
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KFs and decisions are made to possibly terminate a given strip. New strips are

positioned end-to-end with their predecessors. Two tests are used to determine

strip extent.

The first check occurs prior to the accumulation of a new measurement into

a strip, the second occurs after its inclusion. The first test checks for surface dis

continuities and outliers. The distance between a range point and its expected

location is weighted and compared to a threshold. The weighted distance calcu

lation is performed using the Mahalanobis distance [156], in a manner similar to

that used in many predictive tracking applications [22,145].

The KF process noise parameter determines a covariance matrix that describes

the expected variation of measurements away from the filter state. Figure 4.3 de

picts a side view of a strip, the measurement currently under scrutiny is encircled

and has been foimd to exceed the discontinuity threshold. This event determines

the end of a strip. The anticipated position of the measurement is indicated by

the gray dot and the discontinuity threshold by the gray I-bar.

Unfortimately the discontinuity threshold is insufficient as a sole criteria for

determining strip boundaries. An accompanying on-line residual error check has

proven worthwhile to complete the Strip Formation process. Figure 4.4 illustrates

the shortcoming of using the discontinuity threshold alone. The gradual curvature

of the object seen in this case will tend to steer the KF state upward, without

triggering the discontinuity criteria. This is consistent with the fact that no height

discontinuity exists in this region. However the given object's surface is somewhat

exponential in shape - it is not second order. Hence a segmentation of this surface

is desired.

Figure 4.5 describes the on-line residual error check [150]. The process of

finding the mean residual error of the first R contributors to the strip is illustrated.

This mean is compared to a threshold to determine strip termination. In the figure

the state of the KF has begim to "curve upward" due to the gradual transition
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Side View

of X-Strip

Expected Position for
Current Measurement and

EHscontinuity Threshold

y True Object Locahon

in m ̂  #

Range Data

Current Range Point

► X

t
KF Setup: State Initialized

Strip Growth

The current range point lies outside the
discontinuity threshold. This triggers the start of

a new strip.

Measurements accumulated into
same strip because discontinuity

threshold was not exceeded

Figure 4.3: The discontinuity threshold helps to determine the lengthwise extent

of a strip. A Kalman filter is associated with each strip and is used to both

accumulate range measurements and to provide a basis for the threshold.
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i

Side View of
X-Strip

Expected Position for
Current Measurement and
Discontinuity Threshold

*

Current

Range Point

t
KF Setup: State Initialized

•-X

X-Strip Growth -

Discontinuity threshold NOT exceeded
because of smooth shape transition

KF accumulating data into same strip as
determined by discontinuity threshold

Figure 4.4: Using the discontinuity threshold alone for Strip Formation is insuffi

cient - as seen in this example. This criteria is somewhat "open-loop" in nature.

A double check is needed during Strip Formation. Here, the object's shape within

the strip shown is not second order in nature, therefore it should be segmented

into two components.
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Side View

of X-Strip

,Z

• •

Strip Start

Current Model of Strip,
Based on State of KF

X-Strip Growth ■

Current Data Point

Residual Error of First R

Contributors to Strip

Figure 4.5: To double check the validity of a KF model, the residual error of the first

R contributors to the strip is compared to a threshold. The earliest contributors

have the largest moment arm for their residual errors.
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of the object's shape. The need to terminate the strip is seen by the increased

residual error of the strip. Both the residual error and the discontinuity criteria

are used to determine strip termination.

The residual error check is found using the KF state

ming over the first R members of the strip

^  dz,.^ . iSz

dx dx^
and sum-

terror = XI 1^0 +
! = 1

where |.| denotes absolute value, is the grid increment and zq is the modeled

height of the first entry in the strip. For a strip of length L,z, = z- %{L8x) -

^^{L8x)^. The first R contributors to the strip are used because these will tend
to have a greater moment arm to amplify the residual error, as compared to strip

contributors that are near the end of the strip. A fixed value of R also places a

maximum limit on the amoimt of kernel processing that occurs on each iteration.

The discontinuity check is somewhat "open loop" in nature because it doesn't

include any verification of the appropriateness of the KF state's characterization

of a strip. The residual error check tends to "close the loop" in the Kalman

accumulation process by testing strip contributors.

Figure 4.6 shows the results of the Strip Formation process operating on a syn

thetic scene having Gaussian noise with cr^ = 0.010 in. To make the presentation

clearer, the strips that were formed along the "floor" of the scene are absent.
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Figure 4.6: Results of Strip Formation in the X direction. The original synthetic

object was contaminated with Gaussian noise having am = 0.010 in.
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4.2.2 Merging Profiles to Form Regions

X- and Y-Strip Formation is a process using adaptive kernels to build two orthog

onal sets of 1-D regions. This profile-based approach has advantages of speed,

accuracy and robustness. However, the Strip Formation process does necessitate

a merging step to form regions with 2-D extent. Strip Formation occurs on-line,

while PRIME is capturing profiles of range data, where Strip Merging is a post

processing step. This merging process is noniterative and yields labeled regions.

Strips quantify smoothness in a given direction. Adjacent strips that are

parallel and side-by-side are merged based on smoothness in the orthogonal

direction. Initially each X-Strip is given a unique region label and the Y-Strips are

then traversed, noting the X region labels that are crossed within the interior of a

Y-Strip.

Evidence of equivalent X region labels is accumulated in an equivalence table,

similar to that used in a connected component analysis [142]. Standard equiva

lence tables are nominally setup as a lower triangular NxN matrix with nonzero

entries for any equivalent labels. Equivalence data stored in the table can be used

to establish a set of labels having the fewest possible members and having the

lowest possible label values. In the RPT formulation, the equivalence table does

not contain binary entries, but rather, the number of occurences that a pair of

region labels have been observed as being equivalent. During the propagation of

equivalent labels, only the maximum entry in each row was used. This technique

benefitted the overall performance of RPT because it limited the growth of 2-D

seed regions somewhat. This was advantageous because it permitted the use of

a true 2-D uniformity criteria to be applied prior to the establishment of final

segmented regions.

In the current version of RPT, X-Strips are merged based on smoothness in

the Y direction. This forms regions denoted by . Experiments have been

performed in which the roles of X and Y were swapped and in which both two
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types of regions Wl^ and , were found and merged. Significant improvements

were not achieved using these variations. For simplicity only the regions are

currently used.

Top View of
X- and Y-Strips

1  Xl J i  A A

x2

L  i L  J V  i I  I

x3 y4

x4 ^ x5 ^ x6

x7 ^ x8
1  1 i  i

xin -►xlZ
xl.l ^ xl4 ^ xlS
x16 ^ xl7 y3 ^ xl8
x19 i
x20

i

T
i

yi Iy2
•►X

Figure 4.7: The orthogonal strip-merging process. Smoothness in the Y direction

is used as a criteria to merge adjacent X-Strips. Only two columns of Y-Strips are

highlighted here, for clearity.

In a simple example. Figure 4.7 illustrates a top view of some strips. Each X

strip has been labeled with an x, designation. Only two columns of Y-Strips are

examined in the diagram, for clearity (strips y\ to j/4). The smoothness in the Y
direction indicated by strip j/2 provides evidence that strips X19 and 2:20 should be

merged. Table 4.1 shows all the merging data provided by these two columns of

Y-Strips.
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Table 4.1: The following equivalences of X-Strips have been found by traversing

the given Y-Strips seen in the example.

Y-Strip Mergeable X-Strips

y\ a;i xi X3 X4 xj xio X13 xie a:i9 ^20

2/2 Xig X20

2/3 X5 Xg Xu Xu X17

2/4 XI X2 X3
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4.2.3 Region Refinement Process

The first two steps in RPT produce relatively large and uniform seed regions.

However, it is not until this region refinement stage that a true 2-D uniformity

criteria is applied. Surface models of the form ̂  = f{x, y) are fit to each region

and are used as the basis for the uniformity criteria.

The membership of points in each region requires refinement in order to pro

duce proper segmentation boundaries and surface approximations. This type of

refinement is necessary particularly when curvature discontinuities are present

(see [35] and section 4.4). When this type of discontinuity is present, local unifor

mity measures are unable to determine the appropriate boundaries for regions.

This is due to the lack of any kind of local discontinuity. These conditions can

produce seed regions that are inappropriate for the final segmentation. Hence

both seed merging and some region modification are required during the region

refinement process. Figure 4.9 shows the processing steps in the RPT algorithm.

Figure 4.8 shows the results of final surface fitting for the object seen in Figure 4.6.

The region refinement process begins by fitting a second order surface to each

region via least squares [157]. The absolute residual error of each point in the

region is then computed and the median of these errors (MdAR) is found. The

median provides a robust measure of the residual error associated with inliers of

a region [36]. This provides a more correct gauge to weight outliers than a mean

absolute residual, for example [150]. The median is computed using a technique

requiring N log N effort [150].

Once polynomial surface models are available for each region, these provide

a means to determine consistency of new points that are considered for inclusion

into a region. Regions are grown at their periphery in an iterative fashion. Regions

are grown one at a time, in order of their increasing MdAR. Each unclaimed pixel

in the range image that is at the boundary of the current region is considered for

inclusion. The consistency of the point is measured by normalizing the absolute
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>

Figure 4.8: Results of fitting a second order surface over a synthetic object using

RPT.
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Initialization

Drive all KFs to steady state.
Initialize all X- and Y-Strips.

Profile Tracking
Acquire SL Profile.
Accumulate Profile into Each Filter.

Check discontinuity threshold for measurement,
initialize new Strip if needed.

Accumulate measurement into filter.
Check residual error of Strip,

initialize new Strip if needed.

Profile Merging
Label interior of each X- and Y-Strip as distinct region.
Tally occurances of mergable X regions based on Y smoothness.
Propagate maximally-equivalent X region labels.
Assign equivalent X region labels, forming initial 2-D seed regions.

Region Refinement
Fit second order surface to each region via least squares.
Find MdAR for each region, split regions with poor residuals.
Drop tiny regions.
Loop twice
Index regions by increasing MdAR.
Grow each region at its periphery into all unclaimed pixels that
maintain consistent curvature. Grow regions with lower MdAR first.

Fit second order sxirface to each region via least squares.
Find MdAR for each region.
Single iteration of reweighted least squares.
Split regions with poor residuals and refit surface.
Drop tiny regions.

Figure 4.9: RPT algorithm. Comments appear in bold.
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fitting error of the point with the MdAR. To be included in a region the normalized

fit error must not exceed a threshold of 5 i.e. a new point cannot vary from the

anticipated height of the region (as predicted by the surface model) by more than

5 times the MdAR.

Once each region has been given a chance to grow to its fullest extent, new

surface models are computed. This is accomplished using least squares and the

new MdARs are foimd, as before. A single iteration of reweighted least squares

is also performed. The Tukey Biweight function is used to reweight each point

(normalized by the MdAR) prior to the least squares fitting [158].

Checks are made on the size of each region during the refinement process so

that very small ones can be eliminated. The MdAR is also checked in order to

judge the overall fit of each region. Regions with poor fits are assumed to span

curvature discontinuites, as discussed above. These regions are split using a 3x3

grid that is sized to the region, resulting in 9 subregions. The new subregions are

fit with polynomial models and the region growing process begins again. This

splitting operation is repeated once.

4.3 RPT Formulation

The form of models used for profile tracking, 2 = f{x),z = f{y) and for

surface approximations z = f{x, y) have been parameterized in a consistent style.

A synergy is present because of this consistency. The mutual benefit arises from

the creation of profile segments which are consistent with the form of the surface

patch model. The formulation of profile and surface models is critical to the

speed, accuracy, stability and robustness of RPT.

To track a profile of the form 2: = f{x), Kalman filters (KF) have been setup

to follow the second order height variations. This involves using a state vector

of the form cfiz
dx dx^

. This formulation is very similar to the tracking of a
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time-domain signal that is modeled with a constant temporal acceleration, but

for the exchange of the independent variable. More details on the Kalman filter

implementation are provided below.

4.3.1 State Space Model of the Measurement Process

A state space system is used to describe the ranging process including noise

sources. The state of this system describes the true object surface. State estimation

reveals the surface curvature in the presence of noise and is achieved using a

Kalman filter. The Kalman state vector is the Kernel-Feature of RPT.

The KF state describes the curvature of an X- or Y-Strip from the perspective

of its endpoint. The state includes the current height and slope of the tangent as

well as the strip's vertical acceleration - which is a constant. This corresponds to a
T

state vector a = dz d^z
dx dx^

. A continuous model of the system with zero noise

would have = 0. In practice, changes in acceleration are due to process noise

= i>{x) which is assumed to have a zero mean and a Gaussian density [145].

The "Process Noise" associated with shape estimation is simply the variation of

surfaces beyond second order curvature. The measurement system, expressed in

terms of a continuous position variable {x), is given by

dsi^x)
dx

= Aa.{x) +

0

0

1

P{x) (4.2)

Zm = Ha(a:) +

0

0

1

w{x) (4.3)
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where

0  1 0

A = 0 0 1

0 0 0

H is the Kalman filter's measurement matrix

(4.4)

H = 1 0 0 (4.5)

and Zm is a height measurement. The measurement noise w{x) is assumed to

be Gaussian with zero mean. This is a standard formulation, but for the spatial

derivatives.

Kalman filters are used to estimate the state of this system. To design the filters,

a discrete form of the above matrices is required along with covariance matrices

for the process noise and measurement uncertainty [144]. The state transition

matrix associated with a sampling period of is

$ = =

1  8x ^Sx^

0  1

0  0

6x

1

(4.6)

The discrete form of the measurement matrix, H, contains the same numerical

values for both the continuous and discrete domains. It is assumed that the

measurement imcertainty remains constant, and because measurements are scalar

heights, the measurement covariance matrix reduces to a scalar variance . The

intensity of the process noise is also assumed to remain constant. This yields a

covariance matrix for the process noise of

Q =

6x^/20 <5xV8 6x^6

8x^/8 8x^/3 8x^/2

8x^/6 8x^/2 8x

(4.7)
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where q is the process noise parameter [145].

There are interesting tradeoffs between the measurement uncertainty cr^ and

the process noise g [144]. Relatively large q values will encourage RPT to track

surfaces closely, but will also permit measurement noise to corrupt strip curvature,

tending to shorten strips due to the residual error limits. Relatively large <7^

discourage the KF from trusting new measurements. This worsens the tracking

ability of the strips, but does reject more noise.

A basis for selecting is available using data foimd during the sensor cali

bration process. As a validity check during calibration, the residual error between

world coordinates and modeled approximations are computed. The mean resid

ual error of the modeling errors is used to approximate am- For tests on synthetic

scenes, cr^ was varied and is reported along with the test results. For tests on real

data am — 0.015 in. The process noise parameter was determined experimentally.

In all tests described herein q = 100. Because of the low sensor noise associated

with SL and a desire for high accuracy, q was chosen proportionally much higher

than am-

4.3.2 The Steady State Kalman Filter

The nominal Kalman filter formulation allows for a number of time-varying quan

tities, such as the measurement matrix, process noise, measurement uncertainty

and state transisition matrix. In RPT these quantities are time iiwariant. Given

this and conditions on observability and controllability of the state, the state co-

variance and predicted state covariance matrices will converge [145]. The Kalman

Gain matrix will also converge a steady state value. This has a significant com

putational benefit which is exploited in RPT Time invariant conditions are also

beneficial because they imply that the measurement uncertainty remains constant,

and this assures that the discontinuity threshold used during Strip Formation can

remain a simple constant.

103



The observability requirement ensures that sufficient state information will

be available to prevent the state uncertainty from becoming unbounded. This

is determined by the measurement and state transition matrices, H and The

controllability requirement guarantees that some process noise will enter each

component of the state vector. This prevents the covariance of any component

of the state estimate from converging to zero [145]. Near-zero estimates of state

covariance limit state changes and reduce accuracies in surface estimates.

Intuitively, it can be appreciated that the observability and controllability

conditions in this measurement system are satisfied. Process variations alter the

state's slope-derivative component and are integrated into each of the other state

components over time (controllability). Also because of the integral relationships

between height, slope and slope-derivative, variations in each state component are

observed through the system's estimated height values (observability). In [145]

the steady state conditions are verified for this type of constant acceleration filter.

In RPT, the nominal formulation for Kalman filter equations are used during

the filter initialization process [145]. A zero measurement is applied to the filter

on successive iterations imtil the various KF matrices converge. Convergence is

monitored by subtracting subsequent Kalman Gain matrices and applying the

infinity norm [149]. After convergence, and Kj are copied for use with the

steady state version of the KF equations. These "stead-state" calculations are

given in Eq. 4.9 through 4.11

Before accumulating a new measurement into the filter, a discontinuity

threshold is applied to test the validity of including zY' in the current strip. The

discontinuity threshold is expressed in terms of the Mahalanobis distance, di, that

describes the distance of the measurement away from the estimate of the current

state [22,145].

<i. = (2r-Hai)^A-l(zr-Ha,) (4.8)

where A is the measurement covariance matrix. For RPT, in steady state, this
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reduces to

d, = (zf - z,flcl (4.9)

where z, is the current height estimate, which is available in the vector containing

the predicted state. The accumulation of a new measurement into the filter

requires only 2 steps in steady state. First, the state must be advanced with

Hi = Hi + Ki(2" - Hai) (4.10)

where, Kj is the Kalman Gain matrix. Second, the state estimate for the next

iteration is found with

Hi+i = $ai. (4.11)

4.3.3 Initialization of the Kalman Filter State

To start a new strip at the ith position, three measurements ^^e

required. A second order curve is traced through these points to determine the
T

. Assuming a constant acceleration and usingfilter's initial state ^ d?-Z
dx dx^

the incremental relationship

2j+l = Zi +

yields an expression for the initial state

dz ^ ^ ^ 2
— 6x + 0.5-;-^(5x
dx i dx

(4.12)

T

dz d^z
^  dx dx^

i

_'3-m _ym

12
(4.13)

26x 6x

Because of the assumption of a constant acceleration, ^ for all i,j

within a strip. Hence the subscripts on the height acceleration terms have been

dropped. A similar procedure is used for the Kalman filters that process data in

the Y direction.

Because three points are needed to initialize the KF state, a profile delay buffer

has been introduced in between the range acquisition and the Strip Formation

stages. This allows the points (2-!}.i, 2,^2) to be readily accessed.
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4.4 Experimental Validation of RPT

Experimental validation of RPT was necessary in order to quantify RPT per

formance. These metrics include speed, accuracy, stability and robustness. A

controlled environment was needed that allowed ground truth to be compared

with processed results. Synthetic scenes provided this type of conditions. Testing

with synthetic data provided a basis for comparison against the analysis of scenes

scanned by a novel Structured Light (SL) testbed that has been designed, built and

calibrated as a part of this study. In order to achieve statistically valid estimates

of performance measures, Monte Carlo analyses [153] were rim in large numbers

with randomly generated scenes.

In the tests reported below a 100x100 grid of range data was generated. Scene

styles varied. Range data was corrupted with both zero-mean Gaussian and

spike noise. The standard deviation {om) of the noise Gaussian was selected to

vary from below that of the SL sensor on the RPT Testbed to well above it. Tests

ramped the Gaussian noise level from a^n — 0.010 to 0.100 inches. The SL sensor

used with RPT does not tjq^ically generate spike noise. Nevertheless, noise spikes

were added to the synthetic data sets to demonstrate the robustness and versatility

of RPT. The probability of spikes occurring in each data set was 5 percent. One

himdred randomly-generated scenes were processed at each Gaussian noise level.

A Signal-to-Noise (SNR) has been used to describe the noise. This was calcu

lated by examining the N contributors to a shape

SJVB=lOlogf;(0,')Vi;«-^r)' db (4.14)
i=l i=l

where zj is the true shape height and z-" is the corrupted value [159]. The SNR

values were dominated by the measurement deviations introduced by spike noise.

The low level Gaussian noise barely effected the SNR values. Hence the SNR is

quoted only once for each group of tests below.
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A single object within a scene was used for performance assessment on each

trial run. Because test runs can have multiple output regions in general, it was

necessary to have an automated means of selecting the proper output region for

comparison with ground truth. This selection was based on centroid location.

The output region with the closest matching centroid was compared to the true

object to assess performance on a given trial. Three measures have been used to

quantify RPT performance:

(1) The percentage of trials with correct number of segmented regions,

(2) The percent error in volume, and

(3) The percent error in centroid location.

The percentage of trials with the correct number of final regions is recorded

under "Percent Trials OK", in the tables. Tables A.l through A.4. Only on trials

with the correct final number of regions were the other performance measures

tallied.

4.4.1 RPT Testing Trials

Tests of RPT have been performed on scenes containing jump, crease and cur

vature discontinuities. Performance with each type of discontinuity has been

examined separately. A jump discontinuity refers to an edge within the range

data having a step change in height. In the first series of tests (see Table A.l)

a planar surface boimded by jump discontinuities was randomly generated in

each scene. The height, width, orientation, location and slope (0.0 to 1.0) were all

randomly selected for the object. Figure A.l illustrates a typical surface in these

tests. The original measurements including spike noise are seen in (a). X- and

Y-Strips are shown in (c) and (d), respectively and the final fitted surface appears

in (d). Note that measurements, strips and surfaces on the "floor" are absent from

these plots.

The second series of tests examined the performance of RPT with a second
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order surface bounded by jump discontinuities. See Fig. A.2 and Table A.2.

The height, width, orientation, and location of these objects were all randomly

selected. Typical measurements, the intermediate and final results are all shown

in the figure.

A crease discontinuity refers to an edge within the range data having a step

change in the orientation of surface normals, but no discontinuity in height. To

study the performance of RPT under these conditions, a V-shaped object was

generated having two planar surfaces that met in a central trough. The height,

width, orientation, location and slope (0.8 to 1.0) were all randomly selected. One

of the two planar surfaces was chosen as a basis for computing the performance

measures for each trial. See Fig. A.3 and Table A.3.

The last style of testing examined performance when segmenting surfaces

bounded by curvature discontinuities [35]. These boundaries have continuous

height and slope with an abrupt change in slope derivative. The objects generated

for these scenes had a curved midsection that smoothly joined two planar sections,

as seen in Fig. A.4. This style of shape is similar to that used in [33]. The object

was randomly positioned in the scene on each trial. The curved midsection was

used to the compute performance metrics, see Table A.4.

4.4.2 RPT Performance Summary

Test results indicate a high degree of robustness, stability and accuracy can be

attained by RPT at high speeds. A total of 4000 trials were run in all. The "Percent

Trials OK" indicates the percentage of 100 trials in which the number of final

segmented surfaces was correct in each style of test. This reflects the degree of

stability of RPT. The low percent error in the centroid and volume calculations

indicate that both accurate and robust results are achievable in the presence of

Gaussian and spike noise. The duration of on-line processing is within frame rate

and has a very low standard deviation, indicating very promising utility for real-

108



time operation. Offline processing for these scenes typically required a couple

seconds or less. Note that the statistics on the various performance metrics were

only collected for trials having the correct number of final segmented surfaces.

The Structured Light sensor developed for use with RPT has a measurement

noise of am 0.010 inches. Consistent performance below a few percent error is

achieved for each type of test, at these noise levels. Performance drops off in a

reasonably linear fashion as the Gaussian noise level increases. This is evidenced

in a gradual increase in the mean and standard deviation of the centroid and

volume errors and in the reduction of the percentage of trials with the correct

number of segmented surfaces

4.5 RPT Testing on Real Data

Figure 4.10: Gray scale images captured from the video camera during the ranging

process. The optical filter normally used during acquisition was removed for

these images, to better illustrate the interaction between the laser plane and object

surfaces. The laser appears as a bright line near the lower part of each image.

Black and white images of each scene are given in Figure 4.10 and processing

results are presented in Figs. 4.11 through 4.14. A variety of scenes have been



Figure 4.11: Measurements and processing results from a SL scan of an blocks

scene. The Measurements, X-Strips and final Fitted Surfaces are shown.

Figure 4.12: Measurements and processing results from a SL scan of a cluttered

scene containing planar and second order surfaces. The Measurements, X-Strips

and final Fitted Surface are shown.
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Figure 4.13: Measurements and processing results from a SL scan of marble

goddess. The Measurements, X-Strips and final Fitted Surfaces are shown.

I

Figure 4.14: Measurements and processing results from a SL scan of a fabric bear.

The Measurements, X-Strips and final Fitted Surfaces are shown.



Table 4.2: Summary of test results on real scenes. Processing parameters for all

scenes were set using am = 0.015 in.

Scene On Line Off-Line Number of Residual Errors

Processing Processing Final Surfaces of Surfaces

(sec) (sec) Min,Max (inches)

Blocks 0.007 3.1 4 0.003,0.007

Clutter 0.007 3.8 5 0.005,0.019

Goddess 0.007 9.0 10 0.009,0.043

Bear 0.007 6.2 11 0.013,0.046

chosen to illustrate segmentation of both geometric and non-geometric shapes.

First, second and higher order surfaces have been included. Note the absence of

noise spikes in the Structured Light data of Figs. 4.11-a through 4.14-a. This is

typical for the PRIME sensor. Processing parameters for RPT were constant for

all scenes and were set using am = 0.015 in. as a basis. In Figs. 4.11 through 4.14,

X- and Y-Strips are shown in (b) and (c), respectively. Final surfaces appear in (d).

Each segmented surface is plotted in a different gray level.

Test results for the four scenes are given in Table 4.2. On-line processing

speeds remained well within video frame rate. The off-line processing speeds are

increased somewhat from the synthetic scenes due to a larger number of surfaces.

The residual error of fitted surfaces is also presented in the Table. To find these

entries, the mean residual error for each surface was computed and the minimum

and maximum of these means is reported. No actual surface roughness data are

known for the objects. However, the variations in texture are relatively large,

comparing the smooth wooden blocks to the fabric bear, for example. These

variations can be seen in the residual fitting errors, to be approximately one order

of magnitude. These tests indicate that RPT works well on both synthetic and
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real data.

4.6 Concluding Remarks

The objective of this research was to develop a robust, stable and accurate ap

proach to range image segmentation, that executes as rapidly as possible. Avail

able techniques demonstrate very good shape characterization abilities, but tend

to be somewhat slow relative to RPT. Extensive testing has shown that RPT ex

ecutes quickly. Tests demonstrated that segmented regions can be computed in

less than 3 seconds, under a wide variety of test conditions. Stable operation was

achieved above 90% of the time in the majority of testing trials.

RPT achieves this performance using an adaptive kernel that is based on

Kalman filtering. This approach allows the RPT processing kernel to become ar

bitrarily large, provided consistency of the underlying surface curvature estimate

is maintained. The large kernel size and nonrigid placement strategy help to im

prove the accuracy of curvature estimation. The use of Kalman filtering provides

a computationally efficient means of modeling second order curvature.

RPT is a novel contribution to the field of range image processing. It meets the

objective in this research for an improved means of adaptive range segmentation.

The objective for improving the computational efficiency of graph matching is

addressed in the next chapter.
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CHAPTER 5

A Direct Method for Graph Matching: Algorithm, Theoretical

Analysis, and Testing t

Of the three points of focus in this dissertation, range segmentation, graph

matching, and calibrated range acquisition, this chapter covers graph matching.

This effort is considered to be important in that it provides a significant advantage

in computational efficiency compared to other methods. The algorithm and

implementation are discussed in detail. A theoretical performance measure is also

analyzed. A significant amovmt of testing was been done to study the performance

of the algorithm under a variety conditions. These tests examined problem size,

the signal to noise ratio of graph properties, various levels of topological noise,

and scene graph complexity.

5.1 Introduction

Object recognition is fundamentally a problem of finding subgraph isomor

phisms in that a (complete) model describes objects in their entirety; in contrast to

an observed object where all features are not typically seen in a single view [22].

Because of its importance to Machine Vision [160], a novel approach to finding

subgraph isomorphisms has been pursued as part of this research effort.

Reported approaches are reviewed in Chapter 2. The spectrum of approaches

This chapter was accepted for publication in Pattern Recognition Journal [29]. It appears herein

in near final form.

114



falls short on options that are able to process subgraphs efficiently. Efforts in

the Discrete Mathematics community have provided some efficient matching

algorithms, but none for strongly-regular graphs and none for the subgraph case.

Efforts in the Machine Vision community focus on subgraphs, but rely on rich

node and edge properties inorder to mitigate the effect of using a low horizon

when analyzing candidate mappings (see Ch. 2).

A novel technique has been developed in this research that is computationally

efficient. It also handles the subgraph case with strongly-regular graphs. Atten

tion has been focused on testing the new technique imder challenging, realistic

conditions. Extensive experiments have been run on artificial data sets that were

generated with a relatively low distinction in the local character of each node.

The simulation tool developed to test the technique serves as a means to care

fully investigate performance imder varying conditions. Tests indicate an ability

to match subgraphs with a 95% success rate. A graceful degradation of perfor

mance has also been documented as topological noise increases, up to the point

of half of the original nodes.

5.2 The Challenge of Determining Graph Isomorphisms

A graph G\ {N, Np, E, Ep) is defined to have the typical nodes (N) and edges

(E) as well as both node properties (Np) and edge properties (Ep). Let and

be two graphs with and nodes, respectively. G'h and are

said to be isomorphic if there exists a mapping which is both one-to-one and

onto that associates the nodes of G^h to G^^l The mapping also must maintain all

adjacencies so that any pair of adjacent nodes in G^h are also adjacent in G^^^ under

the mapping [21]. For object recognition it is also required that both node and

edge properties be maintained by the mapping. The similarity of these properties

must be determined by norms or other measures that are application dependent.
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In object recognition applications, a match between a given graph (a "scene") and

a set of known graphs (a "database") must be found. The reported match is found

using the above norms and a measure of topological similarity.

Subgraph isomorphism is a condition of isomorphism that exists between

two subgraphs. Object recognition is fimdamentally a problem of subgraph

isomorphism [22] in that a database describes its objects in their entirety; in

contrast to an observed object where all features are not typically seen in a single

view. Real scenes also include clutter resulting in a scene graph that contains

extra nodes and edges, beyond a simple subset of database graphs.

It is the amoimt of effort associated with finding isomorphisms that is of

concern in applications. The class of difficulty for the isomorphism problem is

actually not known [21]. However, a brute force approach requires effortO(N!) for

a graph of N nodes. This is reduced somewhat in cases where automorphisms of

a given graph make certain sets of nodes interchangeable while still maintaining

the isomorphism condition [82].

Because ranging sensors are light of sight devices, typically only one side of an

object may be seen in a given view. This necessitates a partial graph match, i.e., the

determination of a subgraph isomorphism. The subgraph isomorphism problem

is proven to be NP-complete [21]. This categorization states that a candidate

solution to a problem can be verified with an amount of effort that is a polynomial

of N. However, no deterministic bounds are given by this categorization for

the amount of effort required to find the correct candidate solution. This class

of problems require a worst-case amount of effort that is of exponential order

O(a^). A factor that increases the number of subgraph matches is the size range

of possible matches under consideration. As the size of matching subgraphs

approaches 1, for example, the number of possible matches (for a single node)

goes to N.

The amoimt of effort associated with isomorphism and subisomorphisms
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would often be considered intractable for many applications. It is because of

this intractibility that this effort provides a significant advancement.

A factor increasing the difficulty of the isomorphism problem is the variation

in degree that is present in a graph. Strongly regular graphs have no variation

in degree and are the most challenging type for finding isomorphisms [81]. The

degree of a node forms a natural classification for nodes. Hence candidate node-

to-node assignments could be primed out based on this feature. Techniques

have been developed using this kind of approach [94] [95] and are reviewed in

Chapter 2.

No existing methods are available that are both efficient and that operate on

regular graphs. Reported techniques also lack any possible extensions for finding

subgraph isomorphisms.

5.3 The DCA Approach to Graph Matching

The novel approach to graph matching is to evaluate evidence describing

the likelihood of a node's predicted attendance in another graph. The evidence

is based on measures that are local to each node. A global verification step

completes the process. In this way, the algorithm performs a Direct Classification

of node Attendance (DCA). The presence of a node in the other graph is viewed

in an isomorphic sense, i.e., there is some node-to-node mapping under which the

matched nodes appear as identical members of their graphs. A node's attendance

in the other graph is rated on a scale 0.0 to 1.0. The evidence that describes

each node characterizes its local structural properties and any node and edge

properties that a graph may possess. After the best matching pairs of nodes are

identified, the nodes of one graph are reordered to allow a side by side verification

of the graphs' similarity.

DCA is superior to other approaches to graph matching because of the "ex-
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tended horizon" concept, introduced in Chapter 2. This refers to the nature

of the comparisons that are performed between two graphs during the match

ing process. Existing techniques evaluate potential node-to-node mappings by

comparing properties in a highly localized fashion, only then properties of the

immediate nodes, their edges, and adjacent nodes (in some cases), are used. The

horizon of these comparisons, is limited to neighboring nodes. In DCA, node-

to-node comparisons use a structural description that describes the local graph

topology up to N/2 nodes away from a node under consideration. Hence in DCA,

the horizon associated with node-to-node comparisons is significantly larger than

that used in existing techniques.

5.3.1 Goals for DCA Algorithm Development

The goals for finding subgraph isomorphisms were driven by the object recog

nition application and by an interest in active vision research [161]. First and

foremost, it was desired to have an efficient algorithm to facilitate integration

with active vision systems. Results which are approximate - either in terms of

accuracy or the size of extracted matches - were acceptable, rather than more

lengthy and potentially more complete analyses. This is consistent with trends in

active vision [117,162,163]. We prefer a rapid examination of a scene followed by

active exploration. Exploration can yield more information about a scene and can

result in the availability of new viewpoints for observations. Achieving a rapid

analysis of a scene is commensurate with this goal of active exploration.

In object recognition it is also very helpful to provide more than just a simple

yes or no answer to the isomorphism question. A node-to-node mapping between

the scene and database graphs is a required final result. The mapping allows the

adjacency matrices and other properties of the two graphs to be compared directly.

Some object recognition algorithms depend on node and edge properties hav

ing a very "information rich" character. Requiring close matches based on these
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"rich" properties greatly reduces the number of mappings that must be consid

ered. Too great a reliance on such characterizations can create problems due to

occlusions and other noise sources. Our goal is to find an algorithm that relies on

the dynamic range of these properties as little as possible. This will provide an

increased noise tolerance and broader applicability.

5.3.2 An Example Object Representation

It is believed that the DCA approach to finding graph subisomorphisms can have

applicability beyond object recognition as in [164], but here, the algorithm will

be presented in this context. To aide this presentation, a specific style of object

representation will be used in the discussion. The representation assumed herein

will be a 21 /2-D relational surface patch model [12]. In general these graphs have

surface shape parameters associated with their nodes. Edges are used to describe

the relative orientation between adjacent surfaces. See Fig. 5.1 for an example of

this type of representation.

In general there are tradeoffs between the overall size of an object's graph and

the fineness of the representation. An example of a finer representation than above

is a winged-edge graph [165]. These include nodes for each surface, surface-edge

and comer. Edges in the graph would have to be redefined accordingly. This

has the advantage of providing a more redundant description of an object and

hence, improving noise tolerance. However this type of representation will also

produce larger graphs which could be computationally prohibitive. These types

of tradeoffs are being examined using randomly generated test cases.

5.4 Comparing Graph Topology Using Connectivity Signatures

The novelty and practical utility of the direct-classification of node attendance

(DCA) approach is derived from an integration of both application-specific data
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Figure 5.1: Example of the 2 1/2-D relational surface patch representation. Scene

on the left contains a cube with 3 visible surfaces, 5,. Node properties on the

right are used to describe these surfaces. Edge properties describe the relative

orientations of the surface normals using a dot product.
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and a topological description as a means for node consistency checks. If the

graphs and are under scrutiny and node n] of G^ and n\ of G^ are being

compared, then the application-specific data includes an examination of the node

properties of n] and the properties of those edges incident to n] and n\, as

well as the similarity of node properties for all nodes that are adjacent to n] and

n\. See Fig. 5.2.
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Figure 5.2: Graph data used when forming the local characterization of nodes.

A vector quantity has been defined to describe local graph topology It is

referred to as the "Connectivity Signature" (CS). Note that this new approach

to graph matching does not attempt to challenge the NP-Complete status of the

subgraph isomorphism problem. Rather, due to the high degree of distinction that

the CS vectors provide, a candidate mapping can be directly identified. However,

the candidate solutions may contain errors in a few percent of experimental trials.

As discussed in the definition of an NP-Complete algorithm, a verification step

(requiring a polynomial amount of effort) is performed.

The extent of the CS vector is variable and DCA's performance has been

studied as fimction of this parameter. If too restricted, not enough Connectivity

information is included for any benefit. If too broad, then problems occur because
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of mismatches in the Connectivity Signatures of the scene and database graphs

that are due to the absence of unobserved nodes in the scene graph.

In general, the extent of the Cormectivity Signature will need to be tuned for

an application. It is largely determined by the expected observability of objects

that is associated with a given sensor. The Connectivity Signature is computed

by forming A"" for 0 < m < Vmaxr where A is the adjacency matrix. An element

Cij"" of A"", describes the number of paths from node i to node j of length m [21].

Vmax determines the extent of the signature. These powers of A are used to form

a data structure called the "A"^ cube" which consists of layers of the matrices A"^.

A^ forms the lowest layer, followed by A^, A^, and so on, up to After each

A^ layer is formed, its values are normalized by dividing through by the smallest

nonzero element in the layer. In this way an element describes the relative

degree of cormectivity from node i to j, when compared against all other paths of

length m.

The Connectivity Signature for n] and nl, i ̂  j, is a vertical column in the A*"

cube above each element of the original adjacency matrix (ai/), denoted by

aij — (5.1)

In this case n- and n] were distinct. A Cormectivity Signature has also been

defined for a single node. This describes the closed paths of various lengths that

include n}. These are denoted by an.

The general approach of DCA is to compare nodes by combining local compar

isons of node and edge properties with the aij Signatures. All node pairs n} and

nj are compared in this fashion to form a total of attendance ratings. Peak

attendance values are identified. Currently this is done by a simple approach

122



that passes over the attendance ratings to find a peak, records this node-to-node

mapping, and repeats until a mapping is found for all node pairs. Matching sub

graphs of the scene and database entry are formed, each of size K < N'^).

The nodes of the scene subgraph are reordered using the attendance peaks so that

n\ and n\ are associated with a peak, as are n\ and and so on.

At this stage all the properties of n • and n} can be directly compared and a

verification step is performed. Thresholds are applied to the difference in node

and edge properties and to differences in the adjacency matrix. All subgraph

nodes are examined in this manner and the worst matching node is removed.

This process is repeated (at most K times) imtil either a null graph exists or until

all properties match suitably well. Any remaining nodes with zero degree are

then removed. Note that if this is compared to a hypothesis-and-test approach

to object recognition, then here only a single hypothesis and a single test are

performed for each database entry.

Good performance of the algorithm was achieved with Vmax ~ Np, where

N — mm(A\ N^), p = 0.25. Values of Vmax in this range are necessary due to the

limited observability of an object that is possible from a given viewpoint. Vmax

is related to Np because path lengths used in the Connectivity Signature need to

be limited in order to provide the best possible match between the database and

expected scene conditions. Note that when forming Connectivity Signatures for

the database, Vmax could be set to N. However, if this same value of Vmax were

used for the scene, then the resulting signatures would be dissimilar because the

subgraph in the scene won't contain all the paths in the database entry. For this

reason the value of Vmax must be limited when the database is analyzed so as to

match the expected scene conditions as best as possible. When DCA is applied to

an isomorphism problem, the Vmax parameter can vary over a broader range with

little effect on performance.
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5.5 Analysis of Connectivity Signatures

CS vectors provide a description of graph topology from the point of view

of a single node. See Figure 5.3. DCA uses the local description provided by

CS vectors to find a node-to-node mapping between two graphs. This section

addresses the viability of using Connectivity Signatures for determining graph

isomorphisms.

column
N

A

row

A

A

Figure 5.3: Connectivity Signature (CS) vectors are formed using powers of the

adjacency matrix, A\

It will be shown experimentally below, in Section 5.11 that the CS vectors have

sufficient descriptive capability to be useful in graph isomorphism algorithms.
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Here, the degree of uniqueness of CS vectors is examined in a more analytical

approach. Using random graphs it will be shown that the expected number of

matching CS vectors that occurs across the space of all random graphs remains less

than one, as the number of nodes becomes infinitly large. From this result it is

concluded that the CS vectors form a useful basis for isomorphism algorithms

in large graphs. Notation and various definitions follow, along with a list of

assumptions. In these analyses, node and edge properties are not considered.

Also, the analysis will be restricted to the case of comparing graphs of the same

size.

The DCA algorithm looks for node mappings n-'' -H- that exhibit exact

matches. The matches are computed using CS vectors, = o, for

example. Valid mappings must have matching CS vectors for the nodes under

consideration, their incident edges, and their adjacent nodes. (See Figure 5.2).

Hence the uniqueness of the CS vectors is critical to the success of DCA finding a

candidate mapping.

5.5.1 Notation and Definitions

Random graphs are typically generated using one of three methods, refered to as

Model A,B and C [82]. Model A will be used herein. It uses a fixed probability

p to determine the occurance of edges in a graph. If p = 0.5 then the random

graph formation process can be envisioned as the flipping of a coin to determine

the existence of each possible edge. Models B and C are used to form graphs with

a set number of edges. Restrictions of this type are not included here.

• Graphs are labelled, i.e., nodes have a fixed identity. The convention used

herein assigns label i to node n,. Labelled graphs are the more intuitively

appropriate type to be associated with isomorphism problems.
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• A Graph has nodes. Superscripts in the style (i) are used to

indicate a particular graph, i.e., G^) is a distinct graph from G'^l

• A Graph G has an x adjacency matrix, A. The adjacency matrix

provides a complete description of graph structure. The connectivity of

node n, is described by the ith row of A.

• A' = A, has elements a^. = i implies that an edge exists between

nodes i and j, a]- = o implies that no edge exists.

• A= = A A has elements a=.. The meaning of ^ j is the number of

paths from node i to node j of length r [21]. The element a^". gives the

number of closed loop paths of length r that include node i.

• The Connectivity Signature, Uij, is an A^ x i vector defined as
T

a' ... a^.
tj tj

• To simplify notation when dealing with two graphs, Gb) and Gb) are con

sidered to have Connectivity Si^atures a,j and 6,j, respectively. In this
convention, 6,, = b' ... 6^

tj tj
dij is also used below to designate the

difference a,j — 6,j.

• A "match" between two Connectivity Signatures, a,j and bij, is denoted

ctii = bij, and occurs if = 6]"^ , Vr.

• p is the probability of an edge occuring in Model A and q — ± — p.

• The degree of a node is equal to the number of edges incident to it.

• A regular graph contains nodes all with the same degree.

• An isomorphic mapping between node i and j is denoted n, -H- rij.
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5.5.2 Assumptions

The following assumptions are used in the derivation below:

• No directed graphs. This implies A = .

• No self loops, this implies, aj. = o, Vi.

• No multigraphs, this implies, a\- = o or i, Vi 7^

• Graphs are large.

• Concerning Model A, p is constant and positive Va,j, i ̂  j.

• The occurance of edges in Model A are assumed to be independent and

uncorrelated events.

• Model A is used to approximate a regular graph having N nodes each with

degree r, p = r N.

• A variation in degree is not assumed to exist in a graph. In fact, graphs

imder consideration in the derivation below may be strongly regular.

• No application-specific colorings for nodes or edges are assumed to be

present.

• An infinite bit width is assumed for the (integer) calculations associated with

CS vectors. The practical implications of this are examined in section 5.6.

5.5.3 Verifying Isomorphisms

When using the definition of A given in Section 5.5.1, there is a one-to-one corre-

spondance between an adjacency matrix and a labelled graph [21]. This permits

an isomorphism to be verified by comparing adjacency matricies element by

element.
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Of course, for this type of verification to be useful and valid, the two graphs

must not only be isomorphic, but must also have the same node ordering. Con

sidered from this perspective, determining an isomorphism can be viewed as a

process of reordering the nodes of one graph to match another. This brings the

brute force N\ level of effort for finding isomorphisms to light, in that there are

N possible rows in which the first node can reside in A, AT — i for the second

node, and so forth.

This method is used for verification in DCA. This verification is "global" in

the sense that all edges in each graph are compared. It is necessary that a global

verification be performed in DCA because the candidate mapping is identified

using a best-case, local, means of comparison. The CS vector differences are local

m nature because they involve the number of paths that begin and end on certain

nodes. Because only the number of paths is considered, these actual routes

provided by the other nodes in the graph is not explicity described within a CS

vector. Furthermore, DCA looks for a best-case correspondance between the

edges of two nodes under consideration. This correspondance isn't necessarily

valid. It is a favorable indication that a given node-to-node mapping might

be correct. Hence, a global verification is required to eliminate the favorable

mappings generated for candidate solutions.

In experimental trials, the favorable nature of the candidate solutions has

not proven to be tolerable provided certain minimum bounds are maintained

on graph size. In section 5.11 it is shown that excellent results can be obtained

(in 100/100 cases) when comparing graphs of the same size and without any

application colorings, provided the graphs have at least 10 nodes.

5.5.4 Invariance of Connectivity Signatures

If CS vectors are to be used in graph isomorphism algorithms then it is necessary

that the vectors be invariant with respect to the ordering, or labeling, of nodes.
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This means that the numerical value of a CS vector can not change when nodes are

reordered. Any useful feature for determining isomorphisms should be invariant

in this manner [81].

Intuitively, it is expected that this would be true. Consider that gives the

number of paths of length r from node itoj. The ordering of nodes in the graph

should have no effect on this, since the number paths is a purely topological

property.

To examine the invariance of the CS vectors, the fundamental operation of

exchanging two labels is considered first. A "label swap" is defined as the ex

change of two labels. In the convention herein, the ith node of a graph has label

i and appears in the ith row (and column) of the Adjacency matrix. A label swap

alters the order of appearence of two rows and two columns of A. A series of

label swaps will modify A to A. In this rearrangement, the {i,j) element of A is

moved to (i, j). The property of invariance dictates that two isomorphic graphs

(such as A and A) have the same Ojj entries, but in a different arrangement. This

must be true for each component of Uij.

The label swap operation can be expressed in terms of pre- and post-

multiplication by an interchange permutation matrix S [148]. As a simple ex

ample, consider post multiplication with an instance of S that exchanges the first

two columns of A.

u  ̂

tl b

tJ b

O 1

1 o

b  u

b  u

^  u

b  u

b  ti

(5.2)

Similarly, the first two rows of A can be exchanged via premultiplying with the
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same matrix

o  1

1 o

n  n tt tt tt

b  b b b b

b  b b b b

JJ IJ IJ H tl

(5.3)

A matrix S that is used to swap the labels k and I can be formed using the rule

Sij

X, i = j and i ̂  k and i ̂  I

1, i = k and j = I

1, i = I and j = k

o, else.

(5.4)

This is equivalent to exchanging rows k and I in the identity matrix [148]. Note

that if S' premultiplies S", and S' = S" then S' exchanges rows in S" yielding

the identity. Hence SS = I. Using two of the S matricies, a single label swap

can be performed by

SAS = A (5.5)

The question of invariance may now be posed as whether or not A*" is strictly

a rearrangement of the rows and columns of A'", i.e., that no changes to the values

in the entries have occurred, only their (i, j) row and column arrangement.

This is easily seen to be true for any power of A. For example.

A = AA = SAS SAS = SAAS = SA'S = A= (5.6)

A-" = AAA = SAS SAS SAS = SAAAS = SA^S = A3. (5.7)

Hence the entries are xmaffected by label swaps.
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The implication of an automorphic mapping can be appreciated when consid

ering the label swapping process. An automorphism is an isomorphic mapping

of a graph onto itself. This means that some non-trivial sequence of label swaps

results in an adjacency matrix that is identical to some initial A, i.e.,

A = S'"' S"AS" -"S' = A. (5.8)

Palmer describes the implications of automorphisms on the combinatorics of the

matching process in terms of group theory [82]. Here, it is only cited that their

existence introduces multiple solutions to the mapping problem. These multiple

solutions are manifested in permutations of A that are identical.

5.5.5 Strategy to Find Degree of Uniqueness of Connectivity Signatures

The viability of OCA hinges on the degree of imiqueness in the Connectivity Sig

natures (CS). This uniqueness is examined in a probabalistic sense using random

graphs [93]. This is accomplished by deriving the expected number of match

ing CS vectors, given all possible random graphs with N nodes. This expected

number of matches is denoted hy An and is shown to be less than 1. Hence,

the conclusion is made that CS vectors form an adequate characterization of local

node topology, and, as such, are useful in finding graph isomorphisms.

5.5.6 Statistical Description of a Connectivity Signature

Model A is assumed for the entries. A class of binary random variables is

defined as a means to generate the entries. An instance of one of these random

variables is denoted by x[.

x' = <
1, edge present at

'  (5.9)
o, no edge present
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The probability density function of aii is

f{x,)=qS{o)+pS{i). (5.10)

Similar classes of random variables Xr are defined for all entries. Expressions

for Xr are developed next, followed by their probability density functions, means

and variances.

The entries in A'' are the sums of products of A' entries

= E (5-11)
A:=i

Hence, a given instance of a; 2 is a sum of products of the x^ entries,

= E11 (5-12)
k=i

Here, x[ and x" are instances of the x^ class of random variables, = 2 and

S*2 « N. denotes a particular instance of an x^ variable. Actually only N — x

pairs of the aji variables are present in the summation above because aj. = o, Vi.

This approximation is used to simplify the expressions below, and is reasonable

because of the assumption that N is large. The entries in A^ can also be written

as the sums of products of A' entries

= E = E (E ( E (5-13)
k=i k=i \l=i ) \m=i /

Thus, the random variable x^ can be written

N / N \ / N \ S3

®3 = E (^E ®>''j [fi = E n (3-14)
A similar approximation for the number of terms in the summation is used here,

giving 53 and — 4. Considering the a-j entries

N /N3 4 \ /N3 4 \ •54, P4

^4 = e En< En< =En^:'' (s-is)
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where and = 8. Examining the trend for the number of terms in the

products, Pr, and in the sums,

Pr = y-' (5.16)

Sr = = N^'-\ (5.17)

The mean, and variance, for a]j can be computed directly
/CC

/(®i) = og + ip = p (5.18)
-CO

< = E{{x, - pj=} = E{x'J - E{x,r (5.19)

and /CO
xl f{x^)dx^ - oq + i" p = p (5.20)

•00

SO

<tI=p-p^ = pq. (5.21)

Note that > o because of the p > o assumption.

Assuming that N is large, the central limit theorem [146] can be used to find the

probability density function of This theorem states that the probability density

function of a sum of a large number of random variables approaches a Gaussian

density. Furthermore, if the N contributing random variables are identically

distributed, having a mean and variance of (p, a-"), then the density function of

the sum will have {Np., No-''). Hence, to find p^ of Xa, the contributors, y^, to

the a; 2 summation

i n i yp (5.22)
must be examined. These have a mean of

E{y,} = E{x'x'[} = E{x[}E{x'[} (5.23)

because of the independence of the a\- entries [146]. Because all instances of x^

have identical densities,

E{y^} = (5.24)
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and by the central limit theorem

/is = Np^". (5.25)

Similarly, for higher powers of A, the contributors j/p have an expected value

«{».}= (5-26)

again, because of the assumption of independence in the entries and because

p is constant Vt, j. This yields a mean of

Pr = SrE{yr} = Srp""' = (5.27)

for elements of the CS vector.

The variance of ajs can also be found using the central limit theorem. The

contributors, y^, to the summation have a variance

< = E{{y.r} - (-EfyJ)" = E{{x[xy} - {p'r (5.28)

The probability density function of y^ = x[x" is needed to evaluate this expecta

tion integral. Because x[ and a;(' are independent and uncorrelated [166]

/(Ps) = /«,<) = /«)/«). (5.29)

This gives

f{x[,x") = q^S(o,o) +pq<5(o,i) -f-pg<5(i,o) + p=<5(i,i). (5.30)

The second moment of y^ can now be foimd

/CO roo
/  (®'i)'(®'T /(®'»®'') dK dx" = 1= p= = p= (5.31)

-CO J—oo

because only the <5(i, i) term survives in this integral. The probability density

fimctions for are formed in a similar manner, having independent (and

identical) functions, /(®'J, multiplied together

/(j/.) = /(®:)---/K). (5.32)
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This is in the form

fiVr) - S{o,... ,o) + (5(o,..., o, i) + f- p^"" ̂ (i,. •., i). (5.33)

Note that only the last term has a delta function in the form rf(i,..., i). This

permits the second moment of yr to be found

«{(9.)°} = £;|(n<') I (5-34)
and because Xi variables only take on binary values

^;|(n»^!'')l = s{nKT} (5.35)
which gives

/CO fOO
... fix';) dx'^ n n n dx-; = p'-'

•00 J —00

(5.36)

again, because only the <5(x,..., 1) term survives the integration. This gives a

variance for of

< = «{(»=)'} - E{y,Y = P'- (p'r = P'Y - P') (5.37)

and similarly, a variance for yr of

< = - EM' = p''- - (?'■')= = p'-'ii - p'-). (5.38)

By the central limit theorem the variance of ®r is

< = E < = -p''') = - p''-) (5.39)

Thus the components of a Connectivity Signature in a random graph have a
Gaussian probability density function with a mean and variance of

Pr = {Npfr/N
(5.40)

tr^ = - pP-)

where Pr — a*""'.
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5.5.7 Probability of Matching Connectivity Signatures

When two CS vectors match exactly the difference

dij — ̂ ij ^ij

must have = o,Vr. The probability of this occurance must now be computed.

Note that the difference of two Gaussian random variables also has a Gaussian

density function. Also, the expected value of the difference of two Gaussian ran

dom variables is the difference of the expected values [166]. Hence the expected

value of the dij vector is zero. The variance of the difference of two Gaussian

random variables is the sum of the variances [146]. So, the variance of dij is twice

that of aij.

The probability that the vth component of dij is zero is found by integrating

the Gaussian density from — i to x.

A, = —^=— r dxr. (5.42)
2\/27r<rr J-1

Because of the relatively high variance, this integral can be closely approximated

by a single ("narrow") rectangle. This yields an upper bound of

A, < ̂  . (5.43)

There is actually a weak correlation between the components of . This is due

to the fact that each component is a sum of products of the same set of random

variables (a;J. To avoid introducing these correlations, the probability. A, that

all d'-j components are zero is approximated by a less restrictive case. Here, the

probability that just the Nth component is zero, = o is used. This gives an

upper bound for A of

1  N
A < = fS 44
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For large N, > o. Simplifying the denominator and maintaining the upper

bound, A becomes

N  N N
A < < (5.45)

y/^{Np)P^ " {Np)P^ (Npy''-''

This gives an upper bound on the probability that two random CS vectors have

identical components.

5.5.8 Number of Connectivity Signatures in All Possible Random Graphs

The number of random graphs (based on Model A) having N nodes is denoted

Gn- It can be found by considering the number of possible adjacency matricies.

The adjacency matrix is symmetric

o * *

o  *

o  *

(5.46)

with a zero diagonal, because there are no self loops. The number of entries in

each row above the diagonal increases sequentially from 1 (in the N — i row) up

to AT — 1 in the first row. Hence there are a total number of distinct entries, is

N-i

En^Y.^

A closed form version of this summation is available [167], giving

N{N - i)
E

(5.47)

i<! =
2

which can be written

E]^ —
N\

2\{N - 2)!
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Because multigraphs are not considered, a\- can only take on the values 0 and 1.

Hence, each of the E]^ entries can take on 2 possible values, giving

G;V = 2^^=2(') (5.50)

For each of the graphs there are [ 2 ) CS vectors. This gives the total number
of Connectivity Signature vectors, Cn

Ctv = fa) G;v = (2) 2^. (5.51)N\ ̂  fN\ ^3)

5.5.9 Expected Number of Matching Connectivity Signatures

Using eqs. (5.45) and (5.51), the expected number of CS vectors that match exactly

is bounded by

N (S) :>(")
n  (5-52)

It is of interest to see if the value oi Aremains less than 1 as AT increases. If

An < 1 then

AT (2)2(0 < (Arp)=''-^ (5.53)
or

-N\N - 1)2^(^-0/= < {Npy''~\ (5.54)
2

Each side of the inequality is positive. This permits ln() of both sides to be taken.

In - + 2 In AT + ]n{N - 1) + N{N - 1) In < 2^"^ In(Arp). (5.55)
2

Taking the limit as AT —>• 00 permits constant terms to be dropped. This gives

2lnAr + ln(Ar - 1) + Ar= In V2 - AHn v/2 < 2^"^ In(Arp). (5.56)

On the left, the ln( AT) terms are dominated by the term, simplifying to

A-= In < 2^-^ In(Arp). (5.57)
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This is expressed in the form

gh < g'h' (5.58)

where g — 7V=, h = ]n y/s and g' = 2^"', h' = In(Arp). Note that g, h, g' and

h' are all positive and hence the inequality of Eq. 5.57 is true because g < g' and

h < h'.

This shows that the expected number of matching CS vectors is less than 1 for

large N. This implies that CS vectors have a relatively high degree of uniqueness,

in a probabalistic sense. Hence, it is concluded that CS vectors are a practical

means for identifying candidate solutions to the isomorphism problem.

5.6 Factors Effecting A Practical Algorithm

The above derivation assumed that the CS vectors could be computed and

compared using exact arithmetic. The actual calculations can be accomplished

using integer arithmetic, which would nominally support exact calculations, but

for bit width limitations. To examine this limitation, the worst case type of graph

is considered - this is a fully connected graph, with a\- = 1, Vi ̂  j. So, for i j,

"h = E = N - 1 « AT (5.59)
k=i.

and

"l = E <"11 = 'VCJV - i)= K N' (5.60)
A;=i

= E "Wt, = - 1)1' « JV' (5.61)
k=:i

hence the recursive relationship

a'.f' = Nia'-.y ,r>3
t] \ I]

a=. = N-x
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This result is quite similar to the mean value found for CS vector elements given

in Eq. 5.40, but here p = i. These entries grow quite rapidly, when compared to

the integer precision of standard machines. For example,if N = 5, the worst-case

entry is 2^4 which is beyond the bit width of typical machines. Even having

p = 0.5 doesn't help, the standard bit width is still exhausted before N = 6.

Because integer arithmetic cannot be used for the CS vectors, the powers of A

must be computed using floating point operations. The limited precision of these

calculations can be modeled as a noise source [168] which will add to the variance

of the CS vectors. This necessitates the use of a norm to measure the magnitude

of the difference dij.

There are serveral considerations that must be taken into accoimt when defin

ing this norm. The components having larger values of r tend to have much

larger numerical values, as seen by the trend in Eq. 5.62. This will tend to cause

the entries associated with larger values of r to "overwhelm" the norm. Here the

aj. entries are normalized for each value of r.

Another factor arises when node and edge properties are introduced into the

isomorphism problem. In this case, norms describing the similarity of these

properties must be combined with the CS vector norms. These norms were setup

to produce values between o and 1. This allowed a variety of mechanisms to be

studied for combining the similarity measures.

5.7 DCA Algorithm

Steps in the DCA algorithm are presented below in pseudocode.
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Subgraph Formation Stage
Compare each pair of nodes in each graph
l)For each node of n • of G':
2)For each node of nl of G^:
Compare edges incident to current nodes
3)For each edge ej incident to n n:
4)For each edge ef incident to np
4a)Compare connectivity of ap with
4b)Compare adjacent nodes' connectivity of with af,
4c)Compare edge properties of e] with ef
4d)Compare adjacent nodes' properties of nj with nf
4e)Combine results of (4a) to (4d) via lOP

3a)Save comparison of best matching edges and adjacent nodes
Compare current nodes
2a)Compare connectivity of a■■ with alk
2b)Compare node properties of n • with nl
Find similarity of current nodes
2c)Combine (3a) (2a) and (2b) to form attendance rating of n] to nl

Form matching subgraphs
5) Find peaks of attendance ratings to define mapping from all n ■ to
6) Form subgraphs and using node pairs n] and n| with
attendance ratings above threshold T
7) Use node-to-node mapping to reorder nodes in g"^ such that nj maps
to nl, nl maps to n^, etc

Subgraph Verification Stage
8) Eliminate nodes with poorly matching Np
9) Eliminate nodes with poorly matching Ep
10) Eliminate nodes with poorly matching A'

In step (6) the subgraphs gr' and g' of G' and G^ respectively are formed by
applying the threshold T to the attendance ratings in order to find "significant"

node pairs. A value of 0.5 was used for T in all the tests reported herein.

In steps (4c), (4d) and (2b) node and edge properties are compared. These

methods of comparison are application-dependent. In these tests, node and edge

properties were all scalars. A pair of scalar properties (a,b) were compared using

141



the relationship

1.0/(1.0 + |a — 6|) (5.63)

where 11 denotes absolute value. Connectivity Signatures are compared in (4a),

(4b) and (2a). Two signatures (c,d) are compared in a similar means using

1.0

^
V
' max

 1.0/(1.0 + |c''— d^l). (5.64)

The selection of the methods used to combine evidence in (4e) and (2c) is

critical to achieving good performance with DCA. See Fig. 5.4. No optimal

means for combining evidence is claimed to have been foimd. Experiments have

been performed using various methods, such as the Independent Opinion Pole

(lOP), Linear Opinion Pole, Harmonic Opinion Pole [169] and Theory of Evidence

(TE) [170]. Combinations of these techniques have also been attempted. Bayesian

classifiers [156] were used to combine the results of multiple techniques, however

this did not appreciably impact final results.

When analyzing subgraphs, the method that appeared to work best used TE

= 1.0 — (1.0 — sJ(i.o — S2) (5.65)

where and are attendance ratings and Sds is a combined value. When

analyzing full-sized graphs in an isomorphism problem, TOP

^iop — ^2 (5.66)

worked well. This mode switch was required at step (2c) when combining the

evidence associated with neighboring nodes with the current nodes. The two

modes of operation are indicated in Fig. 5.4 by the split circle. The unlabeled

arrows in the figure represent data flows of attendance ratings. The circles indicate

an operation taking place that combines attendance values.
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Figure 5.4: Steps involved in node classification. Unlabeled arrows describe data

flows of attendance ratings. Circles indicate operations where attendance ratings

are combined.
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5.8 Performance Metrics for DCA

Several performance measures have been established for DCA that allow test

conditions to be evaluated and parameters to be adjusted. Fig. 5.5 shows a

histogram of attendance ratings for nodes that were members of present and

absent subgraphs. Dual data sets are plotted with pairs of light and dark bars

on the same scale. This "dual histogram" has left (darker) entries that describe

the attendance of nodes belonging to database graphs that were absent from the

scene. The right (lighter) entries describe the attendance of nodes that belonged

to database graphs that were present in a scene. Nodes of these two categories

are referred to as "present" and "absent" nodes.

As seen in the histogram, absent nodes tend to rank lower and present nodes

rank higher on the scale. The segmentation of nodes is not perfect in the case

of subisomorphisms. Note the subset of absent nodes that rank high on the

scale. It is believed that this is somewhat unavoidable because these entries

represent single node subisomorphisms, which seem to occur relatively often. The

verification step that completes DCA processing eliminates these nodes from the

final subgraph by comparing the reordered adjacency matricies. This enforces a

global connectivity check which is above and beyond the requirement of matching

local properties.

Examining the dual histograms is not always a certain indication of DCA's

ability to recognize objects. It can give a rough indication. In full-size isomor

phism problems, the segmentation is very good - see Fig. 5.6 - and recognition

success rates have been benchmarked at 100 out of 100 cases. Also note that this

test case had a dynamic range of zero for the node and edge properties, and was

run on strongly-regular graphs. The matching in these tests was achieved solely

via the Connectivity Signatures.

Another benchmark of DCA's performance is the size of matched subgraphs.
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Figure 5.5: Dual histogram of attendance ratings recorded in a subisomorphism

problem. Entries for present nodes are given by the lighter (right) bars. Entries

associated with absent nodes are indicated with the darker (left) bars. Present

and absent nodes are segmented using the attendance rating. Dichotimization

is sufficient given such a distribution, provided the global verification step is

performed to complete DCA processing.
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Figure 5.6: Dual histogram of the attendance ratings in an isomorphism problem.

Note the dichotimization is significantly improved over the subisomorphism case.

These data were recorded from a test with node and edge properties having a zero

dynamic range and with strongly-regular graphs.
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Fig. 5.7 shows a histogram of these sizes on tests involving database graphs with

30 nodes and a single scene graph having 15 nodes. These 100 trials had a mean

subgraph size of 10.7 and standard deviation of 2.3 nodes. A metric is needed

to determine the best match between the scene contents and database entries.

Subgraph size has been weighted by a norm measuring the closeness of node and

edge properties for this final quality measure.

OecuriBeas

1.00 3.00 5.00 7.00 9.00 11.00 13.00 15.00

Bubgnpb Mif

Figure 5.7: Histogram of subgraph size. This test involved database graphs

with 30 nodes and a single scene graph having 15 nodes. This subisomorphism

problem had a mean ± standard deviation of 10.7 ± 2.3 nodes.

During testing each node of each graph in the database was assigned a unique

name tag for use as a final check of correctness. The percentage of correct name

tags was also tallied as a performance measure. Unfortunately random subgraph

automorphisms do exist in this type of testing, and the name tags flag automor

phisms as an error, despite perfectly matching topologies and all other properties.

Fig. 5.8 shows a histogram of the fraction of correct labels in the case described
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above. The mean ± standard deviation of this metric in the test case cited above

was 98 ± 5%.

OccuranoM

0.0 0.1 0.3 0.4 0.5 0.7 0.1 1.0

VractiOD of Correct Labola

Figure 5.8: Fraction of correct labels. This test involved database graphs with 30

nodes and a single scene graph having 15 nodes. The mean ± standard deviation

of correct labels was 98 ± 5%.
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5.9 Computational and Memory Requirements for DCA

The effort required for each database examination is 0{N^) for graphs with N

nodes. Loops (1) and (2) in the algorithm have an upper limit of and Nd. Loops

(3) and (4) have a limit determined by the shape complexity of objects, which is

not a function of Nd because of the strongly-regular graphs. Hence, the limit on

loops (3) and (4) is determined by the mean degree of the nodes. Comparing the

Connectivity Signatures requires effort 0{Vraax)- Overall this yields an 0{Ns Nd

Vmax) which is 0{N^).

The A'^ Cube must also be generated for each scene. This is an 0{N'^) oper

ation, but is only done once, prior to the database examinations. DCA requires

0{N^) memory for the A'" Cubes.

5.10 DCA Testing Methodology

Test parameters have been designed to reflect conditions in an object recog

nition scenario as closely as possible, while still permitting the use of randomly

generated cases that could be run in large numbers. This section discusses how the

test conditions were derived and presents the testing procedure in a step-by-step

manner.

5.10.1 Relation of Test Conditions to an Object Recognition Scenario

One test parameter is the fraction of a database graph that is observable in a

scene. Consider a rectangular solid for example, most viewpoints reveal 1 /2 of

its surfaces. Certain views can restrict the fraction down to 1 /6. Hence most tests

were performed with randomly generated subgraphs that were half the size of

their original database versions.

The amoimt of interconnectivity in a graph was an important test parameter.
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As discussed above, strongly-regular graphs are the most appropriate for object

representation. All tests were performed with this type of graph. Note that a

graph which has precisely the same number of edges incident to each node can not

exist in all arbitrary cases [21]. Hence an algorithm was written to generate graphs

that are strongly-regular (or almost regular) by simply adding edges randomly

between any nodes that are below a given degree. This generated graphs rapidly

and maintained the near regular condition. The graph in Fig. 5.9 was generated

using this method.

Figure 5.9: An example of a randomly generated database entry. This graph is

strongly-regular, each node has degree w 4.

Another important parameter that affects the applicability of the test results

is the dynamic range of node and edge properties. In some applications node

properties can be made quite rich involving various shape parameters, texture

or color, and so forth [59]. This sort of node property would likely be a vector
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quantity. Only scalar integer quantities were considered here. This was in an

attempt to keep the tests challenging. In most tests a dynamic range of 4 was

used for both node and edge properties. This can be thought of as a set of objects

having surfaces with 4 distinct shapes, for example. This includes all possible

colorations, textures, shapes and sizes. The dynamic range of edge properties

can be envisioned as 4 discrete relative orientations between adjacent surfaces. In

a 2-D application involving the matching of features between two images [113],

edge properties could be used to describe the North, South, East or West relative

locations. These values were selected with the assumption that most machine

vision applications would have properties with at least this much dynamic range.

The noise level added to each node and edge property during the simulated

sensing process was also varied. Flat noise with zero mean was added to each

node and edge property. A noise peak of 0.25 was typically used. This corre

sponded to a +/-12.5% peak variation away from the ideal values stored in the

database.

5.10.2 Testing Procedure

The individual steps in the testing process are described in Fig. 5.10. Each trial

consists of 100 cases, begirming with the generation of a database of objects. A

number of database entries were randomly selected to be scene contributors.

A subgraph was formed for each of these by randomly dropping nodes. The

node ordering was then randomly perturbed and a scene constructed using all

contributors. Topological noise was added by placing random interconnecting

edges between the scene contributors and by adding spurious nodes. DCA then

compared the scene against each database entry. The best matching database

entry was retained as the final selection.

Fig. 5.11 shows a scene constructed from a single object's subgraph. Four ad

ditional noise nodes were added to the scene to represent the effect of background
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Figure 5.10: DCA testing procedure. Typically 100 trials were run for each set

of test conditions. Each trial involved the random generation of databases and

scenes. Both topological and property noise were then added. Three performance

metrics were used for benchmarking.
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clutter. The topological noise can be seen in the 4 edges that connect the central

nodes to the 4 peripheral (noise) nodes. Fig. 5.12 has two contributing subgraphs,

8 outlying nodes, and 4 interconnecting edges between the database contributors.

In both of these scenes, subgraphs had 1/2 the number of nodes of their original

database versions.

Figure 5.11: A scene graph generated from randomly selected database contrib

utors. This scene is composed of a single subgraph with some added topological

noise that can be seen in the 4 edges that cormect the central nodes to the 4

peripheral nodes.

5.11 Experimental Verification: Results and Implications

Extensive simulations of the recognition process have been completed and

results follow. These tests have been performed in an abstract graphical domain.
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Figure 5.12: A scene graph formed from 2 database contributors. Excess nodes

and edges are present.
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Hence, the physical location and orientation of object features were not part of

the testing process. For this reason tests on pose determination have not been

completed. All tests were run on a Silicon Graphics Indy2 workstation that had a

100 MHz R4000 RISC processor with an R4010 floating point unit. Tests were run

at normal priorities and in a multi-user environment.

Tables are used to present the test conditions and performance measures below.

An explanation of the table headings follows.

• "D/S Number of Graphs" in the first column designates to the number of

graphs in the database and scene, respectively.

• "D/S Size of Graphs" gives the size of graphs in the database followed by

the size of each subgraph contributor to the scene.

• "Excess N/E in Scene" are the number of extra nodes added to each scene

and number of extra interconnecting edges added between each subgraph

contributor.

• The "Rate Hz" is the average rate at which each database entry was exam

ined in Hertz. Note that some preliminary processing was necessary for the

scene graph. This was only performed once for each scene. For graphs of

these sizes this required less than one second and is not included in these

figures.

• "% Correct Selection" is the percentage of trials in which correct database

contributors were selected. All tests were performed with 100 trials.

• "Subgraph Size" gives the mean ± standard deviation of the size of the

extracted subgraphs. These subgraphs were reduced in size until all prop

erties and topologies of the scene and database matched within specified

tolerances.
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Table 5.1: Summary of test results when matching full-size graphs. The graphs in

these tests had no node or edge properties, no property noise and no topological

noise. All graphs were strongly-regular with degree w 4. Performance was

maintained at nearly 100%, provided the graph size was above ̂  10.
D/S Number D/S Size Excess N/E Range, Noise Rate % Correct Subgraph Size % Correct Tag

of Graphs of Graphs in Scene N/E, N/E Hz Selections Mean ± Std.Dev. Mean ± Std.Dev.

8/1 10/10 0/0 0/0, .O/.O 34.3 97 10.0 ±0.0 75.6 ± 26.1

8/1 16/16 0/0 0/0, .O/.O 9.5 100 16.0 ± 0.0 99.5 ± 3.0

8/1 20/20 0/0 0/0, .O/.O 2.6 100 20.0 ± 0.0 99.8 ± 1.4

8/1 24/24 0/0 0/0, -O/.O 27 100 24.0 ± 0.0 99.7 ± 1.6

8/1 30/30 0/0 0/0, .O/.O 1.3 100 30.0 ± 0.0 100.0 ± 0.0

8/1 40/40 0/0 0/0, .O/.O 0.4 100 40.0 ± 0.0 99.9 ± 0.7

• " % Correct Tag" is the percentage of correct name tags present in the matched

subgraphs. The name tags imiquely identify each node of each graph in the

database. This performance measure is also given in mean ± standard

deviation form.

5.11.1 Tests Using DCA to Find Full-Sized Isomorphisms

DCA's yielded the best performance on full-sized isomorphism problems. To

emphasize this a series of tests were nm having a zero dynamic range for node

and edge properties. Here, only the Connectivity Signatures were available as a

means to determine node attendance. Table 5.1 show a correct database selection

rate of 100/100 and a full sized matching subgraph in all tests. The percentage of

correct name tags was not totally perfect. This is due in part to automorphisms

which are more prevalent imder these test conditions because the lack of node

and edge properties makes nodes less distinctive. In all tests Vmax = Ns/2.0 and

lOP was used to combine evidence. The number of nodes ranged from 10 to 40

in these tests.
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Table 5.2: Summary of test results examining effect of subgraph size. These

results indicate that at least half of the graph should be retained given these size

D/S Number D/S Size Excess N/E Range, Noise Rate % Correct Subgraph Size % Correct Tag

of Graphs of Graphs in Scene N/E, N/E Hz Selections Mean ± Std.Dev. Mean ± Std.Dev.

8/1 30/10 4/4 4/4, .25/.2S 11.9 64 4.3 ± 1.9 91.4 ± 18.3

8/1 30/15 4/4 4/4, .25/.25 6.8 99 11.2 ± 2.3 %.9 ± 5.6

8/1 30/20 4/4 4/4, .25/.25 4.6 100 17.7 ± 1.6 98.9 ± 3.1

8/1 30/25 4/4 4/4, .25/.25 2.9 100 22.7 ± 1.4 99.9 ± 1.1

5.11.2 Tests Using DCA to Find Subisomorphisms

DCA's performance on subisomorphisms has been tested imder a variety of con

ditions. These are grouped into two categories for clarity. The first examines

size-related parameters and the second looks at effects associated with node and

edge properties and with noise.

Problem Size Effects

Graph size and the number of graphs are important factors affecting performance.

In general graphs need to be sufficiently large before the Connectivity Signature

attains a sufficient character to help distinguish nodes. This can be seen in Ta

bles 5.2 and 5.3, as well as in the tests on full-sized isomorphisms above. The

fraction of nodes present in a scene subgraph was varied in Table 5.2. Changes in

this fraction correspond to varying occlusion levels or to varying sensor capabil

ities.

All tests were rvm with 8 database graphs and 1 subgraph in each scene.

The size of graphs in the database was fixed at 30 nodes. In all cases Vmax was

set using the ceiling function V^ax = ceil{Ns/4.0). TE was used to combine

evidence describing the node attendance. These results indicate that at least half
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Table 5.3: Summary of test results examining effect of graph size. Perfomance

degrades as the graph size decreases due to the reduced information present in

the Connectivity Signature.
D/S Number D/S Size Excess N/E Range, Noise Rate % Correct Subgraph Size % Correct Tag

of Graphs of Graphs in Scene N/E, N/E Hz Selections Mean ± Std.Dev. Mean ± Std.Dev.

8/1 20/10 4/4 4/4, .25/.25 15.0 95 7.2 ± 1.7 95.3 ± 12.0

8/1 24/12 4/4 4/4, .75/.25 11.7 98 9.0 ± 2.0 94.5 ± 10.0

8/1 36/18 4/4 4/4, .2S/.25 4.2 99 13.8 ± 2.6 97.7 ± 5.0

8/1 40/20 4/4 4/4, .25/.25 3.3 99 14.7 ± 2.8 96.0 ± 6.5

Table 5.4: Summary of test results examining effect of the number of database

elements. Most performance measures remain fairly constant except for the per-

centage of correct database selections.
D/S Number D/S Size Excess N/E Range, Noise Rate % Correct Subgraph Size % Correct Tag

of Graphs of Graphs in Scene N/E, N/E Hz Selections Mean ± Std.Dev. Mean ± Std.Dev.

4/1 30/15 4/4 4/4, .25/.25 7.0 99 10.9 ± 2.3 %.4 ± 6.4

8/1 30/15 4/4 4/4, .25/.25 6.2 99 11.2 ± 23 96.9 ± 5.6

16/1 30/15 4/4 4/4, .25/.25 6.8 96 11.4 ± 2.0 95.7 ± 7.2

32/1 30/15 4/4 4/4, .25/.25 7.2 93 11.3 ± 2.1 96.1 ± 7.3

64/1 30/15 4/4 4/4, .25/.25 7.3 90 11.8 ± 2.0 97.5 ± 6.4

of the graph should be retained under these conditions.

The effect of graph size is examined in Table 5.3. This effect is important

because of its implications to object representation and on overall computational

effort. Given these test conditions, it appears that a winged-edge graph may

be appropriate for applications that involve relatively simple objects. In this

representation a cube has 26 nodes. Vmax and TE were used as above.

When a large number of graphs are present in the database the recognition

process becomes more challenging because of the additional potential matching

subgraphs that are available. Results in Table 5.4 indicate that most performance
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Table 5.5: Summary of test results examining effect of Vmax- Values for the Vmax

parameter are given in the second column. A value of 1 is trivial in the sense that

no additional information is included in the Connectivity Signatures beyond that

of the original Adjacency matrix. The need for the Connectivity Signature can be

seen by the jump in correct database selections that accompanys nontrivial Vmax

extents. In all other testing Vmax = ceil{Nsl^.o).
D/S Number D/S Size Excess N/E Range, Noise Rate % Correct Subgraph Size % Correct Tag

of Graphs and Vmax in Scene N/E, N/E Hz Selections Mean ± Std.Dev. Mean ± Std.Dev.

8/1 30/15,1 4/4 4/4, .25/.25 8.9 8 2.0 ± 0.0 56.2 ± 46.4

8/1 30/15;; 4/4 4/4, ,25/.25 8.1 96 11.6 ± 2.6 97.6 ± 6.1

8/1 30/153 4/4 4/4, .25/.25 7.3 96 11.8 ± 2.4 95.8 ± 8.3

8/1 30/15,4 4/4 4/4, .25/.25 7.0 99 11.2 ± 2.3 96.9 ± 5.6

8/1 30/153 4/4 4/4, .25/.25 6.4 100 10.7 ± 2.3 98.0 ± 4.9

8/1 30/15,6 4/4 4/4, .25/.25 6.0 100 9.0 ± 2.6 98.6 ± 6.7

8/1 30/15,7 4/4 4/4, .25/.25 5.6 99 7.0 ± 2.6 99.5 ± 3.0

8/1 30/153 4/4 4/4, .25/.25 5.1 89 4.7 ± 2.1 99.8 ± 1.5

measures remain fairly constant except for percentage of correct database selec

tions which dropped slightly to 90% when 64 database entries are present. These

tests begin to give a feeling for the discriminatory ability of DCA. An applica

tion requiring many dozens of database objects may need to have an increased

dynamic range for its node and edge properties, than the ranges used here.

The optimal choice for the Vmax parameter is related to size, so these tests have

been included here. Vmax parameter determines the extent of the Connectivity

Signature. As seen in Table 5.5, performance peaks in the range 4 < Vmax < 6.

The best choice of Vmax and other parameters will be largely application-

dependent. The relative importance of subgraph size vs. correct database selec

tion, vs. correct node mappings will vary between applications. In all other tests

reported herein Vmax = ceil{Ns/4.0).
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Table 5.6: Summary of results examining effect of the number of subgraphs

present in scene. The percentage of correct name tags suffered a significant

drop off here. These incorrectly matched nodes would have to be identified and

removed during the pose determination process.
D/S Number D/S Size Excess N/E Range, Noise Rate % Correct Subgraph Size "/u Correct Tag

of Graphs of Graphs in Scene N/E, N/E Hz Selections Mean ± Std.Dev. Mean ± Std.Dev.

8/1 30/15 4/4 4/4, .151.15 6.8 99 11.2 ± 2.3 96.9 ± 5.6

8/2 30/15 4/4 4/4, .25/.25 3.1 98 10.1 ± 1.9 87.1 ± 12.5

8/3 30/15 4/4 4/4, .25/.25 1.8 94 10.0 ± 2.0 78.2 ± 16.6

8/4 30/15 4/4 4/4, .151.15 1.2 98 9.9 ± 1.7 74.4 ± 16.8

Another size-related issue is the number of subgraph contributors to each

scene. In Table 5.6 performance metrics remain reasonably consistent, except for

the percentage of correct name tags. This had a rather serious drop off, down to

« 75% for scenes with 4 subgraphs. It should be possible to mitigate some of the

effects of this degredation during the pose determination stage. At this point the

residual error of each node's physical location can be computed and outliers can

then be removed.

Evaluation of Dynamic Range and Noise Effects on OCA Performance

The dynamic range of node and edge properties has a very direct impact on

performance because of its ability to improve the local characterization of nodes.

Various combinations of node and edge ranges are presented in Table 5.7. Albeit,

this is a tiny sampling of the span of all possible cases, it appears that the range of

edge properties needs to be > 4 until the range of node properties becomes > 16.

Note the poor results when the edge range drops to 0. Here also, the subgraph

size increases above the true size of the contributor. This is consistent with the

poor percentage of label matches in these cases.
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Table 5.7: Svimmary of test results examining dynamic range of node and edge

D/S Number D/S Size Excess N/E Rar\ge, Noise Rate % Correct Subgraph Size % Correct Tag

of Graphs of Graphs in Scene N/E, N/E Hz Selections Mean ± Std.Dev. Mean ± Std.Dev.

8/2 30/15 4/4 4/2, .25/.25 3.0 78 10.2 ± 1.9 75.6 ± 18.6

8/2 30/15 4/4 4/4, .25/.25 2.5 98 10.1 ± 1.9 87.1 ± 115

8/2 30/15 4/4 8/0, .25/.a 3.3 91 18.7 ± 2.4 46.5 ± 14.6

8/2 30/15 4/4 8/2, .25/.25 3.3 97 11.1 ± 1.8 87.2 ± 13.1

8/2 30/15 4/4 8/4, .25/.25 3.3 99 11.5 ± 1.9 95.2 ± 9.0

8/2 30/15 4/4 16/0, .25/.0 33 94 15.5 ± 2.2 70.8 ± 12.6

8/2 30/15 4/4 16/2, .25/.25 3.2 100 12.2 ± 1.6 94.6 ± 7.9

8/2 30/15 4/4 16/4, .25/.25 3.2 100 112 ± 1.4 98.1 ± 4.5

8/2 30/15 4/4 16/8, .25/.25 3.1 100 12.2 ± 13 98.7 ± 4.0

The results of tests adding noise to node and edge properties were interesting.

A gradual decline in performance can be seen in Table 5.8 as the noise took on

larger values, as expected. The low noise cases were suprising. Note the severe

drop off in performance with zero noise. In applications with very low property

noise, a weighting scheme may have to be introduced to reduce the effect of

property comparisons when forming the attendance ratings.

The effects of topological noise shown in Table 5.9 were not as severe as the

cases presented in Table 5.6 where additional scene graphs were added. Increasing

the number of scene graphs has a much greater influence on the scene's topology

than the noise introduced here.

5.12 Concluding Remarks

The objective of this research effort was to develop a subgraph isomorphism

algorithm that will work well in object recognition applications. Current tech

niques for shape-based recognition are typically quite time consuming and can

have undesirable tradeoffs in speed vs. accuracy. DCA can meet the computa-
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Table 5.8: Summary of test results examining noise in node and edge properties.

Results are fairly consistent across the span of noise intensities, except in the

extreme cases.

D/S Number D/S Size Excess N/E Range, Noise Rate % Correct Subgraph Size % Correct Tag

of Graphs of Graphs in Scene N/E, N/E Hz Selections Mean ± Std.Dev. Mean ± Std.Dev.

8/1 30/15 4/4 4/4, .O/.O 7.0 16 2.8 ± 1.0 57.9 ± 41.9

8/1 30/15 4/4 4/4, .05/.05 6.8 95 7.3 ± 2.6 97.9 ± 6.4

8/1 30/15 4/4 4/4, .lO/.lO 6.8 94 11.9 ± 13 96.8 ± 53

8/1 30/15 4/4 4/4, .15/.15 6.8 95 11.9 ± 2.2 96.4 ± 5.8

8/1 30/15 4/4 4/4, .2D/.20 6.9 99 11.6 ± 2.3 %.8 ± 5.6

8/1 30/15 4/4 4/4, .25/.25 7.0 99 11.2 ± 13 96.9 ± 5.6

8/1 30/15 4/4 4/4, .30/30 7.0 100 10.6 ± 2.5 96.9 ± 6.7

8/1 30/15 4/4 4/4, .35/.35 6.9 99 9.9 ± 2.7 97.1 ± 7.1

8/1 30/15 4/4 4/4, .40/.40 6.9 97 9.4 ± 2.8 96.6 ± 8.4

8/1 30/15 4/4 4/4, .45/.45 6.7 97 83 ± 19 97.7 ± 6.0

Table 5.9: Summary of tests examining addition of topological noise. The topo-

logical disturbances associated with multiple scene graphs is more severe than

the noise in these tests.
D/S Number D/S Size Excess N/E Rai^e, Noise Rate % Correct Subgraph Size % Correct Tag

of Graphs of Graphs in Scene N/E, N/E Hz Selections Mean ± Std.Dev. Mean ± Std.Dev.

8/1 30/15 0/0 4/4, .25/.25 9.0 98 9.5 ± 2.7 97.8 ± 6.9

8/1 30/15 2/2 4/4, .25/15 83 98 10.5 ± 13 97.6 ± 6.3

8/1 30/15 4/4 4/4, .25/.25 7.2 99 11.2 ± 23 96.9 ± 5.6

8/1 30/15 6/6 4/4, .25/.25 6.7 98 11.3 ± 12 95.8 ± 9.5
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tional demands associated with an active sensing paradigm.

The DCA approach evaluates evidence describing the likelihood of a node's

attendance in another graph. The evidence is based on node and edge properties

and on a local Cormectivity Signature. Peak attendance values are identified

to form a node-to-node mapping and a global verification step completes the

process. After the best matching pairs of nodes are identified, the nodes of one

graph are reordered to allow a side by side verification of the graphs' similarity.

Attention has been focused on testing DCA under challenging conditions. Test

cases included both topological and feature noise. DCA produced good results

in over 95% of test cases and under a wide variety of conditions. These results

indicate that DCA has potential in a variety of applications, particularly due to

the low reliance on the dynamic range of node and edge properties.

This concludes the discussion of the third of three novel contributions made

in this dissertation. The next chapter covers the motivation and implementa

tion of an integrated framework. Testing of individual components within the

framework is discussed, as well as integrated testing.
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CHAPTER 6

Integrated Framework and System Implementation

At this point each of the main areas of research: segmentation, matching and

range acquisition, have been described including their algorithms, implementa

tion and individual tests. Beyond the goal of making these individual contribu

tions, each has been integrated into the systemic RDM framework. Their ability

to be integrated into a framework is an important aspect of their real-world utility.

This instantiation of RDM is not meant to represent a final turn-key implementa

tion. Rather, its implementation permits validation of individual components in

a system context.

This chapter covers the system framework and implementation. Tests have

been rvm on a variety of real scenes to check performance of each module as it

operates within a system. Test results are provided along with a comparison to

the overall functionality and performance of a number of other systems.

6.1 Motivation for a Systemic Perspective and Implementation

A recent workshop sponsored by NSF/ARPA [15] made a critical recommen

dation calling for further research efforts in the implementation of end-to-end

systems for object recognition. This type of integration puts a high demand in

terms of requirements and performance on each individual acquisition, segmen

tation and matching module. The importance of these added demands is founded

in a desire to make technical contributions towards real applications.

A systemic perspective was used when defining the requirements for each
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processing module of this framework. This perspective manifests itself in terms

of coverage, by filling all the gaps to form an end-to-end system, and in terms of

a well matched character of each module. For example, the range sensor acquires

profiles of data which are processed directly by the segmentation algorithm. The

framework combines acquisition, segmentation, modeling, matching and pose

determination has been defined.

6.2 Integrated Framework

The integrated framework includes all of the acquisition, segmentation, mod

eling and matching efforts that were part of this research. The most critical

element (in terms of benefits to computational efficiency) is the graph matching.

Hence the framework has been named RDM for Recognition by Direct Matching.

The framework components are illustrated in Figure 6.4. This is a data flow dia

gram that shows the individual processing steps and the data exchanged between

each module. The data flows between modules are indicated with arrows, be

ginning with the "scene" at the top and an object description at the bottom. The

bulletized items to the right provide descriptions of the processing modules. The

RDM framework includes the following components:

• "PRIME:" To Acquire Range Points

• "RPT:" To Segment Points into Regions

• "GEOGRAM:" To Model Each Region

• "DCA:" To Match Scene and Database Models

• "Horn:" To Compute Pose of Scene Object

The fimctionality and purpose of each of these is reviewed below and put into

context of the whole framework.
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The PRofile Imaging ModulE (PRIME) is the Structured Light ranging sensor.

PRIME generates profiles, or slices, of Cartesian range data. This raw range data

lacks any type of higher level interpretation, it is simply a collection of individual

points.

Range Profile Tracking (RPT) is an adaptive approach for robust, accurate and

computationally efficient segmentation of range images that is based on Kalman

filtering. It is well matched to the PRIME Structured Light acquisition process

in terms of the rate and form of data exchanged. RPT forms regions of range

data that each possess uniform curvature. The uniformity criteria is a polynomial

function of the form z = f{x, y) that provides a generic segmentation capability

for first or second order curved surfaces.

The purpose of GEOGRAM, GEOmetrical GRAphical Modeling, is to gener

ate graphical models from the segmented regions produced by RPT. In general,

these graphs have node properties that describe a geometrical shape, and edge

properties that describe the relative orientation of the shapes that are located on

adjacent nodes. The details of GEOGRAM have not been provided yet in previous

chapters and will be described below in Section 6.2.1.

DCA is a new approach to finding subgraph isomorphisms. DCA performs a

Direct Classification of node Attendance to describe the likelihood of a node being

present as an isomorphic member of another graph. Based on this classification

a node to node assignment is made between a scene and database graph. The

graphs generated by GEOGRAM contain strictly relative data that is extracted

from the scene - no absolute positions are used during the matching process. This

separates the recognition from matching process and is a distinctive character

to this framework. Absolute positions are computed for the centroid of each

geometrical primitive, for use in determining an object's pose.

The block "Horn's Method" in Figure 6.4 is an established technique for find

ing pose [28]. The method allows for an overdetermined specification of the
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transformation and finds a least norm solution. This technique meets the require

ments of the system and does so in an optimal fashion. An iterative version of

this technique has been implemented. It performs a set number of iterations (3)

with reweighting to remove outliers. The residual fitting error of the position of

each matched geometrical model is used as a final verification of the recognition

and pose processing at the "Verify" stage.

6.2.1 Geometrical Modeling and Graph Construction

To implement a complete system it was necessary to form models of each seg

mented region as well as the graph structures describing each scene. A number

of representation issues come into focus here and are addressed in the sections

below. In general, these models have node properties that describe a geometrical

shape, and edge properties that describe the relative orientation of the shapes that

are located on adjacent nodes.

A number of factors affect stability and computational efficiency when con

structing a graphical model. It will be shown that a representation based on

geometrical models yields an improved stability of node and edge properties.

The disadvantage of using geometrical models arises from computational fac

tors. The fitting of a geometrical model to noisy data is a nonlinear least-squares

problem. Solution methods for this type of problem are iterative in nature [171].

This introduces problems associated with having good initial conditions, and the

problem of nondeterministic completion times. Also, the computational burden

increases considerably as more unknowns are added.

The approach taken herein provides the benefit of a more stable geometrical

model while mitigating some of the computational problems. This is achieved via

a two stage processing approach. First RPT is used to segment range points into

outlier-free regions. The curvature of each region is then analyzed to determine

the appropriate category of geometrical model. This analysis also provides the
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principle directions of the curved patch. The directional information is used

to reorient the range data prior to the iterative fitting. This technique reduces

the number of imknowns associated with certain geometrical models, allowing

solutions to be obtained more rapidly.

Challenges associated with the representation and modeling process are de

scribed in the following sections along with details of this modeling approach.

The technique used for modeling herein is called GEOGRAM which stands for

GEOmetrical GRAphical Modeling.

Stability of Centroids with Geometrical Models

One immediate question arrises when considering the specifics of a graphical rep

resentation: Why use geometrical models at all? Why not build a representation

having node properties based on the z = /(x, y) polynomial models generated

by KPT? The problem with this type of approach arises from the instability of

certain features. These instabilities are a consequence of shadowing effects that

occur during the range acquisition process.

The location of each part of a graphical model must be described in some

fashion in order to support recognition and pose calculations. The location of

each segmented region is best described by some type of centroid, because of the

reduction in noise that occurs with the process of taking a mean [28].

Consider using the centroid of a geometrical model versus the centroid of a

polynomial patch. Each side of Figure 6.1 shows a surface patch observed in a

given measurement geometry. The left side shows the observed surface when the

cylinder's axis is normal to the laser plane. On the right, the cylinder axis lies

in the laser plane. Because of the shadowing effect of the sensor, the observed

patch on the right side of the figure is not symmetric about the true cylinder. This

causes the patch centroid and the geometrical centroid to have a poor coincidence.

Hence, the geometrical models yield an improved degree of centroid stability.
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Figure 6.1: The centroid of a segmented patch is highly dependent on measure

ment geometry. This can result in a poor coincidence between patch and shape

centroids.



Stability of Region Boundaries with Matching Types of Models

This half cyliner can be approximated by a
single 2nd order patch. RPT will yield a stable
decomposition of this shape on repeated trials.

Torus-shaped objects. These higher-order shapes can be
decomposed into 2nd order patches, but the regions are unstable.

Boimdaries between
adjacent 2nd order patches,

as produced by RPT.

Slight changes in position, pose
and random sensor noise will

tend to produce large shifts in
2nd order patch boundaries

Figure 6.2: Objects that are not approximated well by polynomial surface patches

tend to have unstable region boimdaries.

This system has been developed with the primary goal of modeling and recog

nizing objects having components with geometrical forms. It is important that

the form of surface model match the true surface. When this is not the case,

instabilities in region boimdaries can arise. This is illustrated in Figure 6.2. Here,

RPT has been used to segment a torus-shaped object. Because the z = f{x,y)
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surface patch model does not match the true surface in this case, a small shift in

pose or in the input noise will tend to produce large shifts in region boimdaries.

It has been observed during experiments with RPT that a 1/4 cylinder can

be segmented with greater stability than a 1/2 cylinder. This is because the

polynomial approximation matches the 1/4 cylinder much more closely. These

results provide an example of the shape stability problem.

Clearly it is beneficial to have model forms that match scene conditions. This is

actually achieved in a two stage process. RPT runs first, handling various shapes

in a somewhat generic fashion, albeit with a limited stability. Then GEOGRAM

executes, having more application-specific modeling capabilites. GEOGRAM

uses a suite of models that better match the true scene content. This two stage

process provides a computational advantage, as will be discussed in Section 6.2.2.

Generally speaking, segmentation algorithms have parameter settings that

adjust the aggressiveness of merging operations. Adjustments of this sort of

parameter will tend to cause the final number of segmented regions to be slightly

higher or lower. In this system it is best to adjust a segmentation algorithm

so that it tends to yield too many regions. This provides GEOGRAM with an

opportimity to merge adjacent regions once the more appropriate forms of models

are introduced.

Observed Inaccuracies of Polynomial Models

An observation was made that seemed to diminish the benefits of creating a

representation built on the polynomial models. This effect was noticed while

performing Monte Carlo simulations [153] as a means to evaluate various rep

resentations. It was observed that upwards of a 10% shift in the polynomial

coefficents occured when the size of scene elements changed.

It is believed that this is due to the quantization noise that is introduced when

range data from relatively small objects is binned into a horizontal grid. In these
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cases not only is the number of data points supporting the curve fit reduced,

but also these data are corrupted due to the binning process. This parameter

shift represented a pretty serious concern, if the polynomial coefficients were to

be used as a feature vector for recognition. This observation amounted to yet

another reason to not use the polynomial models as a basis for the node and edge

properties in the graphical representation.

6.2.2 The Iterative Nature of Geometrical Modeling

The benefits of creating a graphical representation based on geometrical elements

are evident in the above discussion. However, the computational difficulties

still remain. These computational matters are now considered, beginning with a

discussion of the iterative nature of the geometrical modeling process.

The need for iterative solution methods can be seen even in the case of simple

geometric forms, such as a circle. To demonstrate the problem of a closed form

approach, this formulation will be attempted and its inadequacy revealed.

Points (xi, y,) on a circle of radius r obey the relationship

{Xi - hy + {jfi - ky = r" (6.1)

where (/i, fe) is the center. Closed form techniques that provide a least norm

solution [157] may be formulated using an error function, E. A set of simultaneous

equations revealing the least norm solution is then setup by taking partials of

E with respect to each imknown and equating these to zero. The error E =

E{h, r, fc) for AT points is

E=-£ ((li - hy + iVi - k)' - T'r (6.2)
i=i

A solution [hokoToy having minimal error has the property

dE dE dE

dh dk dr
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The problem with formulating the solution in this marmer can now be seen. The

partials in Eq. 6.3 are nonlinear functions of the imknowns. For example, has

the form

- 4r {{xi - hy + {yi - kf - r"). (6.4)

The second order terms prevent the formation of a linear set of equations. This

necessitates an iterative means of solution.

The problem of having nonlinear partials will occur in any type of geometrical

model having terms in the form Cj {x — Cj)^. Terms of this sort introduce both the

imknowns (cs) and their squares (c^ into the solution vector. While it is possible

to setup a least squares formulation that contains both Ca and as unknowns, for

example, the least norm solution does not guarantee the second order constraint

between these unknowns.

6.2.3 GEOGRAM Representation

The definition of node and edge properties is given in this section. Nodes cor

respond to geometrical models and edges exist wherever geometrical models

are determined to be adjacent. Node properties describe geometrical shapes.

Edge properties describe the relative orientation of the shapes that are located on

adjacent nodes.

It was not attempted to make node and edge properties extremely "rich" in

nature, in the current implementation of this system. Rich feature vectors having

a high dimensionallity can help the recognition process by reducing the potential

number of scene-to-database matches. However, in the current implementation

simple features were used that provided more challenging tests. Future efforts

may expand upon these feature vectors.

Generally speaking, simpler feature vectors can provide an advantage - if,

in simplifying the features, an improvement in stability or repeatibility can be

achieved.
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Table 6.1: Node properties used in GEOGRAM. Node property vectors contain

two elements, an integer describing the type of shape and a real value describing

an associated parameter.

Type of Shape Shape Parameter

1 Plane Area

2 Cylinder Radius

3 Sphere Radius

In the present system three types of geometrical models are used: planes,

cylinders and spheres. The features used for each node are given in Table 6.1.

Edge properties are given in Table 6.2.

Node and edge property vectors each have two components, one discrete

(integer valued) and the other analog (real valued). The types of shapes ("Plane"

or "Cylinder-Cylinder") are discrete. Comparisons of discrete properties must

match exactly. Shape parameters ("Radius") are analog. These must match to

within a set tolerance.

Note that all the parameters used for node and edge properties are relational

in nature. This is consistent with one of the basic tenets of this research. Centroids

are computed for each node also (which are absolute), but these are used for pose

calculations, not during graph matching.

6.2.4 GEOGRAM Approach

Processing in GEOGRAM begins with a curvature analysis of the polynomial

surfaces computed by RPT. This allows the style of geometrical model to be

determined. After finding the geometrical model, the original range image is

analyzed to determine which regions are neighbors. A graph is then created
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Table 6.2: Edge properties used in GEOGRAM. As with nodes, edge property

vectors contain two elements, an integer describing shape types and a real value

describing an associated parameter.

Types of Adjacent Shapes Parameter

1 Plane-Plane Angle Between Normals

2 Plane-Cylinder Angle Between Normal and Axis

3 Plane-Sphere Normal Distance Between Plane And Centroid

4 Cylinder-Cylinder Angle Between Axes

5 Cylinder-Sphere Normal Distance From Axis To Centroid

6 Sphere-Sphere Distance Between Centroids

having the appropriate node and edge properties.

The curvature analysis provides an additional benefit for cylindrical models.

Nominally a cylindrical model would have 6 degrees of freedom (DOE): 3 for the

centroid, 2 for angular orientation, and 1 for the radius. This many DOFs would

introduce a rather serious compute burden. To reduce this effort in the case of

a cylinder, the principle directions of the surface patch are computed and used

to reorient the range data so that the cylinder's axis is parallel one coordinate

axis. This eliminates 2 orientation and one displacement DOFs from the iterative

processing. This actually reduces the computational burden of the cylinder to

below that of the sphere (which has 4 DOF - centroid plus radius). The curvature

analysis also provides all the data needed for the planar model.
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Curvature Analysis

Analysis of the curvature of the z = /(a;, y) patches yields the type of surface

and, in the case of a cylinder, yields the principle directions of the surface. This is

accomplished via a covariance matrix. A, of surface normals. The eigenvectors of

A indicate the directions of dominant variations of curvature. Each correspond

ing eigenvalue indicates the degree of curvature in the given direction. This type

of technique is somewhat similar to a method used for range image segmenta

tion [55], but here the patches have already been segmented, are considerably

larger, and the usage is for descriptive purposes only.

Generally speaking, A describes the typical variations of the surface normals

and the eigenvectors give the direction inwhich these variations occur. The nature

of the covariance matrix can be appreciated by considering the equation

x^\x = X. (6.5)

Provided that A is positive definite, the vectors x that satisfy 6.5 form an n-

dimensional ellipsoid centered at the origin [149]. The eigenvectors of A coincide

with the axes of this ellipsoid, and the eigenvalues provide an indication of the

length of each ellipsoidal axis. The positive definiteness of A is considered below.

The covariance matrix is defined as

A = E{{ni — m){ni — mf} (6.6)

where m is the mean of the normals, n,. For N normal vectors the mean and

covariance can be approximated by [172]

N

(6.7)

and

1 ^
A = — ' {̂ui — m)(n,- — m)^. (6.8)

*  4—1
t=l
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In the case of a sphere, variations in the surface normals will be reasonably well

distributed in all 3 directions. In this case the 3 eigenvalues will have a magnitude

on the order of the radius of the sphere. A threshold was used to distinguish

between "dominant" and "non-dominant" eigenvalues. This threshold was set

at 1/1000, giving a sphere 3 dominant eigenvalues.

Cylindrical surfaces have variations in their normals in two directions. This

is indicated by two dominant eigenvalues. The non-dominant eigenvector points

in the direction of minimal curvature which is coincident with the direction of

the cylinder's axis. For a planar surface only a single eigenvector is dominant.

Variations in surface normals in the other directions are due to noise only.

In [157] it is shown that A is symmetric and positive definite, except for some

"unusual" cases inwhich A is positive semi-definite. In these cases an x vector

exists such that x^\x = o. Assuming that there are a relatively large number

of surface normals that contribute the computation of A, and that some noise is

present in each component of the normals then the magnitude of the smallest

eigenvalue will be related to the noise intensity.

Surface normals are computed analytically, given the surface patch model. A

point Pi on the surface is

Pi =

Xi

(6.9)Vi

z{xi,yi)

where z(a;,-, y.) = m.oX'' + m^xy -(- m^x + m^y -|- m^. The normal rii is

formed by the cross product of the tangents at the ith point. The tangent in the X

direction is

e =
dp

dx

2moX + m^y +

(6.10)
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and the tangent in y is

=

2m^y + m^x +

(6.11)

The cross product yields

n =

—arrio® — m^y —

—"zm^y — m^x — (6.12)

This expression for n can then be evaluated at points within the region of support

for the patch, n(®,, y,). This method is prefered to using discrete points in the

range image because of the smoothing that occurs during the least squares fitting

of the surface patch.

The eigenvalues and eigenvectors of A are foimd using the Jacobi method [148].

This method is guaranteed to work for all real symmetric matricies [150]. It is

also faster than the QR method for this 3x3 covariance matrix. Jacobi works by

performing a series of similarity transforms on A until a near diagonal matrix is

achieved. This near diagonal matrix has offdiagonal entries with a magnitude on

the order of the machine precision, making them essentially zero. The diagonal

entries contain the eigenvalues. The product of the similarity transforms yields a

matrix containing the eigenvectors.

Iterative Model Fitting

Parameters of the geometrical models are found using the method of Hooke-

Jeeves [173]. This method encorporates both exploratory search steps along the

axis of each imknown, as well as a pattern search component. The pattern search

moves in a direction set by the trend established on previous iterations. This
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type of technique can yield faster convergence in many cases. For example,

if the direction of the gradient is not exactly aligned with a coordinate axis,

then a technique using only exploratory steps would have to use a step-like

approximation to the gradient. In Hooke-Jeeves the pattern step can form a better

approximation to the gradient. The exploratory steps are performed at each

iteration inorder to track changing directions in the gradient.

a

(yj, Zi)

%

Figure 6.3: The cost fimction for finding a cylinder sums the distances from each

range point to the cylinder surface.

The cost function for finding a cylinder is illustrated in Figure 6.3. The error

associated with the imknowns {yo^Zo,To) is found by summing the distance

between each range point and the surface of the cylinder. The cost function for a

sphere is formed in a similar manner using a 3 DOF centroid plus a radius.
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6.2.5 Finding Neighbors

Finding neighboring regions in a range image is a straight forward operation.

Because of shadowing effects, neighbors sometimes appear as only being "close"

and not touching. To alleviate this problem a dilation is performed [142]. This

grows each region to fill in small gaps. This can lead to improper adjacencies too,

of course. To help reduce this type of error the length of borders is computed and

a threshold is applied. Border lengths are determined by making a single pass

over the image and counting the number of occurrences two different regions

occupy adjacent pixels.

6.3 Computing Platforms and System Implementation

RDM has been implemented as a networked system having some processing

elements that nm under a real-time operating system (vxWorks) and others that

rim under Unix. Figure 6.4 illustrates the RDM system components. The user has

a Unix command-line interface to the system. Procedure files are typically used

when running large numbers of tests. A previous version had used some socket

cormections between modules for greater speed. This mode of operation has now

been replaced by a method exchanging range data through files. Despite the loss

of speed this method is favored because it generates a permanent record of all

intermediate results.

In the current configuration, PRIME runs under the real-time operating system.

RPT and GEOGRAM execute within one Unix program. DCA and the pose

calculation execute in another. The pipelined processing of RPT/GEOGRAM

and DCA/pose has been distributed on separate machines. This would permit

greater throughput in a real application.

The emphasis on the implementation herein was not so much on achieving the

fastest and cleanest possible version of software, but rather, on having extensive
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Figure 6.4: Components of the RDM framework for object recognition.
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performance measures built in. This goal was achieved by adding data storage

fields to the graph data structures. This permitted intermediate results from

all stages of processing to be accumulated and made available for analysis and

storage.

6.4 Testing Overview

Now that the individual components of this effort have been discussed as well

as their integrated framework, end-to-end testing will be covered. These tests

provide a validation for the individual contributors to the framework. The tests

also demonstrate the fact that the individual contributions were created with a

systems perspective in mind.

Careful thought went into the test conditions used for integrated testing. Types

of surface curvature and dicontinuities were important considerations, as were the

complexity of objects and the number of database models. In more recent articles

on range image processing [11,33,35,36] three types of surface discontinuities

have been used: jump, crease and curvature. These have discontinuities in

height, slope and slope derivative, respectively. Both first and second, order

surface curvature was studied. Tests were performed with simpler objects having

one type of surface and one type of discontinuity, other tests used more complex

objects having mixed types. The tests involving the simpler objects paralleled

the synthetic trials discussed in Chapter 4. It was also desired to use objects that

were relatively complex, compared to those used in other range-based end-to-end

systems that have been reported [3,5,37,38,131].

A number of other factors also introduced constraints associated with the

creation of the objects used in testing. These included the field of view and

shadowing effects of PRIME, the limitations of RPT in handling curvature dis

continuities, the suite of available geometrical models in GEOGRAM and the
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miniinum number of nodes required by DCA.

Another important factor affecting the style of objects that were constructed

had to do with the limited viewpoint of the sensor. It was chosen to not explore

methods of range data fusion during the course of this research. Hence, objects

had to be designed that were essentially one-sided and that could be observed

from a top view.

Tests documented in Chapter 5 explored the effect of DCA's performance when

recognizing scene subgraphs containing half of the nodes of a database graph.

Based on these studies it is felt that DCA can perform well when operating on

graphs describing one side of an object. However, this style of testing has not been

studied to date with real scenes. The graphs generated from these real scenes did

have some topological noise - they were not complete descriptions - hence this

type of noise source was present, but not to the degree of the studies in Chapter 5.

The typical sort of object used for system testing is shown in Figure 6.5.

To make the recognition problem challenging, each object was given the same

number of surface features (10). Also, all cylindrical surfaces were made to have

the same radius. The planar regions had similar dimensions also. Furthermore,

the relative orientation between surfaces was restricted to a few angles: 0,45, and

90 degrees. This low dynamic range of object features was used to demonstrate

the ability of DCA by not providing any highly distinctive features.

Figures 6.5 through 6.8 show an image of Object #1, the measurements ac

quired by PRIME, The X-Strips formed by RPT followed by the fitted regions, and

lastly the graphical representation produced by GEOGRAM. Sets of these types

of figures are repeated for each object in Figs. B.l through B.28 in the Appendix.

In the figures depicting graphs (Figure 6.8, for example), nodes are labeled pi and

Ci, indicating planes and cylinders, respectively. There is a correspondence in

the physical locations of the nodes with the centroid of each segmented region in

Figure 6.7.
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Figure6.5: Object#!.

Figure 6.6: Measurements captured by PRIME of Object #1.
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Figure 6.7: Surfaces fitted by RPT for Object #1.

Figure 6.8: Graph formed by GEOGRAM of Object #1.



6.5 PRIME Testing

The important aspects of performance for PRIME were accurate measure

ments and real-time acquisition. Acquisition was a deterministic process and

clocked by the sensor's video camera. The acquisition process performed reliably,

maintaining video rate processing during all scanning operations.

To test measurement accuracy, "smooth" surfaces were scanned and then fitted

with polynomial models of the form z = f{x,y). The mean absolute residual

error of these fitted models was used as a measure of accuracy.

No measures are available of the true smoothness of the objects used in testing.

Wooden blocks were used for most testing because of the flexibility of forms

available. Machined metal plates were used during calibration. Table 6.3 gives

the residual errors for the various surfaces. The result from the machined plate

is favorably biased because of the higher order polynomial model that was used

to fit points on the (essentially) flat plate. This higher order model will tend to

fit to the noise, slightly reducing the mean absolute error. The case of the 1/4

cylinder may be somewhat deceptive due to this same sort of effect. A value of

0.005 inches is used for a conservative estimate of the accuracy of PRIME.

6.6 RPT Testing

The important aspects of performance for RPT are the speed of the process,

and the robustness and accuracy of the segmented regions.

Herein, robustness has been quantified using the number of regions that RPT

yields. Ideally these should be constant when observing a scene from a fixed view

point. The robustness is expressed as a percentage of the number of trials having

the correct number of segmented regions. This definition of robustness may not

be typical, but it is a practical, "bottom-line" measure of overall effectiveness.
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Table 6.3: Accuracy of PRIME sensor as measured by the mean absolute residual

error. The entry for the machined plate below is taken from the results of the

calibration procedure. Sensor noise appears to have an upper bound of < 0.005

inches.

Type of Surface T)^e of Fit Accuracy

(inches)

Flat Wooden Block 1st Order 0.005

Wooden Quarter Cylinder 2nd Order 0.004

Flat Machined Plate 4th Order 0.002

This definition emphasizes the stability and consistency of the process.

Accuracy for RPT is defined in terms of the consistency of the sizes of seg

mented regions. For this, statistics on the volume and residual fitting error have

been computed. Execution speeds have also been tallied.

Tables 6.4 through 6.7 describe tests with the same types of discontinuities

as those used in the sjmthetic scenes of Chapter 4. These are: jump, crease

and curvature discontinuities. Both planar and 2nd order surfaces are used in

these tests. Images of the objects used in these tests can be seen in Figures 6.9

through 6.12
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Table 6.4: Test results for RPT on real scenes containing a planar surface bounded

by jump discontinuities. The volumetric error and surface fits indicate a high

accuracy, for this type of simple surface, but with somewhat limited robustness,

as indicated by the region count. Trials with an incorrect count typically had 2 or

3 regions present.

Volumetric Error 2.3%

Surface Fitting Error 0.005 in.

Correct Region Coimt 60%

Mean On-Line Compute Time 0.012 sec.

Mean Off-Line Compute Time 9.1 sec.

Number of Trials 50

Table 6.5: Test results for RPT on real scenes containing a 2nd order surface

boimded by jump discontinuities. This surface was a 1/4 cylinder that can be

closely approximated by a z = /(x,y) polynomial. This shows an improved

performance over the planar case.

Volumetric Error 1.8%

Surface Fitting Error 0.005 in.

Correct Region Coimt 96%

Mean On-Line Compute Time 0.012 sec.

Mean Off-Line Compute Time 3.9 sec.

Number of Trials 49
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Table 6.6: Test results for RPT on real scenes containing two planar surfaces

separated by a crease discontinuity. Accuracy measures are reported for both of

the two surfaces. Note the improved robustness indicated by the correct region

count.

Volumetric Error 6.9,8.3%

Surface Fitting Error 0.005,0.005 in.

Correct Region Coimt 86%

Mean On-Line Compute Time 0.012 sec.

Mean Off-Line Compute Time 5.9 sec.

Number of Trials 50

Table 6.7: Test results for RPT on real scenes containing a 2nd order surface

bounded on two sides by a curvature discontinuity at a join with planar surfaces.

Accuracy measures are reported for each of the 3 surfaces. Accurate segmentation

has not been achieved by RPT with these curvature discontinuities.

Volumetric Error 54,54,55%

Surface Fitting Error 0.0.005, 0.006, 0.005 in.

Correct Region Coimt 76%

Mean On-Line Compute Time 0.013 sec.

Mean Off-Line Compute Time 8.2 sec.

Number of Trials 50
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Figure 6.9: Tj^ical scene for testing RPT for a planar surface bounded by jump

discontinuities

Figure 6.10: Typical scene for testing RPT with a 2nd order surface bounded by

jump discontinuities.
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Figure 6.11: Typical scene for testing RPT with two planar regions separated by a

crease discontinuity.

Figure 6.12: Tj^ical scene for testing RPT with curvature discontinuities.



It can be seen in Table 6.7 that curvature discontinuities result in greater

inaccuracies than the other, less subtle, types of boundaries. Another interesting

trend can be seen that the simplest style test - jump discontinuities surrovmding a

planar surface - does not yield the best results. These cases ranked more poorly in

robustness than the more complicated scenes. This was somewhat surprising. It is

believed that this is because the residual error becomes quite low for these simple

planar surfaces. During region growing, the median absolute residual (MdAR) is

used as a basis for a threshold limiting the the addition of new pixels to a region.

When the MdAR becomes too small, surfaces tend to remain fractured with an

excess number of regions. It is believed that this can be remedied by establishing

a lower bound on the accepted MdAR.

6.7 GEOGRAM Testing

The important aspects of performance for GECX^RAM were speed and accu

racy of the geometric model parameters. The definition of these model parameters

varies somewhat depending on the type of model, but generally include: 1) cen-

troid location, 2) any orientation data, and 3) any shape parameter associated

with the model.

Parameters used in the GEOGRAM models are summarized in Table 6.8. The

method used to compare instances of these parameters is also given in the table.

In each case a scalar is computed for the comparison metric. Test results for

position and orientation errors are given in Tables 6.9 and 6.10, for planes and

cylinders, respectively. GEOGRAM was tested tmder cluttered scene conditions

using Objects #1 through #8.

Note that because cluttered scenes were used for these tests it was necessary to

first recognize objects before these accuracy measures could be accumulated. This

somewhat intertwines the metrics for accuracy with the RDM system's recognition
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Table 6.8: Types of shapes modeled by GECX3RAM and associated parameters.

The method of comparing each parameter is indicated. The angular errors have

Type of Shape Model Parameter Accuracy Measure

Plane Centroid Location Euclidean Distance

Normal Orientation Angular Error

Cylinder Centroid Location Euclidean Distance

Axial Orientation Angular Error

Radius Absolute Difference

rate. This seems to be somewhat unavoidable for cluttered real scenes.

6.8 Overall System Testing

The important aspects of system performance were recognition rate, accuracy

and speed. Recognition rate is defined as the fraction of trials that the correct

database selection was made. Accuracy is a metric of pose and is described using

the displacement and angular error between the scene and database graphs.

To compare orientations, the dot product of unit vectors is computed and the

absolute value then taken. This is used to find an angular error via inverse cosine.

This method does not penalize the comparison of "norm-up" and "norm-down"

for a plane with essentially the same orientation. Similarly the axial directions of

cylinders are not penalized in this manner.

Accuracy measures of the system are computed after a matching subgraph

between the scene and database is foimd. The best fit coordinate transforma-
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Table 6.9: Results from GEOGRAM tallied for instances of the planar surfaces on

scans of Object #1. Data from 33 planes is given. These were located in various

locations on the object, as it appeared in various positions and orientations.

Centroid Error Mean

Standard Deviation

0.090 in.

0.177 in.

Normal Orientation Error Mean

Standard Deviation

0.803 deg.

1.528 deg.

Compute Time (10 models fitted) Mean

Standard Deviation

0.874 sec.

0.354 sec.

Table 6.10: Test results for GEOGRAM tallied for instances of the cylidrical sur

faces on scans of Object #1. Data from 18 cylinders is given. These were located

in various locations on the object, as it appeared in various positions and ori

entations. Compute durations are the same as in the planar case because these

statistics were accumulated for the same set of object scans.

Centroid Error Mean

Standard Deviation

0.145 in.

0.239 in.

Normal Orientation Error Mean

Standard Deviation

2.838 deg.

5.616 deg.

Compute Time (10 models fitted) Mean

Standard Deviation

0.874 sec.

0.354 sec.
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tion between these models is then computed. The displacement and orientation

differences between these coordinate frames is used to describe system accuracy.

The process of computing pose and then accuracy begins with the node-to-

node correspondence between scene and database features provided by DCA.

Horn's method for finding absolute orientation [28] is then used to find the best

fit transformation. This transform is applied to the scene coordinates. Due to

noise throughout the system, there is some residual error between the matched

positions. This residual error is used for a final verification of the overall oper

ation. It is this residual that must be quantified to describe the accuracy of the

system.

To quantify the position and orientation error of the residual, Horn's technique

is used again. The resulting transform typically contains some slight displace

ment and rotation errors. The displacement error can be read directly from the

homogeneous coordinate transform [174]. The displacement error is also equal

to the distance between the means of the two sets of corresponding points. Un

fortunately, the rotational error is not as conveniently obtained.

Homogeneous coordinate transforms express rotations using a 3x3 orthonor-

mal matrix. This is somewhat ciunbersome - a scalar is much more desirable for

describing the rotational error. The "axis and angle" representation provides an

intuitive method for describing rotations. In this representation an orientation of

a specified angle is performed in a right-handed sense about a given axis. Horn

describes the conversion between coordinate transformations, quaternions, and

the axis and angle representations [28].

Test results for the RDM system are given in Table 6.11. A total of 200 scans

were made, 25 of each object. In 70% of the scans the correct object was selected

from the database. Pose determination was possible in approximately half of these

cases, as determined by a check of the residual error of the pose transformation.

The mean duration is by far the fastest of any laser-based graph-matching system

195



Table 6.11: System performance for scans of each of the 8 objects. Results are

given as means. A total of 200 scans were made, 25 of each object.

Displacement Error 0.193 in. (6.4%)

Orientation Error 0.846 deg.

Recognition Rate 70%

Duration 11.5 sec.

reported to date. The difference in recognition rate in these tests versus the

95% figures seen in the s)mthetic scenes of Chapter 5 reflect the importance of

end-to-end, integrated testing.

6.9 Concluding Remarks

Previous chapters have discussed testing of individual modules to demon

strate their utility. Here, the fourth objective of this research has been realized -

that of creating components using a systemic perspective that allows them to be

put into an integrated framework. This objective was validated by the implemen

tation and testing of an RDM testbed.

A relatively low number of end-to-end testbeds like RDM, using Structured

Light-based recognition, have been reported - compared to the very large amount

of effort on system components. Complete systems can be found in [2,3,5,12,

27,38,74,131]. Even these examples are somewhat of an "apples-to-oranges"

comparison, differing from the RDM implementation in various ways. Some of

these systems focus on one or two types of objects. The complexity of objects

varies also. Unfortimatley, only a subset of the reported efforts give some kind of

performance numbers.
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In [74], a single part was used. No performance figures are given. In [27] a

single part was also used, here a displacement error of 0.120 in. and orientation

error of 2.3 degrees is reported.

The culmination of efforts in [3,5,38] has lead to a system yielding similar

results to RDM. The primary difference being the use of 2 kinds of objects. A 30%

failure rate is reported in these studies. No figures are given on pose accuracy.

Their system is based on local feature sets and requires that scenes possess visible

corners of objects that have convex shape. Concern is expressed regarding the

performance of the system with objects having more complex shapes.

In [2] 10 objects are used. Results of matching appear to be quite good, but no

statistics are given for a large number of scenes, nor are any figures given on pose

accuracy. The system did take over an hour to analyze a scene.

The work of [61] is a close neighbor to RDM in that a graphical representation

is used, and the recognition problem is formulated directly using isomorphisms.

This work also includes 8 objects. However, the objects used have planar surfaces

only and work with sjmthetic scenes is reported.

In [131] a system was developed to track the motion of an arbitrarily shaped

object. This work focusses on high speed acquisition and pose determination.

Segmentation, feature extraction, high level matching were not involved and

only a single object was tracked. The effort did yield a 0.040 inch position error

and 1 degree orientation error.

Overall the RDM testbed compares well to the above systems, albeit each has

some differences in its purpose. For real systems to be developed, specific tasks

are needed. The performance for the RDM testbed reflect the given task used in

testing. Portions of RDM could be optimized for new tasks involving new objects.

Tasks involved in the advanced manufacturing scenarios described in Chapter 1

would typically include constraints and knowledge of specific shapes that could

be exploited to optimize performance.
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CHAPTER 7

Summary, Conclusions and Future Research Directions

There are three main points of focus in this dissertation, all of which address

important aspects of the object recognition problem. These are: adaptive range

segmentation, graph matching and calibrated 3-D ranging. Computationally

efficient, robust and accurate means to accomplish these types of problems are

critical to improving the state of the art in object recognition. Novel contributions

have been made in each of the above three areas in the course of this research.

These contributions take the form of algorithms, implementations and a signifi

cant level of testing.

In addition to the above three main areas, a fourth objective was also set. It

was desired to create components using a systemic perspective, allowing them to

be put into an integrated framework. Their ability to be integrated into a system

is considered to be an important aspect of their real-world utility. The three main

contributions were integrated into a complete system. This testbed is not meant

to represent a final turn-key implementation. Rather, its implementation permits

validation of individual components in a system context.

7.1 Novel Contributions

The PRofile Imaging ModulE (PRIME) is a Structured Light ranging sensor.

PRIME generates profiles, or slices, of Cartesian range data. The novelty of PRIME

stems from new approaches to calibration and to pixel-level operations. These

techniques make for a system that is acquires data at frame rate, is accurate and
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easy to calibrate. The calibration technique that has been developed permits both

the camera optics and laser geometry to be modeled in a single step via a least

norm solution. PRIME has an accuracy of better than 0.005 inches.

Range Profile Tracking (RPT) is an adaptive approach for robust, accurate and

computationally efficient segmentation of range images that is based on Kahnan

filtering. It is well matched to the PRIME Structured Light acquisition process.

The uniqueness of RPT arises from a 3-way combination of adaptive kernel mech

anisms. The size and shape of the kernel vary dynamically. This provides dense

regions of varying size that are robustly formed. Kernel bovmdaries occur when

outliers disrupt surface smoothness, at object boundaries or in the event of spike

noise, for example. In this type of approach the kernel boimdaries are not located

by a fixed geometry. This helps to avoid the inclusion of outliers within a seg

mented region. Tests demonstrated that segmented regions can be computed in

less than 3 seconds, imder a wide variety of test conditions. Stable operation was

achieved above 90% of the time in the majority of testing trials.

DCA is a new approach to finding subgraph isomorphisms. DCA performs a

Direct Classification of node Attendance to describe the likelihood of a node being

present as an isomorphic member of another graph. Based on this classification

a node to node assigrunent is made between a scene and database graph. DCA

requires a computational effort that is of polynomial order. It is approximate

in nature. However, it is able to maintain a performance level for subgraph

isomorphisms at or above 95% under a wide variety of conditions and with

varying levels of noise. The performance on the full size comparisons associated

with graph isomorphisms has been found to be 100/100, also under a variety of

conditions.

Careful thought went into test conditions for individual components and for

integrated tests. Types of surface curvature and discontinuities were important

considerations, as were the complexity of objects and the number of database
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models. Some tests were performed with simpler objects having one type of

surface and one type of discontinuity other tests used more complex objects

having mixed types. Testing was performed using both synthetic scenes (4000+)

and real scenes (500+). The tests with synthetic scenes were helpful because

they provided ground truth. The sensor noise level was also ramped up in these

studies to examine the stability and accuracy of system components.

7.2 Further Reseach Areas

This effort has opened a number of new doors of opportimity for further

research. Opportunities exist for follow on work in each of the three main areas:

calibrated range acquisition, segmentation, and graph matching.

7.2.1 Multidirectional Optics

Structured lighting suffers from shadowing problems. These could be reduced by

using multiple cameras and/or multiple laser planes. For example, having one

laser and two cameras would be useful to reduce shadowing. This type of system

would still generate range measurements within a single plane (the laser plane)

at any given instant. This would yield more complete laser profiles, in general.

7.2.2 Opposing Directions for Profile Segmentation

Profile segmentation in RPT is directional in nature. As a result of this the rising

edge and falling edge of segments do not receive exactly the same processing. It

would be interesting to process profiles in both directions and then combine the

results.
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7.2.3 Alternate Graphical Representations

Currently the difference in orientation between adjacent nodes is used to color

edges. In the future it would be interesting to add another dimension to edge

coloring that describes the distance between the centroids of adjacent geometrical

models.

Other researchers have defined graphs with nodes that contain multiresolution

descriptions of objects. For example, some nodes might describe the sides of a

polygonal surface, these would be connected to a node describing the entire

surface, which would be cormected (along with other nodes) to a node describing

an entire solid. Hence these node descriptions contain data at different levels of

coarseness. The type of topological noise present in this type of graph is not clear,

and its impact on the performance of DCA would have to be studied.

7.2.4 Merging Adjacent Models

Another useful extension to GEOGRAM would be the possibility of merging

adjacent geometrical models. As stated, this merging would be done in the

domain of geometrical models, not in the polynomial surface domain of RPT. It

will be important that RPT yield "oversegmented", or "too many" regions, as

opposed to "too few" in order to support this effort.

7.2.5 Combine Range Data Acquired from Different Views

This represents a new application of DCA in range image processing. DCA

could be used to merge scene graphs that were constructed from slightly different

views of an object. This would achieve data fusion at a high level, thus providing

a computational advantage. This step would be performed prior to recognition.
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7.2.6 Uncertainties in Node and Edge Properties

In the current implementation of DCA, the node and edge property vectors contain

typical values for a given object. These were generated experimentally by finding

the mean of feature vectors over a number of trials. An improvement to this

approach would be to also store the standard deviation of the features for use

when comparing scene and database properties.

7.2.7 Fuzzy Graph

Since acquisition and segmentation are not near perfect processes, the nodes and

edges present in a scene graph vary somewhat on repeated scans. DCA can be

used to find the best mapping between these scene examples, the frequency of

occurrence of each node and edge could then be recorded. These occurrences

could then be used to form a "Fuzzy Graph". A Fuzzy Graph is then able to

describe nodes and edges which always occur, never occur, or sometimes occur.

This could be accomplished by tagging the nodes and edges of a graph with a

probability value describing the likelihood of it being present. These probabilities

would have to be incorporated into comparison norms.

7.2.8 Normalizing Factors

In the current version of DCA the CS vector elements are normalized using the

largest {i,j) entry for a given r. This approach is probably adequate when dealing

with the full-size isomorphism problem. Flowever, when attempting to match

subgraphs it is likely that the largest entry may result from topological noise

that is present outside of a core-matching region. Having different normalizing

factors will tend to result in poorer CS vector comparisons.

The choice of this normalizing factor may not be easily determined. As seen

in Eq. 5.62 the entries grow so rapidly, even with p < i, that a poor choice
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could result in a loss of precision.

7.2.9 Search for Additional Matches in Scene

After a matching subgraph has been identified that exists between a scene and

database, there may still be some remaining nodes that have physical locations

which are consistent with the transform established for the core subgraph. A

quick search of the remaining scene nodes could be performed, checking each

for consistency and combining those within a close tolerance. This operation

would tend to increase the size of the matching subgraphs found in each scene.

Techniques like this have been used in the past [22,72] however, these methods

suffer from a poor starting condition and become highly iterative in the worst case.

By merging this type of tree-search method with DCA, the starting condition for

search is improved significantly. Tree searching can then just be used to clean up

any stray nodes from a scene.
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APPENDIX A

ADDITIONAL TEST RESULTS FOR RPT WITH SYNTHETIC

SCENES

Figure A.l: Typical measurements and processing results generated for a planar

surface bounded by jump discontinuities. The measurements, X-Strips, Y-Strips

and final fitted surface are shown in (a)-(d), respectively. The original measure

ments contained zero-mean Gaussian noise with (Tm = 0.010 in. and spike noise

occurring with a probability of 5 percent. This synthetic scene had a SNR of 7db.
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Figure A.2: Typical measurements and processing results generated for a second

order surface bounded by jump discontinuities. The measurements, intermediate

results and final fitted surface are shown in (a)-(d), respectively. This synthetic

scene had a SNR of 5db.

m

Figure A.3: Typical measurements and processing results generated for a two first

order surfaces joined with a crease discontinuity. The measurements, intermedi

ate results and fitted surfaces are shown in (a)-(d), respectively. This synthetic

scene had a SNR of 13db.



Table A.l: Results from Monte Carlo analysis of KPT when segmenting a scene

containing a single object having a first order surface bounded by jump discon

tinuities. 100 Trials were run at each noise level (1000 trials in all). The SNR for

this set of tests varied from 7.1 to 7.7 db.

Std. Dev. of Percent Centroid Volumetric Duration Duration

Gaussian Noise Trials Error Error On-Line Off-Line

(inches) OK (Percent) (Percent) (Sec) (Sec)

0.010 96 0.4 ± 1.0 0.1 ± 0.2 0.007 ± 0.0002 1.4 ± 0.3

0.020 97 0.3 ± 0.7 0.1 ± 0.1 0.008 ± 0.0004 1.5 ± 0.3

0.030 99 0.3 ± 0.7 0.1 ± 0.1 0.007 ± 0.0001 1.4 ± 0.3

0.040 100 0.3 ± 0.9 0.1 ±0.1 0.007 ± 0.0001 1.5 ± 0.4

0.050 100 0.4 ± 0.8 0.1 ± 0.1 0.007 ± 0.0001 1.5 ± 0.4

0.060 98 0.6 ± 1.4 0.2 ± 0.1 0.007 ± 0.0001 1.6 ± 0.5

0.070 97 0.3 ± 0.4 0.2 ± 0.1 0.008 ± 0.0003 1.7 ± 0.4

0.080 97 0.3 ± 0.8 0.2 ± 0.1 0.009 ± 0.0006 1.9 ± 0.4

0.090 100 0.5 ± 1.1 0.2 ± 0.2 0.009 ± 0.0005 2.0 ± 0.4

0.100 96 0.4 ± 0.5 0.2 ± 0.2 0.009 ± 0.0004 1.9 ± 0.4
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Table A.2: Results from Monte Carlo analysis of RPT when segmenting a scene

containing a single object having a second order surface bounded by jump dis

continuities. 100 Trials were rtm at each noise level (1000 trials in all). The SNR

for this set of tests varied from 5.2 to 5.5 db.

Std. Dev. of Percent Centroid Volumetric Duration Duration

Gaussian Noise Trials Error Error On-line Off-Line

(inches) OK (Percent) (Percent) (Sec) (Sec)

0.010 90 0.1 ± 0.1 0.1 ± 0.1 0.009 ± 0.0001 1.4 ± 0.3

0.020 89 0.2 ± 0.1 0.1 ± 0.1 0.009 ± 0.0014 1.5 ± 0.4

0.030 95 0.2 ± 0.1 0.1 ± 0.1 0.009 ± 0.0002 1.4 ± 0.3

0.040 95 0.2 ± 0.1 0.1 ± 0.1 0.009 ± 0.0002 1.5 ± 0.3

0.050 99 0.2 ± 0.2 0.1 ± 0.1 0.010 ± 0.0005 1.6 ± 0.4

0.060 99 0.2 ± 0.2 0.2 ± 0.1 0.009 ± 0.0002 1.6 ± 0.4

0.070 98 0.2 ± 0.2 0.2 ± 0.1 0.010 ± 0.0004 1.7 ± 0.4

0.080 96 0.3 ± 0.2 0.2 ± 0.2 0.011 ± 0.0008 1.9 ± 0.4

0.090 99 0.3 ± 0.2 0.3 ± 0.2 0.011 ± 0.0001 1.9 ± 0.4

0.100 100 0.3 ± 0.2 0.3 ± 0.2 0.011 ± 0.0001 1.9 ± 0.4
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Table A.3: Results from Monte Carlo analysis of KPT when segmenting a scene

containing a crease discontinuity separating two planar surfaces. 100 Trials were

run at each noise level (1000 trials in all). The SNR for this set of tests varied from

13.2 to 13.3 db.

Std. Dev. of Percent Centroid Volumetric Duration Duration

Gaussian Noise Trials Error Error On-Line Off-Line

(inches) OK (Percent) (Percent) (Sec) (Sec)

0.010 99 0.5 ± 0.3 0.7 ± 0.5 0.009 ± 0.0003 2.6 ± 0.6

0.020 97 0.8 ± 2.3 1.1 ± 4.0 0.009 ± 0.0001 2.6 ± 0.6

0.030 89 0.5 ± 0.2 0.7 ± 0.3 0.009 ± 0.0001 2.6 ± 0.6

0.040 96 0.7 ± 2.3 1.6 ± 8.3 0.009 ± 0.0005 2.8 ± 0.8

0.050 84 0.9 ± 2.3 1.4 ±5.1 0.009 ± 0.0001 2.8 ± 0.5

0.060 75 1.2 ± 3.0 2.8 ± 11.3 0.009 ± 0.0002 2.8 ± 0.7

0.070 64 1.2 ± 3.0 1.8 ± 6.2 0.009 ± 0.0004 3.0 ± 0.7

0.080 68 2.4 ± 5.2 4.8 ± 12.9 0.009 ± 0.0005 3.0 ± 0.7

0.090 62 2.1 ± 4.4 2.8 ± 6.0 0.009 ± 0.0004 3.0 ± 0.7

0.100 46 2.3 ± 4.8 5.6 ± 17.2 0.009 ± 0.0005 3.1 ± 0.9
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Table A.4: Results from Monte Carlo analysis of RPT when segmenting a scene

containing curvature discontinuities. 100 Trials were run at each noise level (1000

trials in all). The SNR for this set of tests varied from 15.1 to 15.7 db.

Std. Dev. of Percent Centroid Volumetric Duration Duration

Gaussian Noise Trials Error Error On-Line Off-Line

(inches) OK (Percent) (Percent) (Sec) (Sec)

0.010 98 1.0 ± 0.7 3.0 ± 2.7 0.007 ± 0.0002 2.0 ± 0.2

0.020 93 1.2 ± 0.8 4.2 ± 5.8 0.007 ± 0.0003 2.1 ± 0.2

0.030 90 1.5 ± 0.8 9.5 ± 10.8 0.007 ±0.0004 2.1 ± 0.2

0.040 85 2.0 ± 1.1 12.3 ± 13.1 0.008 ± 0.0006 2.3 ± 0.2

0.050 82 3.5 ± 2.9 15.3 ± 14.6 0.008 ± 0.0003 2.2 ± 0.2

0.060 76 5.2 ± 5.5 18.0 ± 16.8 0.008 ± 0.0004 2.3 ± 0.2

0.070 74 4.7 ± 2.2 14.8 ± 11.5 0.008 ± 0.0001 2.2 ± 0.2

0.080 69 7.6 ± 6.1 21.3 ± 20.2 0.009 ± 0.0006 2.4 ± 0.3

0.090 63 8.7 ± 6.2 24.5 ± 20.8 0.009 ± 0.0005 2.5 ± 0.3

0.100 58 11.0 ±6.9 23.9 ± 22.4 0.009 ± 0.0001 2.6 ± 0.4
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Figure A.4: Typical measurements and processing results generated for an object

containing curvature discontinuities. The measurements, intermediate results

and fitted surfaces are shown in (a)-(d), respectively. This sjmthetic scene had a

SNR of 15db.



APPENDIX B

ADDITIONAL FIGURES OF OBJECTS USED IN INTEGRATED

TESTING

Note that in the sets of figures depicting the segmented regions of objects and

their graphs, the nodes are labeled p, and c„ indicating planes and cylinders,

respectively. There is a correspondence between the physical locations of the

nodes and the centroid of each segmented region. For example, see Figures B.3

and B.4.

226



h-

FigureB.l: Object#!.

Figure B.2: Measurements captured by PRIME of Object #2.
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Figure B.3: Surfaces fitted by RPT for Object #2.

Figure B.4: Graph formed by GEOGRAM of Object #2.
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Figure B.5: Object #3.

Figure B.6: Measurements captured by PRIME of Object #3.
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Figure B.7: Surfaces fitted by RPT for Object #3.

Figure B.8: Graph formed by GEOGRAM of Object #3.
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Figure B.9: Object #4.
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Figure B.IO: Measurements captured by PRIME of Object #4.
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Figure B.ll: Surfaces fitted by RPT for Object #4.
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Figure B.12: Graph formed by GEOGRAM of Object #4.
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Figure B.13: Object #5.

Figure B.14: Measurements captured by PRIME of Object #5.
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Figure B.15: Surfaces fitted by RPT for Object #5.

Figure B.16: Graph formed by GEOGRAM of Object #5.
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Figure B.17: Object #6.

Figure B.18: Measurements captured by PRIME of Object #6.
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Figure B.19: Surfaces fitted by RPT for Object #6.
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Figure B.20: Graph formed by GEOGRAM of Object #6.
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FigureB.21: Object#?.

Figure B.22: Measurements captured by PRIME of Object #7.
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Figure B.23: Surfaces fitted by RPT for Object #7.
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Figure B.24: Graph formed by GEOGRAM of Object #7.
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Figure B.25: Object #8.

Figure B.26: Measurements captured by PRIME of Object #8.
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Figure B.27: Surfaces fitted by RPT for Object #8.

Figure B.28: Graph formed by GEOGRAM of Object #8.



APPENDIX C

ADDITIONAL FIGURES OF OBJECTS USED FOR TESTING RPT
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Figure C.l: Typical scene used to test RPT in the presence of jump discontinuities

bordering a planar surface.

Figure C.2: Measurements collected by PRIME of a planar surface.



Figure C.3: X-Strips formed by RPT across a planar surface.

Figure C.4: Surface fitted by RPT to a planar surface.
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Figure C.5: Typical scene used to test RPT in the presence of jump discontinuities

bordering a 2nd order surface.

Figure C.6: Measurements collected by PRIME of a 2nd order surface.



Figure C.7: X-Strips formed by RPT across a 2nd order surface.

Figure C.8: Surface fitted by RPT to a 2nd order surface.
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Figure C.9: T)^ical scene used to test RPT in the presence of a crease discontinuity

separating two planar surfaces.

Figure C.IO: Measurements collected by PRIME for tests with crease discontinu-



Figure C.ll: X-Strips formed by RPT across a crease discontinuity.

Figure C.12: Surface fitted by RPT bordering a crease discontinuity.
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Figure C.13: Typical scene used to test RPT in the presence of a curvature discon

tinuity.

Figure C.14; Measurements collected by PRIME of surfaces separated by curva

ture discontinuities.



Figure C.15: X-Strips formed by RPT across a curvature discontinuity.

Figure C.16: Surfaces fitted by RPT to regions separated by curvature discontinu-



VITA

Frederick William DePiero is originally from Pittsburgh, PA. He received his

B.S. and M.S. degrees in Electrical Engineering from Michigan State University in

1985 and 1987. Fred worked as a Development Associate at Oak Ridge National

Laboratory imtil 1993. While there he was involved in a variety of real-time im

age processing projects including a high-compression video transmission system

for remote driving and various structured light measurement systems. At that

time, his research goals focused on real-time performance and sensor calibration

techniques.

Fred is currently a Research Associate and Ph.D. Candidate at the University of

Tennessee. His structured light work continues on a high performance measure

ment system for railway maintenance and on a multipurpose ranging system for

industrial applications. His research interests include efficient methods of graph

matching and range image segmentation, as well as range sensor development.

250


	Thesis96b.D46_2.pdf
	Thesis96b.D46.pdf

