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ABSTRACT

In this dissertation, I present a novel approach for solving the correspondence
problem using basic statistical classification techniques. While metrics such as Pearson's p or
cosine similarity would not be powerful enough to solve the correspondence problem
directly, their performance can be enhanced by augmenting the scene with random color
static via a projector. Over time, this noise increases the statistical independence of imaged
points not in correspondence. This allows the reduction of the correspondence problem to a
simple similarity search of temporal features. Extensive experiments have shown the
approach to be as effective as more complex structured light techniques at producing very
dense correspondence data for a variety of scenes. The approach differentiates itself from
traditional structured lighting by not relying on known camera or projector geometries, and
by allowing relatively lax capturing conditions. Due to the statistically oriented nature of the
approach and unlike more recognition focused techniques, the approach is naturally
amenable to quality assessment and analysis. This dissertation provides a background on the
correspodence problem, presents empirical and analytical results regarding the new

techinque, and reviews the related work in the literature.
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CHAPTER 1
INTRODUCTION

The success---and increasing commodization---of dedicated three-dimensional (3D)
hardware acceleration has created a growing gap between users' ability to process 3D data
and their ability to capture or create it. A consumer can buy, for less than a few hundred
dollars, a hand held device such as a Playstation Portable or iPod Touch that can be stowed in
a pocket and is capable of processing rich “arcade quality” 3D scenes. However, for the same
consumer the cost of the most rudimentary laser scanner for 3D capture can start in the
thousands of dollars. This gap between content processing and creation closely resembles the
large divide between consumers' video viewing and capturing abilities just a few years ago.
The closing of the “video gap" saw not only the further democratization of media associated
with the Internet, but also the creation of thousands of formerly unforeseen applications such
as YouTube. Hoping to have a similar effect on the 3D community, simple and cost-
effective acquisition of 3D data is one of the driving goals for researchers in computer vision.
Due in part to the closing of the aforementioned video gap, 2D imaging capabilities are
practically ubiquitous. If these capabilities could be adapted to 3D acquisition as well, it
would go a long way towards addressing the asymmetry between 3D processing and capture.

Stereo vision is an attempt to emulate human vision in the sense that two horizontally
separated 2D views of a scene are analyzed to infer 3D information [17]. It has proven
useful in such diverse tasks as navigation, foreground background separation, and facial
recognition. However, it has proven difficult thus far to use stereo vision and other highly

analytic methods to yield the high resolution results needed for modeling and reverse
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engineering. One of many reasons for this is the inherent difficulty of the so called
correspondence problem. Stereo vision infers its 3D information through triangulation. By
knowing where a given point appears in images captured from two slightly different
viewpoints, the distance from those viewpoints can be calculated. The difficulty arises from
the need to know which points within the images represent the same physical point in space
or, in other words, which points within the images correspond to one another. This general
recognition task is known as the correspondence problem. It is this problem that this
dissertation attempts to address directly.

Generating correspondence data is made difficult by the fact that many points within
a scene are too visually similar to discriminate between (i.e. they are mostly featureless) and
that many distinguishing features do not appear identical when imaged from different
viewpoints (i.e. are not viewpoint invariant).

In some applications such as motion tracking, use of sparse correspondence data is
feasible. Either sparse data itself suffices for the application at hand or it can be utilized by
making generalized assumptions regarding scene geometry. In these cases, the problems of
featureless and view variant surface points are less prominent. Features that are identifiable
and view invariant given certain conditions (e.g. after fast Fourier transform) such as edges
and corners can be matched between views. This provides a small number of high quality
correspondences. However, this dissertation is concerned with the correspondence problem
itself and thus with dense high quality correspondence data. For collecting this kind of data,
few approaches in the literature have proved as successful as structured light. In fact, one of
the more prominent uses of structured light systems in the literature has been to assess the

effectiveness of stereo vision algorithms [35].



Structured light mitigates the problems of featureless view varying surface points by
physically projecting onto those surfaces patterns pre-constructed to have features view
invariant under most of the transformations of both projection and imaging. With geometric
knowledge of the single camera and projector, the traditional structured light techniques
reconstruct a virtual view from the projector's perspective as if it were itself a camera. Both
the actual camera image(s) and the virtual image(s) created from the projector's view contain
elements of the pattern that was projected onto the scene. The elements being feature-rich
and view invariant are easy to automatically recognize. It is this labeling of the image(s) with
automatically recognizable elements that allows for a straight-forward solution to the
correspondence problem. Points between images labeled by the same pattern elements are
assumed to be in correspondence.

While effective, traditional structured light techniques have some features that make
them inconvenient for some applications. The need for geometric camera and projector
knowledge as well as, often, a large number of input images make many structured light
techniques too heavyweight for situations requiring more casual data collection. As
described, most structured light techniques rely on the automatic recognition of specific
pattern elements. This recognition sub-task is often accomplished by treating captured
images as the input to a decoder. For example, a temporal pattern element might take the
form of black and white dots that can be decoded as a unique binary number. The quality and
accuracy of this kind of discrete decoding process can be difficult to assess, rendering the
entire process difficult to analyze.

In this dissertation, | present a novel structured light technique which attempts to
address these issues. | call the technique correspondence via noise informed corollary

statistics or CV-NICS. Traditional structured light techniques rely on the recognition of
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embedded elements such as m-arrays or binary codes. CV-NICS is novel in being a purely
statistical approach.

I have re-framed the decode and label sub-task of traditional structured lighting as a
statistical classification problem to derive a new multi-camera approach that has more lax
capturing requirements and is open to a traditional machine learning analysis.

Extensive experiments have shown the approach's effectiveness to be on par with
much more complex structured light techniques, despite its straight-forward implementation.

figure 1.1 compares CV-NICS output to that of several traditional structured light techniques

in the literature. CV-NICS produces data of comparable density and quality.

Fig. 1.1 Point clouds of hands as generated by several traditional structured light techniques.
The first seven images are from the survey paper by Salvi et. Al. They were generated by:
time-multiplexed binary coding, time-multiplexed phase shifted gray code, time-multiplexed
n-ary code, two forms of De Bruijin spatial neighborhood coding, m-array spatial
neighborhood coding, and direct color coding techniques respectively. The last image is the

author’s hand and was generated via CV-NICS.

In the traditional approach, points within views are joined by a third entity, an a priori
known pattern element. In the CV-NICS approach, points within views are instead joined
directly by their statistical properties. Specifically, they are joined by their temporal

dependence as measured by the cosine similarity of their colors over time. Rather than using



projected patterns to inject specific features, they are now used to increase this temporal
independence between different physical surface points. This is accomplished by projecting
random color noise or static.

This focus on independence instills a number of advantages. The ability of the color
static to increase independence between points is mostly unaffected by the transformations of
projection/imaging and is less effected by the frequency shifts inherent in being overlaid onto
color surfaces than traditional patterns. This allows CV-NICS to use fewer sample images
than many other structured light systems and completely eliminates the need for known
camera or projector geometry.

This dissertation will introduce and evaluate CV-NICS in the context of the
correspondence problem. Chapter 2 will introduce the correspondence problem and this
dissertation's formalization of it. Chapter 3 will review the most closely related work in
stereo vision and structured light. Chapter 4 will introduce CV-NICS itself. Chapter 5 will
present an analytical and empirical analysis of the technique and my current results. Chapter
6 is a brief diversion into the 3D reconstruction methodology used throughout this document.
Chapter 7 concludes the dissertation with a high level discussion of CV-NICS. All of the

code associated with this disseration is available on-line at: http://code.google.com/p/cvnics .



CHAPTER 2
THE CORRESPONDENCE PROBLEM

To best describe the correspondence problem, some imagining terminology must be
introduced. | thus begin by briefly introducing the pinhole camera model [28].Conceptually,
a pinhole camera is simply an opaque box (see figure 2.1). The inside back of the box
(relative to the scene or object of interest) is coated in some sort of photosensitive material. A
pinhole is then punched through the front of the box, which faces the scene or object of
interest. Because the box is opaque, any light striking the photosensitive material must
necessarily have passed through the pinhole. It is this fact which creates the primary
geometric property of the pinhole camera: light striking the back of the box had to have

traveled along a straight line defined by the struck point and the pinhole.
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Fig. 2.1 Pinhole camera model. a) the camera consist of an opaque box with photosensitive
material coating the inside back and a pinhole punched through the front. b) For illustration
purposes, all but the back inside and pinhole have been made invisible. ¢) Light coming into
the box and striking the photosensitive back must come through the pinhole, forming a
straight line. d) The colors of the first surfaces encountered along these lines are recorded on

the photosensitive material.

If we ignore light sources and consider only light reflected off non-transparent
surfaces, we can use the pinhole camera model to construct a rather unorthodox definition of
a 2D image: a set of 3D vectors augmented with the color of the first surface encountered
along each vector.

This definition suggest both the challenge of 3D reconstruction from images and a

possible solution. The challenge arises from the infinite nature of the vectors. If a given color
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associated with a vector is blue, it simply indicates that there was a blue surface somewhere
along that particular vector. Where exactly (and hence where in 3D space a surface point
occurred) is not captured by the imaging process. However, the nature of the 3D vectors
suggest a possible solution to this lack of information: multiple images.

Two vectors will intersect at a single point at most. If we employ a second pinhole
camera to image the same scene, it may capture some of the same surface points as the first
camera. If it does, we can reconstruct where in 3D space those surface points are because the
camera-one vectors capturing those points intersect with any corresponding camera-two
vectors at a single point in calculable point in 3D space. Obviously, this reconstruction relies
on a knowledge of the geometry at hand. The geometries of the two cameras must be known
as must their positions in so called world coordinates. In the literature, discovery of this
information is known as: camera calibration and cameras for which this information is
defined are known as calibrated cameras [43]. Besides camera calibration, this
reconstruction process relies on another more subtle piece of information: a mapping
function between the vector sets of the two images.

Lots of inter-camera vectors intersect with each other. For 3D reconstruction, vector
intersections are only interesting if the colors associated with their involved vectors happen
to originate from the exact same surface point. We call such pairs of vectors corresponding
vectors. Finding such pairs is one form of the correspondence problem but such a
formulation is of limited use, as we are interested in the correspondence problem as an image
analysis problem. Therefore, we now relate these vectors to points within 2D images.

Any camera (including a pinhole camera) is a 3D to 2D mapping function, c(.), that
takes in a viewpoint and a real world coordinate (x, y, z in R3). A viewpoint, v, is a real

world location (x, y, z) and an associated orientation (o). For a set viewpoint, c(.) acts as a
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mapping between R3 and an image space, 12, uniquely identified by the said viewpoint. This
mapping is destructive. Multiple x, y, z's result in the same u, v. When we map from R3 to a
12 we call the x, y, z in R3 the originating point. As in the vector description, a projector can
be considered an inverse case of a camera. Thus a projector can be considered a function
p(.), that maps from I2 to R3.

An image is a finite subset of an image space. Assume two images A and B resulting
from the same camera function, c(.), being applied to the same world space R3 from two
different viewpoints a and b. It may be the case that some point in A has the same
originating point as a point in B. That is, there exist some point, p, in R3 for which:

c(a,p) = Ay and c(b,p) = B, . We say that two such image points with the same
originating point are in correspondence. For a given pair of images, finding all such
mappings (4, — B, ) is solving the correspondence problem. We describe an incomplete
solution as dense if it covers a large percentage of the mappings and the mappings it covers
are clustered together in the image space. Conversely, an incomplete solution is sparse if it
covers only a few mappings separated by large areas of image space.

However, to complete the introduced model it must be extended to account for the
optical properties of the surfaces involved. For the purposes of analysis, the scene's global
illumination is broken down into sub-functions associated with a given point x, y, z in R3.
Each x, y, z thus has an associated function [, ,, ,(.) that describes how it interacts with light.
Each [(.) takes in: a viewpoint v (consisting of a point in R3 and an orientation vector), an
incoming intensity i;, a wavelength A, and an incoming orientation o;. [(.)'s return the
perceived intensity i, of the wavelength in question at the given viewpoint. To construct a

complete picture of the intensities a given viewpoint perceives, the appropriate [(.) must be



evaluated for all wavelengths, orientations, and incoming intensities involved (i.e. for all
light sources). This characterization of the [(.)'s ignores prismatic effects, but these are rare
in non-transparent surfaces.

For points in two images to be in correspondence means that they image the same
physical point. However, the imaging process makes it difficult to find correspondences in
the naive manner of mapping image points directly back to their unique originating physical
points. Physical points in R* are always unique even if only because of their unique location,
but this very location information is destroyed by the mapping process of c(.). Perceived
surface properties are of limited use in distinguishing between points, because distinct points
may have identical physical properties. Augmenting a scene with projected patterns must be
carefully attempted. Such patterns are distorted by the projection and imaging processes of
both p(.) and c(.).

While these and other factors certainly make the correspondence problem difficult, it
is by no means insoluble. In the next chapter we will briefly review a family of techniques

that have had particular success: structured light techniques.
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CHAPTER 3
RELATED WORK

One solution to the dilemma of the correspondence problem is a class of traditional
structured light techniques | call labeling or code and recognize techniques [14]. In them, a
projector (now often an LCD projector) is used to display a pattern on the surfaces of the
scene. The scene is then imaged by two or more cameras as usual. The pattern is designed to
have automatically recognizable sub-elements. Being recognizable in the image created by
any given camera, these sub-elements serve as labels that link corresponding points from
different images together and allow for 3D reconstruction. Most structured light techniques
ignore real surface features, focusing on finding and comparing the features known to have
been introduced.

To server this purpose, the features introduced in the scene need to be useful post the
projection and imaging transformations of the p(.) and c(.) functions described in chapter 2.
While lossy, the p(.) and c(.) functions do preserve some geometric relationships, especially
those in the x, y-plane relative to the camera. Much of the structured light literature assumes
known p(.) and c(.) functions and concentrates on constructing patterns that can be
recognized based only on these preserved relationships.

With no loss of generality, the image variables examined in Chapter 2 can be
considered sets of images. This allows for accounting of temporal scene changes and the use
of temporal pattern approaches such as time-multiplexing. These types of patterns have the
advantage of being immune to any perturbation by p(.) or c(.), but have the disadvantage of

requiring more images be taken as they consist of multiple pattern frames. Because of these
11



disadvantages, hybrid pattern approaches combining spatial and temporal approaches are
common.

To know a priori a characterization of p(.) or c(.) is known within the structured
light parlay as having a calibrated camera or projector [4]. Many structured light techniques
take advantage of such calibrated knowledge by a-skewing a multi-camera (or camera
position) approach for a virtual camera approach [42]. Here, correspondences are calculated
not between different camera viewpoints, but between a camera viewpoint and a
reconstruction of the view of the projector.

Regardless of pattern technique or whether a structured light technique uses a multi-
camera or virtual camera approach, the mechanics of determining correspondences are quite
similar. All of the recognizable pattern elements within a view are decoded into unique
identifiers. The same decoding process is undertaken for another view. Treating the unique
identifiers as spatial labels, those points between views sharing an identifier are considered to
be corresponding points. This approach I call labeling. The CV-NICS process is very
different from this labeling approach. The element of interest for CV-NICS is not a priori
known unique identifiers of the traditional approach but the surface properties of the scene
itself.

In general, the literature makes little effort either to exploit or account for the surface
properties of the items in a scene subsumed in our model by the function family I(.) (see
Chapter 2). Most pattern approaches simply use extreme color values combined with

thresholding to mitigate the issue.
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3.1 Overview of Pattern Techniques

With the exception of some work we will cover concerning dynamic and multi-stage
analysis, most of the literature on structured light is concerned with the optimal
encoding/decoding strategy for creating the pattern with automatically recognizable sub-
elements. An excellent introduction to many of the topics of this section is the survey paper
by Salvi et. al. [32], which can be consulted for further information.

Salvi and other categorize structured light techniques by pattern, identifying three
main categories of patterns: Direct Coding, Spatial Neighborhood, and Time-multiplexing.
Obviously, time-multiplexing can make use of temporal encoding, though there exist
temporal versions of all of the techniques. All of the coding schemes are usually applied
using a virtual camera.

Direct codes usually encode a semi-continuous property such as a point's u, v
coordinate in the pattern as another easily projected semi-continuous property such as
intensity from pure black to pure white [1]. While theoretically primitive, these encodings do
possess some desirable properties. Foremost of these is that points with close properties have
close encodings. This can mean that even erroneous recognition can still be useful [9].

Spatial Neighborhood uses complex graph theoretic properties to generate 2D
patterns with uniquely identifiable “neighborhoods™ [2,8,11,13,16,26,27,37,38]. These
neighborhoods are made of smaller elements such as dots that are not themselves uniquely
recognizable. To identify one of the sub-elements requires looking at its immediately

surrounding elements. Often these patterns employ a finite number of colors.
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Fig. 3.1 A spatial neighborhood De Bruijin code. Each circular area has a unique
combination of black and white neighbors. This allows the space around an area to uniquely

identify it.

Fig. 3.2 A spatial neighborhood M array code. Here, M= 6. Any given dot is surrounded by
a unique combination of colors. As with the De Bruijin codes, this allows the space around

an area to uniquely identify it.

Time-multiplexing, as its name implies, makes sub-elements recognizable via a series
of changes over time (i.e. between multiple images) [18, 24]. For example, sub-elements can
be turned black or white over a period of time such that each sub-element represents a binary
number. As the number of images can be extended somewhat arbitrarily, Time-multiplexing

is the least constrained of the techniques in the amount of information it can encode. As
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mentioned, the other encoding techniques can be extended to make use of time, but many

forms of multiplexed patterns do not have a static analogue.

3.2 General Issues with Structured Light

The largest limitation of traditional structured light techniques is that they do not
completely eliminate the need for some form of automatic recognition. While recognizing
and decoding explicitly encoded patterns projected onto a scene is certainly a more closed
recognition task than the actual correspondence problem, it is still a recognition task with all
of the computational difficulty that implies. As a consequence, there is usually a limit to how
small the elements of a structured light patterns can be made while still being reliably
recognizable. Unfortunately, it is often this factor rather than camera or projector resolution
that limits the resolution of structured light based reconstructions.

Related to this issue is the fact that most scenes/objects that one might want to
reconstruct are usually made of surfaces that are far from ideal screens for the projections
used by structured light. Most surfaces perform (at least) linear transformations on the light
that reaches them. This further limits the fidelity structured light patterns can bring to bear.
The work in this dissertation seems to indicate it is this “surface-distortion" that creates the

observed [1] problems of direct coding.
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3.3 Advanced Techniques

Due to their high quality reconstructions, | will here give a slightly more in-depth
examination of three techniques from the literature: those of Scharstein, Zhang, and Fofi.

Scharstein's technique involves a calibrated camera and a projector with unknown
geometry [36]. He uses a series of binary time multiplexed codes chosen so that close sub-
elements share a close encoding (a so-called gray code). Using images of the gray codes
obtained from two camera positions, he produces a 3D reconstruction of the scene.
Comparing this reconstruction to his obtained images, he is able to reverse engineer the
projector geometry. He is then able to apply a virtual camera technique to yield two more
reconstructions (one for each camera and projector combination). He applies averaging and
heuristics to combine his previous three reconstructions into a final 3D reconstruction.

To lessen problems with his patterns interacting with scene surfaces, Scharstein takes
his images under four different conditions: the pattern series with exposure times of .5 and .1
seconds, and the inverted pattern series at exposure times .5 and .1 seconds. When it comes
time to recognize individual pattern elements, Scharstein is thus able to choose the conditions
that maximize the binary illumination differences at a per pixel level. This allows for the
mitigation of almost any effect of surface [(.)'s. While this approach undoubtedly contributes
to the high quality nature of his results, it also adds a great deal of procedural overhead to his
technique. Besides needing a fully calibrated camera at up to 80 images are needed. Figure

3.3 shows a capture session.
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Fig. 3.3 Scharstein’s gray codes at work. This picture shows a typical structured light capture
session. The scene is illuminated via a pattern from an LCD projector and imaged by a

normal 2D camera from one or more viewpoints.

Zhang was among the first in the literature to realize the inherent limitations of the
code and recognize approach. While his Space-time Stereo technique employs time-
multiplexed color gray codes, it does not attempt to decode them into labels directly. Instead,
he uses a multi-pass dynamic programming analysis to minimize the difference between the
images predicted by a (iteratively refined) 3D reconstruction and the images actually
observed by two cameras [42]. Lavoie [23] applies a similar analytic step.

In a giant step towards making traditional structured light techniques viable without
calibration, research by Fofi and Furukawa [5, 6] uses post-capture analysis to allow for
accurate 3D reconstructions from sparse 2D correspondence where the capture geometry is
unknown. We consider this work highly complementary to our own as we facilitate the

collection of dense correspondence data without calibration.
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3.4 Stereo Vision

It is possible to consider CV-NICS a stereo vision technique. It is most strongly
related to the early foundational stereo vision work as it utilizes basic similarity metrics
(Pearson's p and cosine similarity) and a simple 2D search window approach. Stereo vision
in general is concerned with features invariant to the viewpoint dependent imaging process
c(.). Structured light is usually distinguished from stereo vision by its dependence on
projected patterns, and by its concentration on a priori known rather than natural scene
features. CV-NICS features the former but not the latter. However, the use of projected
patterns is an important distinction, and | believe CV-NICS is thus best classified as a
structured light technique and not a stereo vision technique. In any case, that is the viewpoint
I have chosen to take in this dissertation for the purposes of a self-contained analysis with

familiar tools. | mention stereo vision here for the sake of completeness.
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CHAPTER 4
CV-NICS

Attempting to reproduce many of the techniques | have discussed, | quickly became
motivated to investigate techniques that would be simpler to implement and would be more
forgiving of capturing conditions. As mentioned, most of the popular techniques in the
literature required a pre-calibrated camera. This is fine from an academic perspective as
camera calibration is its own research and engineering problem. However, from a laboratory
perspective this meant that to actually use these techniques required a long, drawn-out, and
tedious calibration process [43]. Those techniques which do exhibit some form of self-
calibration often require taking so many additional images that for short capture sessions
little or no labor is saved over having a calibration stage. As for actual programmatic
implementation, most structured light techniques are not overly complicated but proper
recognition, encoding, and decoding of the patterns involved is still far from a trivial
programming task.

I began to examine the source of complexity in pre-existing techniques. The most
obvious was camera calibration. Obviously, some kind of camera calibration is required to
reconstruct geometry from correspondences but this is not why most pre-existing techniques
require camera calibration. As | will show, subjectively good 3D reconstructions can be
produced with almost no knowledge of camera geometry. Most structured light techniques
require camera calibration not for accurate reconstruction but for accurate recognition.

Recognition of (for example) spatial neighborhood codes requires that a certain degree of the

19



pattern distortion created by the act of projection be reversed. This requires camera geometry
knowledge.

The complexity of the programs involved in structured light techniques is, like the
need for camera calibration, tied to the fact that a recognition task is required. Pattern
recognition is---of course---its own research problem and can be quite complicated.

Based on this, | decided to investigate tackling the correspondence problem directly
instead of relying on an intermediate labeling. This would allow me to skip the implicit
recognition task that labeling required. | was familiar with co-linearity and that such close
correlation was one operational definition of identity. | decided to investigate how well a
simple statistically driven structured light approach might perform. As a result of this
investigation, I have developed CV-NICS.

It should be noted that | am not the first to attempt to build a structured light system
based purely on summary statistics. In fact, many of the authors I have already cited (most
notably Zhang) investigated the idea before dismissing it as unworkable. However, unlike
previous systems CV-NICS seems to work well in practice [31], its performance seeming to
derive from its exploitation of local illumination (see chapter 5).

CV-NICS is a hybrid process for solving the correspondence problem combining
aspects of structured light and statistical classification. It utilizes a single camera and

projector. The process can be roughly divided into three stages.
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4.1 Capture

This stage is almost identical to a traditional structured light approach. A scene or object of
interest is prepared. The projector is positioned as close as possible to the scene while
retaining the ability to both focus and completely cover the desired details. Two camera
positions (viewpoints) a and b are chosen, with the restriction that they are roughly coplanar
with the projector. With the camera in position a, the projector is set to display each of ten
pattern frames in turn. The camera captures one image for each frame displayed. This
process is repeated with the camera in position b and results in two image sets 4 and B.
Separating CV-NICS from other structured light techniques is that the pattern used during
this stage is in some sense completely unstructured and consist of color static (see section
4.5). Figure 4.1 shows two image sets, one per row. Each row of pictures was taken from a
slightly different viewpoint. Each column’s images were captured under the same lighting

conditions, illuminated by one of the 10 CV-NICS patterns.

Fig. 4.1 A complete dataset for a CV-NICS capture session.

21



4.2 Search

We call each point of interest in A a target. For every u, v in both 4 and B there is an
associated vector defined as the values of the three-channel color intensities that occur at that
point. If R,, ,, ; indicates the red intensity in the first image of the set occurring at u, v, Gy, 4
indicates the green intensity in the fourth image, and so on. Then the vector associated with
u,vis:

[Ruv,1 Guw,1 Buwa Rupz Guw2s Bupzs -+ Rupi10 Gup,100 Buw,o]

For each target in A, a search is conducted comparing its associated vector with every
vector associated with the points in B. The comparison is made by way of cosine similarity
and the most similar vector is declared the target's match. The point associated with this
matching vector, u’, v', is considered to be in correspondence with the target point. This
process is repeated for every u, v of interest and a u, v, » u’, v’ mapping is thus created,

solving the correspondence problem.

4.3 Assessment

Common to all structured light techniques are the problems of occlusion and poorly
reflective surfaces. Viewpoints being distinct, some surface points will not actually be visible
in both images. Other surface points, such as those in shadows, may not image the projected
patterns well and will have little temporal variance. Attempting to match such points will

lead to erroneous matches. Rather than detect these situations beforehand, a threshold for

22



similarity is established and mappings generated in the last stage form vector pairs with low

similarity are removed from the data set. See section 4.5 for details.

Fig. 4.2 Images representing different points in the CV-NICS process.

Images from several points in the CV-NICS process are shown in figure 4.2. The top
two images were each taken from a slightly different viewpoint but while the same CV-NICS
pattern was projected onto the subject, a plush toy. The bottom left image is a disparity map

representation of the correspondence data generated. The bottom right image is a simulation
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of the scene as viewed from an angle from which the camera was never actually placed (see
Chapter 6).

The actual implementation of CV-NICS (see section 4.5) makes several
optimizations, but the ideas presented above remain unchanged. Such a straight-forward
procedure may seem unlikely to produce any usable correspondence data at all, but extensive
experiments have shown just the opposite. CV-NICS is indeed capable of producing dense
high-quality correspondence data under robust capturing conditions. Our probabilistic
analysis (see section 5.1), suggest some probable causes for this surprising effectiveness and

we discuss others in Chapter 7.

4.4 User Interaction and Optimizations

As will be discussed in section 5.1.3, the search window size plays a crucial role in CV-NICS
accuracy. More important practically, it is the dominate factor of runtime, as it dictates the
number of comparison operations needed per point of interest. The current implementation
allows for the search window to be constrained by allowing the user to manually provide the
correspondence pairs for the closest and furthest points of interest. The user simply identifies
a common point in both images and provides the (image) coordinates of each. This constrains
the size of the 2D search window, and in practical use has decreased CV-NICS runtime
exponentially.

The current implementation provides one additional user guided optimization. The
user can use normal image editing software to annotate an image from either viewpoint set.

This is done by simply coloring over the existing image. Only the annotated points will be
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search for correspondence pairs. This mechanism can be used to speed up the CV-NIS

process when only a portion of the captured image is of interest.
4.5 Tuning Parameters and Implementation Specifics

The color static pattern used in the experiments was created by first assigning each
projector pixel a random number. To generate the pixel value for the it" image, the 3it"
through the (3i + 2)" bits were multiplied by 255 and assigned to the R,G, and B color

channels. The random numbers were generated modulo 23° from a pseudo-Gaussian
30
population with both standard deviation and mean of 27

Chapter 5 will discusses how an idealized version of CV-NICS would match on
continuous wavelengths instead of the intensities of discrete sub-bands (i.e. RGB color). As
an attempt to better approximate this ideal and to avoid having to use arbitrarily large number
representations within the cosine similarity search, the current CV-NICS implementation
does not perform assessment (see section 4.3) using cosine similarity, but instead Pearson's p
and standard variance on grayscaled versions of the images. The actual search is still
performed with cosine similarity (with Java double precision), only the assessment stage is
carried out using Pearson’s. Any match whose points have a temporal variance lower than 10
(in pixel intensity) or a correlation with its match of less than .8 is removed from the data set.
Another reason Pearson’s is used at this point is that it gives the filtering parameters a more
intuitive meaning than the spatial cosine metric.

A five mega-pixel Sony DSC-F707 was used for all imaging. The projector used was
a 1024 x 768 Toshiba TLP-XD2000U XGA.
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The full CVV-NICS source code is available on-line at:

http://code.google.com/p/cvnics .
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CHAPTER 5
RESULTS
If CV-NICS were simply an effective structured light technique, it would not be
particularly interesting from an academic point of view. However, being statistically based
CV-NICS yields to several analysis methods difficult to apply to other structured light
methods. This chapter presents one such analysis: a probabilistic bounds on CV-NICS
performance. It also presents empirical evidence of CV-NICS effectiveness and some

qualitative but still empirical observations

5.1 Analysis

We will now analyze CV-NICS from a machine-learning/statistical-classification

perspective. We begin with a re-examination of some of the physical details.

5.1.1 Surface Properties and Illumination Constraints

We describe the illumination properties of a surface at point x, y, z as an arbitrarily
complicated (non-linear) function [, ,, ,(.) parameterized by a viewpoint and wavelength of
interest (see chapter 2). Information about light sources (distance, angle, etc.) is encompassed
inan [(.) and is not independently modeled.

One way of framing the CV-NICS search process is that given a target point x, y, z

and its associated I, ,(.), CV-NICS searches for the x', y’, z’ whose associated L,/ ,+ ,/(.) is
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most similar. Given such a characterization, a loose upper bound on CV-NICS's spatial
accuracy is the point at which it becomes impossible to distinguish one I(.)'s from another.

[(.)'s capture both a point's surface and illumination properties. Surface properties are
not necessarily unique. Different physical surface points may be made of the same material,
have the same surface normals, etc. However, illumination is a product not just of the
relevant light sources but distance and angle to both those sources and the surfaces that might
reflect light from those sources. IHlumination is thus a spatial property. Points with non-
identical locations cannot in principle have completely identical I(.)'s.

While the fact that no two physically separated points can have identical [(.)'s is
physically true, such distinctions may well be beyond our process of characterizing an I(.)
by sampling its behavior according to cosine similarity from a particular viewpoint over a
finite number of changes to the light source wavelengths. To our chosen analysis and
equipment, it is very likely that very close surface points will seem to have identical [(.)'s.
For the purposes of analysis, we thus use the more conservative assumption:

[(.)'s that do not share light sources cannot be identical.

Assuming we regard each pixel of the projector as a light source, a key question
becomes: How much physical surface space does such a light source effect? This space is in
some sense the maximum area within which [(.)'s cannot be distinguished from one another.
The size of this area will be scene, projector, and camera specific, but is measurable. Figure
5.1 shows such a measurement. It is the result of combining two images of a paper screen
captured with the camera and projector one meter distant. The superimposed grid represents
the projector resolution (with roughly 100 camera pixels per projector pixel). The two

patterns projected where 1) a completely black pattern and 2) a pattern with a single solid
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green pixel. Gray marks those pixels which were changed by 5% or more by the introduction

of the full green pixel.

Fig. 5.1 The effects of a single projector pixel on its surrounding pixels. The superimposed
grid represents the projector resolution, each projector pixel taking up approximately 100
camera pixels. Gray marks those areas whose color values change by 5% or more when the

center projector pixel is fully illuminated.

The capturing conditions of figure 5.1 are almost ideal for light leakage. The surface
involved is unusually reflective (white paper) and perfectly parallel with the projector, the
projector and camera are unusually close, and the camera (like most commercial cameras) is
more sensitive to the green color band than any other. Given how favorable these conditions
are, it would be extremely unexpected for an [(.) to have properties identical to an I(.)
separated by even one projector pixel. However, in the interest of a conservative analysis,

this 4+/— single projector pixel ambiguity is assumed.
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In the next section we will examine the implications of this assumption to overall CV-

NICS accuracy.

5.1.2 Conservative Accuracy Bounds

Due to the use of temporal patterns, in CV-NICS the wavelengths of the light sources
change over time. Thus, over the entire capture process, an x, y, z points is associated not
with a single I(.) but many. We drop the concept of an [(.), and replace it with an L: a
random variable of an unknown distribution of wavelength combinations. As with the
individual I(.)'s, each surface point x, y, z has an associated L, ,, , that is unique up to +/—
one projector pixel (see section 5.1.1).

Provided that surfaces lack prismatic properties (see section 7.1), observations of the
wavelength makeup of a particular instance of an L at a specific time are viewpoint neutral.
The individual intensities of the wavelengths observed will vary, but their presence or
absence will hold except in cases of extreme detector distance and insensitivity.
Conventional cameras do not record arbitrary wavelengths but intensities within defined
bands (i.e. RGB), so in practice CV-NICS is an approximation of this ideal (again, see
section 7.1).

We now characterize the probabilistic performance of CV-NICS as a statistical
classifier. Given a target point u, v from an image set 4 and m candidate points from another
image set B, CV-NICS will hypothesize a particular candidate ¢ as being physically identical
(representing the same R3 x, y, z).

CV-NICS picks a ¢ by examining each candidate point's associated L for cosine
similarity with the L, associated with the target point. The most similar candidate c is chosen

as ¢.
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We define 6(L;, L,) as the cosine similarity between vectors of samples from the L,
and L, random variables. We call |E(6(L¢, L1)) — E(0(L¢, Ly))| the 6-gap between L, and
L,. Of course, we do not have direct access to 8-gaps directly and must use estimates. These
6-gaps are based on a samples of finite vectors. |#-gap — 8-gapl| is the error on an estimate
of a 8-gap, and we denote this quantity as e. If the §-gap between two L's is € or less, we say

they are e-equivalent. We denote e-equivalence with the = operator.

We assume that the search window (the m points from B) of candidate c's actually
contains the corresponding point, which we denote c. W can calculate the probability that
CV-NICS will pick a ¢ that is e-equivalent to this point.

Let us examine an m = 2 case with c's ¢; and c,, associated L's L; and L,, and an
observed 8-gap between c; and c, that is greater than e (otherwise both c; and ¢, would be

€-equivalent to each other).

In the case described, CV-NICS will choose c; as ¢ over ¢, because of the positive
6-gap between c¢; and ¢, suggest that 6(L,, L;) > 6(L,,L,). The probability that c, is the
wrong choice of ¢ is the same as the probability that the observed 8-gap is a complete
overestimate, that the true 6-gap between ¢, and c, is zero or less.

To calculate the probability of completely overestimating the 6-gap, we first we
observe that:
L, - Ly
is proportional to (L, L,) when the L’s involved have unit second order moments. We note
that this equality could be enforced (by normalizing the data), but for analysis purposes it is

here assumed. We further note:
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Ly - Ly = o Ly Ly

by the definition of the dot product. Recall that each L vector contains a value for each color
channel, and hence there are 3n components for the n sample images.
Hoeffding's inequality states that the likelihood of overestimating the sum of a set of

n random variables by at least § is less than or equal to:

(5.1) 252
2e — =3 >

where b; and a; are the bounds of the relevant random variable.

Substituting our derived summation into 5.1, we see that the probability of making an
error of magnitude & or larger when estimating the cosine similarity from a finite random
sample is less than or equal to 2e~65°n However, we are not interested in arbitrary values of
6. We are interested in the case where § is large enough to effect the CV-NICS choice of ¢.

Recall again the m = 2 case of ¢; and c, with a positive -gap. Let us say that the
6-gap is y and favors c,. Obviously, to shift the choice of & from c; to c, the cumulative
error must be greater than the 8-gap of y. In the spirit of a conservative analysis, we
approximate the chances of such a cumulative error with the probability that any single &
exceeds y /2. By substitution into the Hoeffding inequality the probability that a single cosine
estimate will be inaccurate by y/2 or more is calculated to be less than or equal to:

26—1.5}/211
Applying the union bound, we see that the probability that neither of the estimates will

exceed y /2 is greater than:
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(5.2) 1 — 4e-15¥°n

Thus for the m = 2 case, the Pr(¢ ~ ¢) > 1 — 4e~157""_ Notice the use of the ~
rather than the = operator. ¢ is not guaranteed to be equal to the true match just e-equivalent
for e < 8-gap (i.e. y).

If we let all the observed 8-gaps be characterized by their minimum, we can

generalize 5.2 for m > 2, yielding:

(5.3) Pr(¢ ~ ¢) > 1 — 2memin (9-gap/2)*n1.5

5.1.3 Characterization

We now characterize equation 5.3 by its big-O form:

(5.4) 0( — me~min (@-gap)zn)

The most interesting observation regarding equation 5.4 is the balance between the

A~ 2 .
min(e-gap) term and the m due to the presence of e. They are dominant to be sure, but
geometric constraints (in the form of search window size m) do not dominate accuracy as

heavily as would first appear.
Another interesting observation is that given that min(8-gap) is not degenerate (i.e.

0), CV-NICS cannot fail but succeed if given enough input (n).
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CV-NICS performance seems to be dependent on 1) available geometric constraints,

2) scene challenge, and 3) input size in that order.

5.2 Empirical Performance

We now present empirical evidence of CV-NICS performance by comparing its
correspondence data to human generated results. To show the flexibility of the CV-NICS
approach, this is done for two subjects at the extreme ends of the structured light capturing

scale: a macro scene and a scene with an extremely large object.

5.2.1 Macro Object

We begin by capturing the mask shown in figure 5.2. The two viewpoints were
horizontally separated by approximately 30 centimeters with the camera located
approximately 60 centimeters from the subject. The mask is shown in figure 5.2 with the
projected grid pattern used for manually collecting data. The mask makes an interesting
object choice because it is a completely featureless uniform shade of white (the grid shown in
figure 5.2 is being projected). This lack of features make it particularly challenging for most
heuristic or Al based stereo vision techniques and ideally suited to a structured light

approach.
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Fig. 5.2 The two views used to generate the macro dataset.

For a sense of scale, the mask is shown in figure 5.2 with a standard Expo white
board marker. Both views were captured with the camera approximately 90 centimeters away

with a horizontal separation between views of approximately 30 centimeters.

5.2.2 Room Scale Object

CV-NICS differentiates itself from the majority of structured light techniques from
the literature by not being limited to small objects or diorama scenes. The second test case
(shown in figure 5.3) is of a room-scale object over 8 feet tall and 7 feet wide. The scene was
imaged from a distance of approximately ten meters with a vertical separation between views
of approximately 40 centimeters (the camera was moved up and down on a vertically

adjustable tripod).
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Fig. 5.3 The authors and his 8’ by 7 pachyderm companion Al. This photo was taken from

one of the two viewpoints used to generate the room-scale dataset.

5.2.3 Manual Matching

We here compare the automated results of our process to a rigorous procedure for
manually finding a limited number of correspondences. In addition to random noise, we also
projected onto each view a grid pattern (see figure 5.2) and took one additional image with
this pattern visible. These images were then loaded into a photo manipulation program where
the top-left and bottom-right points of grid intersections were manually identified. This
information was used to construct roughly 12 by 12 rectangular collections of pixels we call
patches. The patches within each view were then manually mapped to each other, providing
rough correspondence data. To ensure accuracy, this process was carried out twice. Conflicts
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between attempts (.e.g. different mappings, different top-left and bottom-right points) were
manually resolved. If a patch covered a truly ambiguous point and a manual decision could
not be reached, that patch was thrown out. Patches that covered occluded or non-reflective
points were also removed. Following this procedure, 100 patches of known correspondence
were generated for the macro data set, and 72 for the room-scale data set. The 100 macro
patches can be seen in figure 5.3. The results of comparing the automatic computed

correspondences to the manually matched data can be seen in table 5.1.

Scene | Average | Std.Dev. | Coverage
macro:
pre-filtering: 1.01 0.87
post-filtering: 0.97 0.89 85%
room-scale:
pre-filtering 0.87 1.03
post-filtering 0.73 0.75 54%

Table 5.1 Disagreement between manual and automatic matching in absolute pixel distance
before and after error-correcting filtering. The statistics are for a subset of pixels within the
images that were matched manually. Coverage is percentage of this subset kept by filtering

not percentage of total image pixels kept.

37



Fig. 5.4 The mask under normal lighting conditions and with manually matched patches
super-imposed. These small collections of pixels were carefully placed within two separate

views to provide an approximation of ground truth correspondence.

Each scene was twice compared to a manual matching: before and after filtering out
pixels that did not meet the statistical requirements presented in section 4.5. In each case,
disagreement was measured in pixel distance. If the automatic process proposed a
correspondence point of u, v and the manual process found it to be u — 2, v, this was marked
as a disagreement of 2.

The filtering percentages track which pixels inside the manually marked patches were
removed by the filtering step. This is an important distinction to note. In the case of the room
scene, 46% of the pixels within manually marked patches were removed not 46% of the
pixels in the image.
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Before filtering, the macro process disagreed by 1.01 pixels on average with a
standard deviation of 0.87 pixels. Filtering improved this somewhat resulting in an average
disagreement of 0.97. This was at the expense of a somewhat wider standard deviation of
0.89. Only 15% of the patch pixels were removed by the filtering process for this scene.

The room-scale scene was more improved by filtering than the macro scene.
Originally disagreeing by 0.87 pixels on average, this was improved to 0.73. Its standard
deviation was improved as well: from 1.03 to 0.75. This was at the expense of coverage. The
filtering process removed 46% of the room scene's patch pixels.

While both datasets are relatively small, their equally small standard deviations
suggest that we can conclude the manual and automatic processes are in (statistical)

agreement.

Fig. 5.5 A (left) unfiltered and (right) filtered disparity map of the macro data set. The
correspondences of each pixel was used to calculate a horizontal shift. This was then
normalized to a gray value between 255 (no shift) and 1 (maximum shift within the data set).

Absolute black represents missing data.
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Fig. 5.6 A (left) unfiltered and (right) filtered disparity map of the room-scale data set.

Figures 5.5 and 5.6 contain the filtered and un-filtered disparity maps generated from
the macro and room-scale correspondences, respectively. Each pixel is gray shaded by its
normalized correspondence offset (i.e. how far away horizontally it moves between images).
The possible shades are between 255 (white, no movement between images) and 1 (dark, the
maximum horizontal shift in the data set). Actual black represents missing or ignored pixels.

We here investigate the convergence of the automatic correspondence process
towards the manually generated data. For the case of the macro data set, Figure 5.7 displays
such convergence in terms of both the average absolute error and its standard deviation.

The average disagreement with the manual data set (in terms of absolute pixels)
improves exponentially. The standard deviation improves linearly. Figure 5.8 shows linear
and exponential curves that have been fit to the data set. The fitness of these models can be

evaluated in figure 5.9 where they have been composited with the original data.
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Fig. 5.7 Raw data trends for the macro dataset.
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Fig. 5.8 Interpolated models for the macro dataset.
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Fig. 5.9 Data and models composited together.

5.3 Empirical Characterization

This section focuses on empirical results that directly relate to the qualitative features
of CV-NICS as well as the characterization made in section 5.1.3. | will begin with an
example of CV-NICS’s robustness to poor capturing conditions.

Examine figure 5.10, a single image from a set captured under less than ideal
conditions. The three objects involved, a clock, a doll, and a telephone were captured from
approximately one meter away by a set of CCD cameras meant for robotic and embedded

system use. The image is low resolution, poorly focused, and improperly color balanced. The
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patterns are being projected by a low luminance pocket projector. However, despite these
restrictions CV-NICS is still able to generate a large number of correspondence pairs as

shown in figure 5.11.

Fig. 5.11 Disparity map based on the data from figure 5.10

The depth features of the telephone are almost fully discernable as is a large portion of the
doll. Interesting to note is the effect of poor focus in both the image and projector. They
reduce the effective resolution of the disparity information. Note how the disparity map has

large “clumps” of pixels sharing the same disparity.

44



While figure 5.10 shows a particularly pathological case, none of the images
presented in this dissertation were captured under conditions that would be considered
optimal by the literature. Color balance was handled completely in camera and except for the
room scale dataset where a tripod was employed no rigging of any kind was utilized to
restrain the camera’s movement to simple horizontal translation. Every dataset shown had
some degree of extraneous vertical motion, showing that CVV-NICS is robust to such errors.

The analysis of section 5.1 suggest that CV-NICS derives its power from the
exploitation of local illumination properties. This notion makes intuitive sense because on
their own the patterns used by CV-NICS are very low bandwidth with each pixel encoding at
most 239 bits of information (three channels on or off over ten images). In the literature,
those that attempted to use corollary information and found it lacking [41] used a virtual
camera approach which cannot exploit this local information. Figure 5.12 and 5.13 supports
the idea that CV-NICS performance is due mostly to its making of a feature to feature
comparison. Figures 5.12 and 5.13 show disparity maps of the same action figure. Figure
5.12 was created using a virtual camera approach that compared one image set to a properly
distorted reference pattern. Figure 5.13 was created by comparing image sets captured from
different positions. The failure for the virtual camera version to converge (seemingly at all)
supports the assertion that CV-NICS performance derives from its sensitivity to local

illumination.
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Fig. 5.12 Disparity Map of an action figure generated using a virtual camera approach
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Fig. 5.13 Disparity map of the same action figure as in figure 5.12 generated using a mult-

position approach

A natural area of investigation is the role of the similarity metric in CV-NICS
performance. However, perhaps because of the temporal nature of the comparisons
performed initial investigation into this topic has revealed little differentiation between
metrics. Figure 5.14 is a good example. It shows a cosine similarity based disparity map on
the left and a Pearson’s rho based map on the right. In section 5.1 unit normality of the

incoming vectors was assumed for ease of analysis. Figure 5.14 suggest that such an
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assumption is not unjustified. By their definition Pearson’s rho and cosine similarity are
equivalent when the data is normalized. The equivalent performance of the two metrics

suggest that the data is not so far from such a state.

Fig. 5.14 Disparity maps of an action figure generated using two different similarity metrics.

Cosine similarity was used on the left, while Pearson’s rho was used on the right.
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CHAPTER 6
APPROXIMATE 3D RECONSTRUCTION

Throughout, this dissertation demonstrates the density of CV-NICS correspondence
data by constructing ad-hoc 3D reconstructions. This chapter briefly describe the
methodology for such reconstructions.

Begin with the correspondence data of interest C, in the form: u, v, hd, vd where u
and v are the coordinates in image space and hd and vd are the intra-image disparities (in
horizontal and vertical pixels). Estimate a volume b that would bound the points of interest in
R3,

We now define linear transformations between the space of C and the real world:

by

max(u) — min(u)

x = (max(u) —u)

by

max(v) — min(v)

y = (max(v) — v)

bg

z = (max(hd) — hd) max(hd) — min(hd)

where: b, by, and b, are the bounding volume's width, height, and depth. Please note that
these equations actually generate the mirror image of a coordinate in C in real world
coordinates.

With the above equations, every point in C can be converted to a equivalent depth
cloud D. Figure 6.1 shows such a cloud, generated from the room scale data set.

As with the image in figure 4.2, figure 6.1's depth cloud is viewed from an angle from

which images were not actually captured and represents a rough view reconstruction.
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Important to note is that neither figure 4.2 or figure 6.1 contain any interpolated data. For any
non-black pixel in either image, there is a calculated correspondence pair. Since both
reconstructions were performed post-filtering, they are good representations of how dense the

correspondence data from CV-NICS tends to be.

Fig. 6.1 Point cloud of the room scale dataset generated by applying Equations X, Y, and Z.

As with the image in figure 4.2, figure 6.1's depth cloud is viewed from an angle from
which images were not actually captured and represents a rough view reconstruction.
Important to note is that neither figure 4.2 or figure 6.1 contain any interpolated data. For any
non-black pixel in either image, there is a calculated correspondence pair. Since both
reconstructions were performed post-filtering, they are good representations of how dense the

correspondence data from CV-NICS tends to be.

50



CHAPTER 7
DISCUSSION
This chapter presents a high-level closing discussion, beginning with the threats to the

validity of the analysis presented.

7.1 Threats to Validity

The largest threat to the validity of the presented analysis is that commercial cameras
do not allow direct access to light wavelengths and instead provide intensity values for the
red, green, and blue sub-bands. With access to only this information, a viewpoint neutral
comparison of color makeup is not strictly possible. However, the error introduced by this
approximation is very likely smaller than the uncertainty introduced by the limits on
projector and camera resolution. The effects of this approximation are further mitigated by
the use of extreme intensities within the random patterns (see section 4.5).

The current analysis completely ignores the possibility of prismatic effects or purely
secular surfaces, where color depends on viewing angle. CV-NICS simply can't be applied to
surfaces such as mirrors, holograms, or transparent glass. However, even when such surfaces
are present they will not disturb the processing of the remaining scene surfaces.

The most significant threat to internal validity of the presented empirical work is a
lack of ground truth data for performance evaluation. The manually provided dataset is small

and its relative accuracy is unknown. However, the extremely small statistical variances
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provide confidence that the manual and automatically generated datasets do not significantly
differ. This alone has practical value for a number of applications where manual

correspondence matching is currently used (e.g. special effects).

7.2 Discussion

Given that a point in the CV-NICS pattern set contains at most 23° bits of information
(see section 4.5), the cosine based discrimination of CV-NICS performs far better than
expected. This is because the information encoded in the projected pattern is not the primary
source of data for CV-NICS discrimination. As discussed in chapter 2 and section5.1, surface
illumination properties are inherently local. CV-NICS performs a feature to feature search,
and can thus utilizes this local information in its point comparisons.

There has been a trend in the structured light literature towards temporal pattern sets
because they are invariant to many of the transformations of projection and image capture.
On its own such invariance is desirable, but when these are combined with direct recognition
the implementing technique becomes invariant to the potentially useful information of local
illumination properties as well. The high performance of CV-NICS relative to its complexity
indicates that such information is very rich. This suggest that if existing temporal pattern
structured light techniques were modified to use a multi-viewpoint feature to feature
comparison instead of direct decoding, they might be able to significantly reduce the number
of images require for the same level of performance.

Another possible advantage to incorporating a feature to feature comparison instead

of direct encoding is analyzability. It is difficult, for example, to image how an analysis like
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that of section 5.1 would be constructed for a technique that directly decoded a gradient or
used an m-array. The probabilistic nature of a feature comparison allows for natural quality
assessment.

The current implementation of CV-NICS is a simple threaded search. The points of
interest in image set A are split into eight groups and a single thread processes each group,
searching for the point best matching in set B. The only state kept per point is the current
best match, so there is no need for threads to communicate. In principle, this approach could
be extended to a thread-per-point SIMD approach, but we have found current runtime
performance acceptable. The current implementation can process a five mega-pixel dataset in
approximately 20 minutes on a modern 2.4Ghz Intel Core 2 Quad processor. The original
goal for CV-NICS was to be a light-weight alternative to traditional structured light
approaches, with lower implementation, capture, and data requirements. Our experiments
indicate that CV-NICS can indeed fit this role. Figure 7.1 was produced using only 10
images per viewpoint and using no camera rigging at all but by instead repositioning the
camera by hand. For this kind of performance, CV-NICS is the most casual correspondence

data collection method the authors are aware of.
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Fig. 7.1 A reconstructed profile view of the masked based solely on the images in figure 4.1.

7.3 Future Work

Besides tightening the bounds of chapter 5, the most promising area for investigation
seems to be the 6-gaps (see chapter 5). Are there surface properties other than poor

reflectance that yield smaller 8-gaps? What can be done to the patterns themselves to
improve these gaps? The patterns projected are semi-uniform random, but this property is not
guaranteed to be preserved after transformation by the p(.) and I(.) functions. It would be
interesting to create an “adaptive” version of CV-NICS which used the observed images to
attempt to mitigate these effects by making real-time changes to the projected patterns.

Would such a system perform better or worse than the current system? Such a system could
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also be used to determine the ideal role of the I(.) function. Such investigations of specific

0-gap properties are the next logical step for CV-NICS research.

7.4 Conclusion

We have presented a novel structured light approach, CV-NICS, that introduces
elements of statistical classification. We have characterized its performance both through
mathematical analysis and empirical experimentation.

For applications requiring a more casual correspondence data collection process or a
straight-forward implementation, CV-NICS presents many advantages. CV-NICS requires
relatively few input images to produce dense correspondence data and it does not require
camera or projector geometry knowledge. Since the pairing process of CV-NICS is based on
similarity metrics, each pairing has a natural quality assessment statistic and correspondence
pairs can be thresholded on this quality.

We have shown that CV-NICS is able to perform as well as more complex structured
light techniques by exploiting local surface illumination properties in a feature to feature
similarity search process rather than recognizing predetermined pattern features. This is our
most important contribution. It suggest possible extensions to other temporal structured light

techniques.
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