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ABSTRACT

3-D SCENE REPRESENTATION USING STRUCTURED LIGHT

By

Gongzhu Hu

This thesis explores general use of structured lighting for surface and object
representation. Using structured light, image features are better defined and easier to
detect because surface geometry is made explicit through the light stripe networks.
Because of the effectiveness in shape inference and its speed and cost potential, the struc-
tured lighting approach provides a promising and economical alternative for 3-D
machine vision, especially for industrial applications where controlled environment is
assumed. Previous work using structured light has been focused on 3-D sensing, but few
projects have gone further to include structured light in shape inference, surface

representation processes, and scene analysis.

This thesis investigates problems in using structured light from a general point of
view. Not only is structured light used in 3-D sensing, but also surface shapes are
inferred via both 3-D data fitting and 2-D textures created from the structured lighting. In

addition, surface representation is constructed based on the light-striped surface patches

and their associated boundary lines. This type of 2—'2--D "wing" representation is suitable

for object recognition through model matching.
3-D sensing is accomplished by computing 3-D surface solutions at the sparse stripe
grid points via triangulation. The stripe identification problem is partially solved using a

set of geometric and topological constraints. Surface shapes are inferred by two



independent methods: a) surface fitting of the computed 3-D data followed by a curvature
computation and classification, and b) classification via features of 2-D stripe textures.
Experiments show that both methods are feasible. A fusion scheme that combines

features obtained from a striped image and features extracted from an intensity image of
the same scene is employed to construct a 2%-D representation. The features used in the

representation include surface patches (from striped image), edges (primarily from inten-

sity image), and their spatial relationships. A set of inference rules are developed that
label these representation primitives. The 2%—D representation will be delivered to the
matching procedure for recognition, which is not studied in this thesis.

Experiments with real images of multiple object scenes provide encouraging results.
More robust feature extraction, segmentation of general objects, and modeling and

matching approaches are currently under investigation.
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CHAPTER 1

Introduction

The task of a general 3-D machine vision system is to recognize the three-
dimensional objects in the field of view of the system’s visual sensors, deduce the spatial
relationships among the objects, and understand the configuration of the scene. This very
complex task can be broken down into three basic subtasks : (1) extraction of useful
information in 2-dimension and in 3-dimension, (2) construction of a description of the
objects based on the information extracted, and (3) matching of the constructed descrip-
tion against the descriptions of the object models. These three subtasks are themselves
complex and difficult enough that no general solution exists without various assumptions
that considerably simplify the problem. The difficulties arise from the fact that the sensed
images are merely two-dimensional projections of the three-dimensional objects, and
therefore a great deal of information is lost. Furthermore, object models are themselves

hard to build automatically, and there are infinitely many of them.

This thesis deals with problems in the first two subtasks, i.e. feature extraction and
construction of object description (representation). In particular, a structured lighting

approach will be presented that

a) recovers the 3-D data of some surface points,
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b) deduces surface shapes using the 3-D data and the 2-D image features,
c) develops a surface & boundary representation for later matching processes.

As with any other technique for machine vision, the approach presented in this
thesis imposes certain assumptions on the environment of the vision system. But, these
assumptions are quite general; they are not specially tuned for particular applications.

Some basic assumptions are the following.

(1) A controlled environment is assumed in which structured light is projected on
the scene to create a striped image, and a diffuse light is used for obtaining an
intensity image.

(2) Multiple objects are likely to be in the workspace so that occlusions to both the
projector and the camera are expected. Objects are assumed to have "arbitrary"

but relatively smooth shapes. Objects are solid, opaque and static.

(3) Imaging and projection use general positions.

Our experiments using structured lighting showed that this approach is promising
not only in 3-D sensing, but also in feature extraction and shape inference. Relatively
inexpensive equipment (a black-white camera, an image digitizer, and an ordinary 35mm
projector) is sufficient to build the 3-D sensing system. This technique may find its value
in many applications, especially in industrial environments such as automatic assembly

control and robotics.

1.1 3-D Scene Analysis

A 3-D vision system is expected to recognize the objects in the scene and where
they are. To accomplish this, it is often necessary to first obtain spatial information about
the objects, the depth of some surface points, for example. The 3-D information obtained,
as well as feature information extracted from the 2-D images, is then analyzed to draw

inferences about the shapes of the objects. A proper description of the shape information



obtained is then developed in order to finally understand the scene. Surveys of 3-D scene

analysis can be found in [Brady 82, Bajcsy 80], and it is outlined in Figure 1.1.

2-D input

data

models -

3-D data
depth cues
acquisition

3-D data

geometric

processing

surface or volumetric

representation

Matcher

description

Figure 1.1 3-D scene analysis scheme
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The first module in the diagram, 3-D Data acquisition, is also called 3-D sensing,
range sensing, or depth measurement. Many techniques have been developed, from
time-of-flight direct sensing to stereo disparity measurement. Jarvis [Jarvis 83] and
Strand [Strand 85] have provided overviews of various approaches in this topic. I will

discuss these in more detail in later chapters.

Secondly, object shapes should be correctly inferred. Since there are so many dif-
ferent shapes, only a handful can be described in simple terms such as "planar”, "cylindr-
ical", "spherical", or "waved", etc. The majority are too complicated to describe in any
easy way, such as a tree, a shirt, a telephone set, and the like. This difficulty leads to the
problem of representation of the objects. A commonly used representation is to
"describe" shape locally by surface normals in addition to position in 3-space. This
representation gives surface orientation at every point of interest, and shows how the
orientation changes from point to point. Marr and Nishihara called this type of represen-
tation the 214D sketch [Marr and Nishihara 78]. Depending on how such an orientation
map is obtained, approaches developed include shape from texture [Bajcsy and Lieber-
man 76, Kender 80], from shading [Hom 76], from contour [Stevens 79], from stereo
[Marr and Poggio 76], from motion [Ullman 79], and so on. After surface shapes have
been obtained, their relationships must be established in order to understand the scene.
Objects may be partially occluded, in the shadow of others, touching each other, and at
various distances. The relationships between surfaces (or surface patches), as well as the
surfaces themselves and their associated edges should then be properly described using
some representation, which is then fed to a model-matching module for recognition of

individual objects and understanding of the entire scene.

There are other topics in 3-D scene analysis, but I shall discuss issues mainly in the

two topics stated above, namely "3-D data acquisition" and "surface representation”.



1.2 Problems Addressed in This Dissertation

In the Pattern Recognition and Image Processing (PRIP) lab of the Computer Sci-

ence Department at Michigan State University, the components of a 3-D machine vision

system have been developed consisting of 2-D processing for feature extraction, 3-D

sensing, generation of 214D representation, and model matching for recognition. It uses a

light striping approach to get sparse 3-D data and a rough surface shape description, and

refines it by using a gray-scale image of the same scene fused with the striped image.

Integration of information from both striped image and gray-scale image is feasible in a

controlled environment such as for automatic assembly and bin-picking for robotics. The

overall system is depicted in Figure 1.2. The problems that I have been investigating and

will be discussing in this thesis include the following.

(1.

).

To obtain the 3-D surface data through the use of structured lighting, which pro-
Jjects a grid of light to illuminate the scene. This process is a triangulating depth
sensing with the camera-projector forming a stereo pair. The major difficulty,
namely the line identification problem, is partially solved using a set of general
constraints. Further breakdown of topics are :

camera and projector calibration

stripe extraction from the 2-D striped image

3-D computation via triangulation

3-D surface solution using general constraint propagation
To deduce the rough surface shapes from the sparse 3-D data and from light stripe
texture, which refers to the stripe patterns seen in the image. This problem
involves topics in surface fitting (B-spline), curvature computation (the Gaussian
curvature and the two principle curvatures at surface points, as defined in classical
differential geometry), and texture analysis (placement of the distorted stripe pat-

terns in the image).



(3).

@.
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To develop a surface representation suitable for later model matching. The sur-
face representation is a variation of Marr’s 214D sketch, including descriptions of
edges, surfaces, and their relationships.

To integrate information obtained from both the light striped image and the gray
tone image of the same scene. Multi-channel fusion helps to complement the two,

and to reach a better description of the scene.



Projecto, Diffuse Illumination
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Figure 1.2. System diagram




CHAPTER 2

3-D Interpretation Using Light Striping

Structured lighting has been used in machine vision for about two decades, and now
is regarded as a standard technique in machine vision. Most work using structured light
has concentrated on 3-D sensing. In the MSU PRIP Lab, we have been using a structured
lighting approach in 3-D surface sensing and in constructing surface representation as
part of our 3-D vision system. Using light striping to create artificial light patterns on
object surfaces, which are easy to detect and analyze, not only can we develop 3-D sur-
face data at the selected surface points (on the light stripes), but also we can infer the
shapes of surface patches directly from the light stripe texture seen in the 2-D image.
This chapter will outline the three phases in surface representation using structured light:
(1) 3-D sensing method using a grid of light, how the "line labeling" problem may be
solved; (2) inferring surface shape via sensed 3-D data and stripe textures; and (3) con-
structing surface representation through combination of information from light striping
and intensity. First, we briefly discuss the relationships between the light source, the

scene and the viewer (camera).
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2.1 Three Components of Visual Processing

A visual perception is the result of interaction between three participants : the light
source, the scene, and the viewer. Each of the three is indispensable to a normal percep-
tion, and so are their relationships. The human visual system is capable of adjusting itself
to adapt to the changing environment, so the three components of vision usually function
in a nicely cooperative manner and result in a successful perception. But a machine
viewer (machine vision system) may lack this capability. A proper arrangement of the
other two components and their relationships is often necessary for the perception to be

successful.
2.1.1 light source

In order to be able to see things, there must be at least a certain amount of light
reflected (or originated) from an object to the retina. This constitutes the input end of the
visual chain. We don’t need to worry too much about the physics of the light itself,
whether it’s waves or quanta. We simply accept the laws of optics such as "light travels
straight”. But the physical properties of the illuminating light may considerably affect the
visual perception, since change of the properties will alter the input to the processing
chain. We want the light source to be neither too bright nor too dim and at a proper posi-
tion such that the image sensed by the camera carries essential detectable features of the
visible surfaces of objects in the scene, such as occluding boundaries, surface textures
etc. Structured light, such as light stripes, is one such light source that makes surface
features very salient and easy to detect. By properly adjusting the structured lighting
equipment (a slide projector, for example), we can easily make the light stripes on sur-
faces to be the only detectable features, so that any other inherent surface textures or

marks will not interfere with the imposed stripes.
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2.1.2 the scene

Reflectance and other physical properties of the object surfaces play an important
role in perception that enable us to discriminate one surface from the others through the
change of the physical properties. For example, a piece of metal is distinguished from a
piece of wood by their different surface reflectance that makes one darker or more tex-
tured than the other. It is this contrast that contributes to recognition. If there were no
contrast, there would be no vision. But too slow or too rapid change of reflectance across
the field of view (spatial frequency) prevents us from seeing the contrast [Campell and
Robson 68]. In machine vision, the contrast of reflectance creates what are called
"features” in an image. Feature extraction is one of the first modules in early vision; all
further processing is based on whether the first module did a good job or not. Obviously,
feature-less images provide no useful input to the processing chain. The objects in the
scene must offer sufficient reflectance contrast at positions important to recognition. On
the other hand, detectable contrast at irrelevant positions (noise) tends to destroy the
structure of the object patterns and makes recognition harder. Images under structured

lighting always provide surface features that are those imposed bright light stripes.

In short, the light source and the scene compose the source from which a good qual-
ity or a poor quality image might be produced. The success of the entire processing
heavily depends on the quality of the image.

2.1.3 the viewer

Perception is the product of the viewer. Impairment of any part of the human visual
system will greatly affect the final perception, regardless of whether the damage is in the
eyeball, in the lateral geniculate nucleus, or in the visual cortex. A severe defect in any
functional module in a computer vision system will lead to poor object recognition and

hence poor understanding of the scene, no matter whether it occurs in the sensor, in
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feature extraction, in representation, or in model matching. Because each module is stu-
died and developed somewhat in isolation from the others, we often assume no
significant defects (although there may be some small ones) inherited from preceding
modules which produce input to the later modules.

2.1.4 tri-relationships

When looking at objects in front of the light source, we see a silhouette, whereas
when the objects are lit from the front or side, their details look clearer. It is obvious that
the relative position and orientation, or spatial relationships, of the light source, the
objects, and the viewer, is critical to perception. Our aim is to infer their spatial relations,
especially the surface orientation relative to the viewer from 2-dimensional images. This
inference is a reverse procedure of imaging. Techniques that make such inference have
been widely studied, designated by the name "shape from x", where x can be shading,
texture, contour, stereo, motion, etc. Since the three components of vision interact in a
very complicated way, we often want to set up certain conditions or assumptions that
simplify the interaction of the three components. For example, the light source may be
assumed to be a distant point source generating parallel illumination; the object surfaces
may be assumed Lambertian so that light is reflected equally in all directions; the objects
in the scene are usually assumed to be solid, opaque and relatively smooth. Under these

conditions, various approaches to certain vision problems can be thoroughly studied.

2.2 3-D Sensing

It is remarkable that human beings are able to make distance judgements at all, let
alone do so automatically and effortlessly. The retinal images from which depth informa-
tion is extracted are two-dimensional and, therefore, inherently without depth. To extract

information about the third dimension, the brain utilizes a variety of different depth cues,
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providing a 3-D visual world. The sources of information about depth, or cues to depth,
usually operate in harmony, yielding an unambiguous impression of 3-D space. Figure

2.1 shows different sources of depth cues [Gibson 50].

Depth information
/\
Visual Oculomotor
— |
Binocular Monocular Accommodation Convergence
Motion parallax Static
— T
Interposition Size Perspective
e
Shading Texture Aerial

Figure 2.1 Depth cues

In these categories, oculomotor cues (accommodation of the lens and angle of con-
vergence of two eyes) are the only ones that provide unambiguous information about
absolute depth, the distance from an observer to an object. In contrast, any of the visual
cues can provide good information about relative depth, the distance between different
objects or different parts of a single object. But they must be supplemented with other

information in order to specify absolute distance.
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Analogously, for a computer vision system, the camera image consists of a complex
distribution of intensity, contour and color, contained in a flat, 2-dimensional picture. To
provide 3-D data from the 2-dimensional picture is just like solving for three unknowns
using only two equations. We must somehow find a "third equation”. The "third equa-
tion" must be independent of the two already provided, i.e. supplementary information
must be obtained from somewhere other than the input picture itself, if absolute depth is
to be recovered. As examples, the supplementary information may be obtained from
additional images taken at different positions in space or in time, from a sensor calibra-
tion process, from knowledge of the specific application domain, or from natural con-
straints in general. Information from different sources or channels is expected to be con-
sistent and yield good surface solutions. This principle of integrating information from
multiple sources is not only valid for 3-D sensing, but also important in later higher-level

processing.

3-D sensing methods can be divided into several categories, according to how the

additional information is obtained.

(1). Direct Sensing (Time-Of-Flight). The distance of an object is determined by
measuring the time it takes for light to travel from the source to the object and
back (receiver is at the same location as the source). In practice, the difference in
phase between the transmitted and received signals is measured rather than the
time of flight. The phase shift is directly (but not uniquely) related to distance. A
representative of this approach is a laser range finder, which can sense the distance
to any surface point in its field of view. This approach measures distance with no
image processing. It doesn’t really establish 3-D data for surface points, rather it
provides only information about depth. In this sense, this method should be called

third-dimension sensing instead of 3-D sensing.



).

(3).

4.
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Shape From x. As mentioned earlier, x may be texture, shading, contour etc.
Methods in this category develop 3-D surface shape in terms of local surface nor-
mals, i.e. local surface orientation with respect to the camera, provided that the
camera viewing direction (optical axis) is known. They do not really provide abso-
lute distances to objects but only relative distances or orientations. It is good
enough in situations where only object shapes are important, but does need extra
information to determine the absolute distance for, say, robot motion control pur-
poses. In situations where absolute distances are not critical to our tasks and we are
only interested in surface shapes or orientations, shape-from-x may be a good

approach to achieve our goal.

Stereo. Emulating human binocular vision, the stereo approach to 3-D sensing
employs two cameras that have a known relative displacement and a known con-
vergence angle of their optical axes. By measuring the disparity between the two
images, depth can be calculated via triangulation. As has been emphasized in the
literature, the major difficulty is the "correspondence problem" — given an image
feature in one image, to identify the image feature in the other image such that the

two are created from the same physical surface feature.

Structured Lighting. In illuminating the scene, natural ambient light is replaced
by an artificial light source, which can be of any structure (pattern) that is con-
venient for the task. Using structured light by itself is not an independent approach
to 3-D sensing; the underlying means is still a monocular (shape-from) or binocu-
lar (stereo) method, but under different illumination conditions and hence facing
re-phrased problems. If a single light beam or a single light plane is used as the
light source, the underlying method is direct sensing through triangulation. If a uni-
form grid of light is the light source, the underlying method is stereo and analysis
of textures and contours. The major advantage of using structured light over

ambient light is that features in the images are better defined. Image features are
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easier to detect; their relationships are more regular (parallel, equi-spaced, etc.)
following the property of the generating pattern of the light source, they prom-
inently reveal the surface geometry that humans can readily use to interpret the

scene.

2.3 Structured Lighting

Because of the potential advantages, we use the structured light approach not only
for 3-D sensing, but also for surface shape inference from 2-D stripe textures. In this sec-
tion, I shall discuss some issues in using structured light: stripe labeling (the correspon-
dence problem), comparison with the stereo approach, previous work using structured

light, and how light striping can help to infer surface shapes.
2.3.1 Isit a good approach?

Often, the illumination is ambient, using diffused light. Every point (up to the reso-
lution granularity of the viewer’s sensor) in the field of view that is illuminated is seen by
the viewer, and provides a piece of information about that point. The total input to the
processing system consists of millions of such pieces of information that are to be
resolved. For a machine vision system, how to pick useful ones from the millions is often
a very difficult task. Edge detection, for example, is commonly considered as the first
thing to do in the process, that finds features that are the significant changes of input
information from point to point. Because of the inevitable noise introduced under
ambient illumination, even the best edge detection methods followed or preceded by a
noise removal process may never work well on a complex noisy image. If the first pro-
cessing step is deficient, how could we expect the later steps down the processing chain
to perform well when they are based on the output of the first processing module? One
way to solve this problem is to get "good" input in the first place, which provides just as

much useful information as necessary for the recognition purpose, and as little
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information as possible that may interfere. Structured lighting is one of the alternatives

that may achieve this goal.

Structured lighting is an active approach that projects onto the scene a pattern that
has a geometrically regular distribution which is known a priori. A laser beam generat-
ing device or a slide projector can be used to generate the structured light patterns. The
most often used structured light patterns include a single light ray that generates a single
bright point in the scene, a single light sheet that produces a bright line or curve on the
object surfaces, parallel light sheets that cause parallel bright lines or curves, or a grid of
light that casts a grid pattern on object surfaces. Figure 2.2 shows some example images

taken under illumination of a grid of light.



Figure 2.2 Example of structured light images
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Structured light is good for the following reasons. First, it changes the image of
features by imposing artificial features on the object surfaces. These artificial features are
very easy to detect. Images thus obtained are directly "enhanced” by the structured light
rather than by applying image enhancement algorithms. Second, false features caused by
noise under ambient illumination are greatly reduced in the sense that the noise would
not be present in a light striped image where only bright light lines or grids are visible to
the camera and elsewhere is assumed totally dark. Thus a binary image with no false
parts due to noise is easily created. Third, unlike passive methods, a structured lighting
system processes only a small portion of the 2-D image (only bright pixels on light
stripes are of interest), resulting in considerable savings of storage and processing time.
Last but not least, the distortion of the projected grid pattern is a function of surface
shape; the 2-D light stripe networks alone convey a great deal of information about
object shapes, which would not be directly available otherwise. In addition, an exactly
registered intensity image of the same scene is easy to obtain by simply turning off the
projector and turning on another light which may be placed at the position of the camera:
hence the intensity image can be fused with the striped image to provide combined infor-

mation that would not be available in either of the two alone.

2.3.2 Sparse vs. dense : assumptions about the scene

The structured lighting approach deals with sparse surface points and hence gains
storage and time savings in computation. The trade-off is that the information about
many other surface points (not on bright stripes) is lost. What are the effects of this loss
on our goal of object recognition? In other words, we want the sampled surface points to
be dense enough to correctly represent the surface, and sparse enough to keep as little

superfluous information as possible.
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How densely the surface points should be sampled depends on the spatial charac-
teristics of the surface and the granularity we want to describe the surface. For example,
if we knew a surface is an ideal planar surface, it would suffice that only three non-linear
points be computed in order to determine the plane, and a few boundary points for
describing the surface. Any information more than that is superfluous. On the other hand,
if the surface undulates in a complicated fashion, we need to collect information from
many more points or we will obtain a seriously defective surface description. The prob-
lem is that we do not know a priori what kind of surfaces we are about to handle. On the
contrary, to determine the surface characteristics is our goal. Hence, the density of sam-
pled points, or equivalently the stripe spacing in structured lighting environments, can
only be determined under certain assumptions about the object surfaces. In other words,

the sparse light striping method would work, under these assumptions:

(1) Surfaces are smooth and are of "low order" in the sense that the spatial frequency
of surfaces is less than the stripe frequency; i.e. there is small spatial change on

the surfaces between consecutive stripes.

(2) Surfaces are "much” larger than stripe spacing so that a surface patch is covered

by a multi-stripe network.

Thus it is assumed that light stripes capture the essential features of the surfaces and
that the features missing from striping are insignificant. The class of objects this
approach may work on includes objects of smooth surfaces that are not too small relative
to the stripe spacing. This class of objects is often encountered in industrial applications,

such as bin-picking, where the possible objects are known a priori.

2.3.3 The correspondence problem in light striping

Binocular visual information : stereopsis
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In humans, the two eyes look at much the same region of the visual space, only near
the margins of the visual field do the two eyes provide exclusive monocular coverage.
You may ask, "Why did nature position our eyes in such a way as to provide two views
of the world, thereby duplicating a significant portion of these views?" The answer may
be that the slight differences, or disparities, between the view seen by the left eye and the
view seen by the right eye enable us to make exceedingly fine depth judgements that are
simply impossible when using just one eye. Psychologists have shown that we can tell a
1 millimeter difference from a distance of 1 meter, which corresponds to a judgement
accuracy of one-tenth of 1 percent. In other words, the resulting disparity between the
two eyes’ views is less than four ten-thousands of a millimeter, many times smaller than
the diameter of a single visual receptor in your eye [Sekuler and Blake 85]! Because of
this extraordinary resolving power, stereopsis has been extensively studied throughout

the literature.
The correspondence problem

In order to use stereo as a depth sensing model in machine vision, we have to first
solve the correspondence problem, i.e. to identify the two matching points, one in each
image, between which the disparity occurs. The difficulties of the correspondence prob-
lem arise due to the following reasons. (1) There must be at least some feature points
(edge points, say) in the images; images of homogeneous properties make the matching
impossible. (2) The overlapping portion of the field of view of the two images must be
such that a feature should appear in both images; so features in one image but missing
from the other will considerably complicate the matching process. And (3), the matching
process is computationally prohibitive due to combinatorial explosion if the number of
feature points is large. Julesz [Julesz 71] developed random-dot stereogram, both halves
of which consist of nothing more than a random array of black and white dots. The two
halves are identical except in one of the two halves of the stereogram a central subset of

dots has been shifted laterally by several rows. This lateral displacement creates a retinal
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disparity between the two halves, and yields patterns separated in depth when viewed
through a stereoscope. Since each of the two halves is made up of numerous random
dots, it is hard to imagine how the "feature matching" is undertaken because there are so

many tiny dots in one image that would match up with any single dot in the other image.
The grid line labeling problem in light striping

A structured lighting system for depth sensing is essentially a stereo system, in
which the camera forms one view and the structured light generating device (a slide pro-
jector, say) is considered as the second view. The only difference is that "imaging" direc-
tion at the second view is reversed. As far as the geometry in 3-D computation is con-
cerned, imaging or reverse imaging makes no difference. Pretend the light is "reflected”
from the the object surfaces to the projector. The projector would "see" a regular struc-
tured pattern on its "image plane" which is exactly the pattern on the slide. Hence the
camera image and the projector “image" compose a stereo pair. Since the features of
interest are the light stripes, the feature matching between the two images is to tell which
grid line in the projector image generates a particular stripe in the camera image. Thus,
the correspondence problem becomes the grid line labeling, or grid line identification
problem. Notice that in the camera-projector stereo the grid lines are complete in one
image of the stereo pair (the projector image), hence a matching will always succeed

although some stripes may be missing in the camera image due to occlusion.

Let’s now discuss how the grid lines might be identified. First, if only one single
line is projected, there is one stripe in the image. This stripe may be broken into pieces
because of occlusion or discontinuity of object surfaces, but all these pieces correspond
to the only projected line. The line identification problem is immediately solved. But, the
projected line needs to be swept across the scene in order to obtain the depth measure-
ments at various points that cover the entire scene. Scanning usually is slow and requires

a special device which ought to insure the accuracy of the calibrated setup during the
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sweeping. Shiri and Suwa used this simple stripe lighting scheme for polyhedron recog-
nition [Shiri and Suwa 71]. The range finder they developed employed a rotating slit
projector which projects a light beam on the objects. While the projector is rotated, pic-
tures are sampled by a TV camera at predetermined times and the information related to
each picture and the corresponding slit beam angle is stored. The 3-D position of each
slit is calculated via trigonometry. Agin and Binford [Agin and Binford 71], instead of
using a rotating projector, employed a rotating mirror, which reflect the light beam onto
the scene. The 3-D positions on that stripe were calculated. The mirror then rotated a
small angle and the procedure repeated. After a sweep was finished, the orientation of the
light lines was rotated by 90°, and a second mirror scan sweep was taken. This resulted in

data for an overlapping grid of laser lines covering the scene.

In cases where multiple lines are projected at once, it would not be trivial to distin-
guish one line from the others provided that all lines are identical. If each of the projected
lines bears a unique property, such as color [Yang, Boyer and Kak 84], thickness [Le
Moigne and Waxman], spatial code [Posdamer and Altschuler 82], etc., the problem will
be easier to attack. But the desired unique properties may themselves be hard to extract
from the image and sometimes require special equipment to generate (color, for exam-
ple). In using spatial code, identical lines are projected, each of which is assigned a
unique spatial code in advance. A sequence of images are taken, each with certain pro-
jected lines on or off according to the spatial codes assigned to each line. For example,
four projected lines are assigned codes 1,2,3 and 4, i.e. 001, 010, 011, 100 in binary.
Three successive images are needed to encode the lines. If a line is seen only in the first
image it is line number 1; if it is seen in the first and the second images, it must be the
line number 3, and so on. If N lines are projected, the spatial code length is logy (N)+1.
That is, log(N)+1 images are required. This method makes line labeling simpler, but
requires multiple frames and more importantly requires very precise alignment of these

frames.
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It appears desirable to use a "snapshot" scheme — one single image of multiple
lines, which requires neither special devices nor multiple images. The trade-off is that the
line identification will become more complicated. If the projected lines can be identified,
their 3-D locations can be calculated via triangulation. Our approach for identifying the
projected lines is to find a set of labels a line may possibly be assigned, compute the 3-D
locations for each candidate label and get rid of those that violate certain constraints.
The constraints are very general ones that are available in the real world. A few or hope-
fully a unique line label may survive the constraint tests. The line labeling method using

constraints for solving for 3-D surface points will be discussed in detail in Chapter 3.

2.3.4 Stripe texture

Using projection of a grid of light, not only can we obtain data of surface points in
3-space, but also the stripe patterns (or the texture of the stripe networks) cast on the sur-
faces provide clues about surface shape. From the striped image examples in Figure 2.2,
we perceive 3-D shapes through the 2-D stripe texture alone. This is because the distor-
tion of the stripe pattern from its generating pattern (a regular grid) directly relates to the

surface shape.

Research shows that surface orientation (slant and tilt) can be resolved from surface
texture, texture gradient in particular [Gibson 50]. Shape-from-texture methods have
been used to recover shapes [Bajcsy and Lieberman 76, Ikeuchi 84, Kender 78] for many
years. In the case of light striping, the texture elements (texels) are those "quadrilaterals"
externally imposed on the object surfaces in the form of a light grid, rather than an intrin-
sic property of the surface as most natural textures are. The good thing about stripe tex-
ture is that it is more regular and more structured than most natural textures, and easier
to extract and analyze. Moreover, because the stripes are the intersections of 3-D planes

(planes of light) and the object surfaces, they reveal surface shapes in a more
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deterministic manner since the geometry of the 3-D planes are known in advance.
Assume that the relative displacement of the projector and the camera is fixed as it is in
our experiments, the ambiguity of the relation between a 2-D image stripe and its
corresponding 3-D surface stripe is very much constrained by the fact that the 3-D sur-
face stripe is also a planar curve (in the plane of a projected light sheet) that may not
freely flap in the 3-space to image in the same observed 2-D stripe. This property does
not hold for natural textures. In Chapter 4, we shall discuss the issues of how the surface

shapes can be deduced from 2-D stripe textures.

2.3.5 Fusion of light striping and intensity

Although light striping is a promising approach in machine vision, it may not be
useful for probing information about surfaces that have no stripes due to occlusion of the
projector (shadows). Also, the stripe networks may not give an accurate segmentation of
the image, due to the stripe fading effect on curved objects. To overcome these
weaknesses, among others, we might need information from some sources other than
light striping. An intensity image of the same scene provides such a source, on which
classical image analysis such as edge detection can be applied. Edges are regarded as pri-
mary information for object recognition, but they are subject to a high percentage of
errors (noise), provide little information about surfaces, and need a significant amount of
time to process.tf Combination of information from the two sources — intensity and
light striping — is needed. In short, light striping provides surface information, while
intensity provides boundary information. The fusion of these two provides a surface-
boundary representation of the objects in the scene, which will be the subject of Chapter
5.

tActually, human ability at determining shape from line drawings — even corrupted ones — is
uncanny [Biederman 87]. General shape inference by machine using corrupted boundary data
remains an unsolved problem.
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2.4 3-D object representations

Object recognition is done by comparing or matching features extracted from the
image with precompiled object models. To carry out the matching, the observable (image
features) and the target (model) must be described with the same representation scheme.
The choice of a representation depends not only on the object domain, but also on the

matching scheme. There are three categories of representation on the basis of their
dimensionality of spatial description. These three categories are 2-D, 2%-D, and 3-D

representations. The details of these representations are surveyed in [Chin and Dyer 86]

and [Bhanu and Ho 87].

In 2-D representation, objects are described using a set of one or more distinct
views. Each view is treated independently. The 3-D problem is reduced to 2-D using 2-D
image features and their relations as primitives [Lieberman 79]. A commonly used
approach is to organize global features of an object into a feature vector, or geometric
property list. The global features include area, perimeter, compactness, elongatedness,
center of gravity, moments of inertia, number of holes, number of corners, etc. Selection
of features can be determined by training [Gleason and Agin 79]. Matching schemes
using feature vector models usually involve statistical pattern recognition techniques,
such as the Bayes classifier, nearest neighbor classifier, and decision-tree classifier [Agin
and Duda 75]. In the feature-vector approach, if features are easy to compute, object
representation is compact, and the matching is fast. But this approach requires a separate
model for each possible 2-D view of an object; and it is unable to handle occlusion.
Researchers have also developed various other methods using 2-D representations, such
as line and arc boundary segments model [Perkins 78], Fourier descriptors [Persoon and
Fu 77), hierarchical feature model [Shirai 78], local evidence accumulation via cluster-
ing [Stockman et al 82], and template matching in generalized Hough transform space

[Ballard 81], among others.
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In 2%-D representation, features are defined in "surface space" with respect to the

view coordinate system. Local surface properties such as orientation, depth, discontinui-
ties, reflectance, etc., as well as 2-D features (points, lines), are used in the description of

objects. Representations of this kind are the intrinsic images [Barrow and Tenenbaum
78], the 2-;—-D sketch [Marr 78], the needle map [Horn 79], parameter map [Ballard 81],

and surface-orientation-map [Brady 82]. In industrial parts-recognition applications, the
use of range maps and local surface-orientation maps are of particular interest. A great
deal of effort has been made in recent years in segmentation of range data into surface
patches [Bolles 81, Bolles and Fischler 81, Henderson 82, Henderson and Bhanu 82, Mil-
gram and Bjorklund 80, Sugihara 79, Besl and R. Jain 85, Hoffman and A. Jain 87].
Many shape-from techniques that aim to derive the surface-orientation map have been

proposed [Horn 75, Bajcsy and Lieberman 76, Stevens 81, Witkin 81, Woodham 78].
Using 2—;--D geometric features to represent rigid objects, matching can be done via

discovery of a linear transformation (translation, rotation and scaling) of the iconic object
model that put all salient features into correspondence. The sensed data are considered
an instance of the model through the transformation. The transformation is found
through clustering in the "transformation space" [Chen and Stockman 86, Stockman 87].
This method can handle multiple "general” objects and partial occlusion; it allows imper-
fect sensed data, and features can be added or deleted during the process. But for multi-
ple object scenes, especially for objects of arbitrary shape, the computational cost may be
rather high. Interpretation tree search [Grimson and Lozano-Perez 84, Chen 86] is also a
feasible approach to matching. This backtracking approach keeps track of the mutually
consistent pairs of sensed feature and model feature along the path searched in the tree.
There are many ways to incorporate heuristics to speed up the search process, for exam-

ple, by consideration of features in some special order or by using quick constraint

checking. Another popular approach using 2-;—-D representation is the relational-feature
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graph [Oshima and Shirai 83, Fan and Medioni 87, Hoffman and A. Jain 87]. In a
relational-feature graph, each node represents a surface patch with labels (planar, convex,
concave, ellipsoid, cone, cylinder, etc.), and an edge represents the relationship between
the two adjacent surface patches. Each edge is associated with a set of properties, such as
angle between the two surfaces, relative positions of the centroids, etc. Matching is per-
formed by comparing an observed graph with a set of graphs, one for each viewpoint of

each object modeled.

3-D representation is a viewpoint-independent representation using an object-
centered coordinate system. It describes objects in "object space". Objects are
represented using surface patches [Baumgart 72, Shneier 81], spines and sweeping rules,
volume descriptors such as generalized cylinders and generalized cones [Binford 71,
Brroks 83, Nevatia and Binford 77], or multi-view features [Koenderink and vanDoorn
79, Goad 83]. 3-D models allow the most general and complete descriptions of objects,

but require the most extensive and sophisticated processing.

In our work, we construct a 2—;—-D representation using the features extracted from

the striped image and the gray-tone image. The representation is in the 2—;--D category

since the features are obtained from a single viewpoint and they contain geometric sur-
face properties such as 3-D location, orientation (normals) and shapes, as well as the 2-D
features (edges). Because each surface patch is defined associated with its boundary
edges, we also call the representation a wing representation. In particular, the representa-

tion consists of the following basic elements.
1. surfaces
(a) qualitative — type (planar, convex, concave, cylindrical, etc.),

(b) quantitative — boundary, 3-D location, orientation;
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2. edges

(a) qualitative — type (extremum, blade, fold, mark, shadow),

(b) quantitative — location, length
3. surface-surface relationships

(a) occlusion,

(b) adjacency,

(c) belonging to same or different objects;
4. surface-edge relationships

(a) surface boundaries,

(b) surface marks,

(c) shadow edges,

(d) intersection (common border) of two surfaces.

This representation is a surface-boundary representation similar in purpose to

Marr’s 2—;-D sketch [Marr 82]. Upon construction of the image representation, image

features that correspond to object shapes are made explicit — they can be described sym-
bolically. This representation is to be matched against object models that are constructed
independently. We are currently investigating modeling and matching processes based on
the wing representation [Stockman and Chen 87, Stockman et al 87). The ultimate goal

is to recognize objects and understand the scene.



CHAPTER 3

Surface Solution —

Geometric Computation and Constraint Propagation

It is often desirable for a machine vision system to collect 3-D surface data as the
first processing step (3-D sensing), because many geometric inferences about the object
surfaces can be made through the 3-D surface data. 3-D surface data may be expressed in
terms of some coordinate system or expressed as ranges (distances from the surface
points to the viewer). As discussed in Chapter 2, 3-D sensing techniques are divided into
four categories — direct sensing, shape-from-x, stereo, and structured light. This chapter
will describe a method to compute surface data using light striping, in which the stripe
identification problem is partially solved using general constraints. These constraints are
based on the assumption that objects in the scene are solid, opaque and static. Once the
stripes are identified, the surface solution is calculated through triangulation. Experimen-
tal results show that this approach often produces surface solutions with a small degree of
ambiguity and sometimes a unique solution is reached. In case of multiple solutions, any

of the locations in 3-space can be used to infer the surface shape.

29
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3.1 Oculomotor Cues and Calibration

This section deals with the camera calibration process. In order to obtain depth
information using triangulation, the parameters of the sensors, such as the focal length
and the direction of the optical axis, should be fixed and known; or equivalently, the 3-D
to 2-D projection should be fixed and known. In human vision, these parameters are
regarded as oculomotor cues; whereas in machine vision, they are obtained through a

calibration process.
3.1.1 Oculomotor cues — depth information from within the eyes

Among the various cues to depth perception, as briefed in section 2.2, the oculomo-
tor cues are the real ones that relate the information directly to the distance from you to
the objects [Wallach and Floor 71, Sekuler and Blake 85]. Oculomotor cues refer to
accommodation of the eye lens and the angle of convergence of the two eyes. The
former is a measure of how much the lens is strained when your eyes fixate on an object;
while the later provides information on the directions of the optical axes of the two eyes.
Suppose we were able to attach tiny gauges to the two sets of muscles that control the
lens and the eyes’ inward-outward movement. The readings on the gauges, or the degree
of muscular contraction, are transferred to somewhere in the brain that can figure out the
two values — angle of convergence and the amount of accommodation. The distance
would then be computed by solving the "trigonometry equation” that relates distance to
the two values. One amazing thing about this is that the whole process is done in mil-
liseconds and the depth judgement is made continuously as the fixation point moves from
one place to another. But both accommodation and convergence operate over a limited
range of distance. When you focus on an object from a distance of 20 feet and beyond,
the muscle controlling accommodation assumes its most relaxed state; at the same time,
the convergence angle vanishes to zero. So the oculomotor cues are relyed on only within

a region of space immediately in front of you, otherwise the resulting distance measure
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won'’t be reliable.

The geometric principle of the distance computation is illustrated in Figure 3.1. If
the displacement of the two viewing points (two eyes) and the two optical axes are
known, the triangle can be easily solved. It is obvious that if the two optical axes are
almost parallel, or equivalently the two angles 6, and 6, are close to 90° a very small

inaccuracy in the measurements will introduce a large error in the computed distance.

el
a
=

B bsin6, sin6,
"~ 5in(180°-9,-6,)

b

Figure 3.1 Geometry of triangulation

3.1.2 Camera and projector calibration

In order for triangulation to be applicable to depth computation in a system with a
camera-projector setup, we must have some "oculomotor" information available. The

procedure that gains this information is known as calibration. A calibration procedure
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estimates internal parameters of the camera such as focal length, direction of the optical
axis etc., embedded in a transformation that geometrically relates a point in 3-space and
its projection point in the image plane. The transformation is often expressed as a 3x4
matrix that transforms points in one coordinate system into points in another coordinate
system, with rotation, translation and scaling [Faig 75, Hall et al 82, Yakimovsky and

Cunningham 78, Tsai 86]. We first describe our coordinate systems.
Sensing environment and coordinate systems

Figure 3.2 is a sketch of the sensing environment used to create images such as the
one in Figure 2.2. Three coordinate systems are defined in this environment: the global or
world coordinate system, the camera coordinate system, and the projector coordinate sys-
tem. The global world coordinate system is fixed on the worktable with its xy plane coin-
cident with the table plane and z axis pointing up; all output surface and edge solutions
are in terms of the global coordinates. The camera coordinate system has origin at the
center of the camera lens with the z axis towards the focal point. The front image plane is
at -f on the z axis, where f is the focal length of the camera lens. The image is digitized at
512x512 resolution, while the 2-D digitized picture counts its rows (x axis) from top to
bottom and columns (y axis) from left to right. The projector coordinate system is simi-
lar to the camera coordinate system, except that the unit is grid line number rather than
pixel. MxN grid lines are used (in the experiments, we used M,N in the range from 14 to
21). The spacing of the lines is about 15mm on the worktable and the working field-of-
view is about 250mm square.

We also define two terms up and down as direction indicators in the image plane.
The optical axis of the projector is considered directional from the focal point to the
worktable. The projection of the optical axis in the image plane defines the up-to-down
direction in the image. Some times we also use the terms above and below. These terms

will be used in Chapters 4 and 5.
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3-D to 2-D transformation

We use (x,.yw.2w), (xi.y;,2;) and (x,.y,.2,) to denote a world point in 3-space, image
point in camera coordinate system, and grid point in projector coordinate system, respec-
tively. The subscripts w, i, and g stand for world, image, and grid. Since the image plane
is fixed at z; = constant, all image points have the same z coordinate, we need only (x;,y;)
to represent an image point in the image plane. Similarly, we use (x,.y,) for a grid point
in the projector plane.

The transformation from one coordinate system to another is commonly defined as a
homogeneous 4x4 matrix M. Given a point (X,Y,Z) in one coordinate system, its coordi-

nates (x,y,z) in the transformed coordinate system are

1+

Since in our case the image plane and the projector plane have constant z values in their

—Ne R
—_ N

coordinate systems, the transformation from the world coordinate system to the camera

coordinate system would have the form

Y| |
Mc | 7| = 3.1)
i" t
and the transformation from world to projector has the form
X
Sxg
M| 7| =| o (32)
1 S

where r and s are scaling factors. We also call M. the camera calibration matrix, or cam-

era matrix for short; M, the projector calibration matrix or projector matrix.
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Calibration

Calibration is to determine the homogeneous transformation matrices Mc and Mp,
each of which has 3x4 = 12 entries. Because one of the 12 entries can be made unit
(matrix scaling), there are 11 entries to be estimated for each matrix. Let’s take the cam-

era matrix as an example. Let

€11 €12 C13 C14
Mc=| c21 €cn €23 Caf
€31 €3 €33 1

equation (1) becomes
Xy
€11 €12 €13 C14 Yo x;
€2 €22 €3 C24 2| = by
€y €3 c33 1 1 t
That is,
XWC11 +YuC12 +2uC13 +Cr1a = x; (3.3)
XwC21 +YuC22 + 2,023+ C1a =1Y; (3.4
X,C31 +YuC2+ 2,03 +1 =t (3.5

Substituting for ¢ in (3.3) and (3.4) by the left hand side of (3.5), we get two linear equa-

tions

XwC 11 HYwC12+24C13+C 14 —XiXyC 31— X YwC 32— X;ZwC 33 = X; (3.6)

XwC 21 HYwC 2+20C 23+C 24—YiXWwC 31 =YiYwC 32 YiZwC 33 = )i 3.7)

where the 11 ¢;’s are unknown. To solve for the 11 unknowns we need at least 11 equa-

tions. Since each 3-D point (x,,y..z,) and its corresponding image point (x;,y;) offer two
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equations, we need measurements of no less than 6 points which give 12 equations. 25
points were used in experiments reported here to overdetermine the 11 ¢;’s using least-
squares solution. Usually 20 to 30 may be sufficient to guarantee that enough "good"

points are included and are widely scattered covering the field of view of the camera.

The same procedure applies for projector calibration. Let My = (p;;)3x4 be the projec-

tor matrix, we have two equations

X 111tYwP1212wP131P14 —Xg XD 31X YwP 32~ XgZwP33 = Xg (3.8)

XwP 21 tYwP221ZwP 23 P24 Y g XwP 31 Y YwP 32" YgZwP33 = ¥y 3.9

By measuring enough light stripe intersection points in 3-D and knowing the grid labels
x,.,» We solve for the 11 p;;’s using a least squares method. The procedure described was

adapted from [Ballard and Brown 85].

More information about calibration can be found in [Tsai 86], where many calibra-

tion techniques are surveyed and a high precision method is proposed.

3.2 Grid Point Computation in 3-D Space

After calibration is done, M. and M, are fixed. Our next task is to determine loca-

tions in 3-space of points that are observed in the image. So we rewrite (3.6) to (3.9) as

(C11-%:C31)% + (€ 12-X:C )Y + (€ 13-X:C33)2 = X; (3.10)
(c1YiC31)%y + (€ 27YiC 22)Yw + (€ 5-YiC33)2 = i (3.11)
P 1=xP 31 )% + P12 XP2)Yw + (P13-XP 33)20 = X, (3.12)
(P2-YeP2)%w + P2=Y P 2w + P23-YP33)2W = ¥, (3.13)

with x,,,y,..z, as unknowns (See [Hall et al 82]).
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The calibration procedure established a model under which the geometry of the pro-
jection process and the imaging process are fixed through equations (3.1) and (3.2), or
equivalently (3.10) to (3.13). From the equations we see that given a 3-D point p,, =
(xw.Yws2w), its corresponding points p; = (x;,;) in the image plane and p, = (x,.y,) in the
projector plane are well defined. On the other hand, given an image point p;, there exist
infinitely many 3-D points that may be imaged at the same point p;. They are those that
lie on the same imaging ray. Mathematically speaking, for a given p; = (x;,y;) there are
two equations, namely (3.10) and (3.11), for 3 unknowns x,,y,.z,. The solutions would be
infinitely many. Geometrically, each of the equations (3.10) and (3.11) defines a plane in
3-space; the intersection of the two planes is a 3-D line, or imaging ray, that defines the
solution space. Any point on that line satisfies (3.10) and (3.11). By the same token, a
projector ray emitting from a given grid point p, defines an array of points in 3-space (eq.
(3.12) and (3.13)).

Now let’s turn to the "triangulation" computation for (x,,y..z.). Suppose we have
identified the correspondence between an image point p; and a grid point p,, that is, we
have determined that p; is the image of a 3-D point (unknown (x,,,y..z,)) that was created
by projecting p, onto the scene. Each of the imaging and the projection point will bring
us two equations; we end up with 4 equations in 3 unknowns. The 3-D point (x,.y..z.)
can now be determined. Theoretically, it is the intersection of the imaging ray and the
projection ray. In practice, because of inaccuracy in calibration and discrete imaging, we
will not get two rays intersecting in 3-space. The solution would then be the point in 3-

space that has least distance from both rays.

We return to the assumption that the correspondence has been established. But
how? When we see a bright spot in the image, its coordinates in the image plane (x;,y;)
are known. But from which grid point (all grid points look alike) in the projector slide is
this image point created? If the grid point (x,.y,) is unknown, the above computation

wouldn’t work — 4 equations with 5 unknowns!
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Here is where the constraints come in.

3.3 Constraints

The problem we are facing now is to determine which of the grid points in the pro-
jector plane is the one that creates the image point we are looking at. Once the right one
is determined, (3.10) - (3.13) are good for solving for (x,.y,.z.). The first step is to dis-
card those grid points that can not possibly match the image point (x;,y;), using a set of
general constraints that are available in the real world. The grid points that survive the

constraint test are considered "candidates" for matching the image point.
3.3.1 Basic constraints

First, we assume that the scene to be analyzed is from the real world, and that the
objects in the scene are solid, static, opaque, and that their surfaces undulate slowly at the
scale of the grid spacing.

Two constraints on physical world objects were identified by Marr and Poggio
[Marr and Poggio 76] in their stereo disparity computation : (C,) a given point on a phy-
sical surface has a unique position in space at any time instant, and (C,) the surfaces of
objects are generally smooth compared to their distances from the viewer and matter,
divided into objects, is cohesive. They are called the uniqueness constraint and the con-

tinuity constraint.

Since each object has some geometric form that occupies a certain volume and
objects do not overlap in space, not only is a single surface point uniquely determined in
space, but also a cohesive set of object points is uniquely determined in space. Stated in
other words, if a given space volume is occupied by one object, it cannot be occupied by
any other object at the same time. Thus (C,) is extended to a volumetric uniqueness con-
straint: a given solid object has a unique volume in 3-D space at any time instant. Under

the assumption of objects being opaque, a rule corresponding to (C,) applicable in
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surface computation may be stated as follows: two physical objects have non-
overlapping 2-D images in any viewing (projecting) direction. This rule is very useful in
reducing ambiguity of surface solutions.

The continuity constraint (C,) asserts that if a continuous curve segment is present
in the 2-D image and is assumed to lie on one object surface in 3-D space, then points on
that curve must have continuous 3-D positions. Thus, neighboring points on a surface
constrain each other, or in Marr and Poggio’s terms, they inhibit or excite among them-
selves depending on their computed 3-D coordinates. This rule restricts possible grid line
label assignment to neighboring points, and hence is also useful in removing ambiguity

of surface solutions.

We now refine and materialize the uniqueness constraint and the continuity con-
straint into a set of geometric and topological rules useful in surface computation using
structured light. The algorithms based on these rules are thus very general since these
rules are from the real world with no oversimplification or application-specific assump-

tions being made other than the general assumptions already stated.
3.3.2 Geometric rules

From the uniqueness constraint C,, which says that a given solid object has a unique
volume in 3-D space at any time instant, the first three geometric rules follow. We add
general position and work volume rules.

(G1) (Epipolar line — limit of degree of ambiguity) For each pixel in the image
there exists a small set of projector rays that could possibly image there.

(G2) (Uniqueness of single points) Any image point may be the projection of at
most one projector ray.

(G3) (Uniqueness of solid objects) Two stripe networks in an image correspond to

non-overlapping regions in the projector slide plane.
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(G4) (General position) If two stripe endpoints lie on the same projected ray in 3-D
then their stripe numbers are the same and one lies on a surface between the

other and the projector.

(G5) (Work volume) The (X,Y,Z) coordinates of any world point must lie within the
field-of-view of both the camera and the projector, and be above the support
plane (= 0).

These geometric rules are explained as follows.

For (G1), because a surface point (a stripe intersect, say) has a unique position in 3-
D space, the projector ray that creates that bright spot and the camera ray that images the
point are also uniquely determined in 3-D space. The chance for other projector rays to
intersect the same camera ray in space, in order to image at the same pixel, is slim.
Although in practice we do not require the rays to intersect exactly, the number of pro-
jected rays that are close to the camera ray is still small, provided a general viewing
angle. The size of the set of those projected rays determines the degree of ambiguity of
3-D solutions for the surface point and depends on the number of stripes available, stripe
spacing, camera distance from the scene, and the error model. The ambiguity analysis

will be discussed in section 3.6.

Let’s now find what are these possible projector rays. Consider a true but unknown
3-D point p,, that is projected from a grid point p, in the projector plane, and imaged at p;
in the image plane. Figure 3.3 illustrates the situation. The straight line connecting p,,
(or p;) and the camera focal point is the imaging ray_f; the straight line connecting p,, (or
p,) and the projector focal point is the projecting rayf’). Because the two rays are not col-
inear in general and they meet at p,, they determine a plane that intersects the projector

plane at a line@, which is called the epipolar line of the imaging ray_l’[Faugeras 86].

Since all 3-D points along the imaging ray are candidates for the unknown p,,, each
of which is sourced from a point on the epipolar line €, all possible grid points must be
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Figure 3.3 Epipolar geometry. Point p; in the left image may correspond
only to points on the epipolar line®in the right image.

sought on@. Given an image point, its epipolar line can be computed by computing the
imaging ray using (3.10) and (3.11), projecting two points (not too close to each other)
on the imaging ray onto the projector plane using (3.12) and (3.13), then forming the epi-
polar line using the two projected points. The epipolar line runs across the grid lines on
the projector slide, with intersections being those candidate grid points. A detailed algo-
rithm will be given in section 3.4.

(G2) and (G3) are directly from the uniqueness constraint (C1). By (G2), a grid
point in an image may be assigned a single stripe number at a time. (G3) is useful for
checking if two computed 3-D surface patches are valid or not. Their positions in 3-space
must be such that no overlap should occur if they are projected in either the projector-
projection direction or the imaging direction.

Rule (G4) applies to occluding-occluded relationships. Because objects have unique
volumes in 3-D, their 2-D projections on the projector slide plane do not overlap. In cases
where the two regions in the slide plane touch, a point on the touching boundary

corresponds to two 3-D points lying on two 3-D surfaces that differ in depth, one
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occluding the other.

(G5) is obvious.

3.3.3 Topological rules

The continuity constraint C, says that object surfaces are generally smooth (com-
pared to their distances from the viewer) and points on object surfaces have continuous
positions in three-space. No matter what kind of objects are in the scene, the 3-D stripes
on the object surfaces preserve their topological relationships. This allows the following
topological constraints :

(T1) If a grid intersect is assigned grid-line number pair (x,.y,), the only possibilities
for its neighbors in the connected 2-D stripe network, at most four, are
(xe—1,35)s (xg+1,y,), (x.y,—1) and (x,,y,+1).

(T2) In 3-D, X stripe-curves (Y stripe-curves) do not intersect other X stripe-curves
(Y stripe-curves).

(T3) Any two stripe curves can intersect at most once in the image.

(T4) A continuous (smooth) 2-D curve indicates a continuous (smooth) 3-D curve.

(T5) A continuous (smooth) 2-D net indicates a continuous (smooth) 3-D surface.

These topological rules are further described below.

For (T1), because the grid lines on the slide are ordered, from 1,2,...,to M in x direc-
tion, from 1,2,...to N in y direction, their projection on object surfaces (3-D stripes) are
ordered exactly the same, no matter what. These stripes are imaged in the image plane

with their order preserved also, as long as no viewing accident occurs. See Figure 3.4.

T2 claims that no X stripes can cross in 3-space. Do we have the same rule in the
2-D image? The answer is yes, provided that the stripes have zero thickness (mathemati-

cal curves) and surfaces are smooth. This is shown in the following lemma.
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Figure 3.4 Topological rule T1. Labels of neighboring grid points in the
image must differ by one unit of either x, ory,.

Lemma 3.1. Let S be a surface, pe S be a point on S. Let their projection in the image
be S; and p;. If S is smooth at p, then there is at most one X-stripe in the

image that passes through p;.
proof. We prove that if an X-stripe in the image X,; passes through p;, no other X-stripes
can pass through p;.
Referring to Figure 3.5, let the focal point of the camera be C,V, be a vector on the
line of sight (pC) in the direction from p to C, &, be the surface normal at p.

Since p is visible, @, ¥, > 0. Because S is smooth at p, the surface normal is continu-
ous at p. So, there exists a region §,¢ S such that for all points ge §,, ®,V, > 0; i.c., the
entire surface patch §, is visible to the camera. Hence, there is a ‘‘general cone’’ deter-
mined by (C, §,), which is divided by 8, into two parts : the visible part (from C to §,) and
the invisible part (occluded by §,).



Figure 3.5 Two X-stripes cannot intersect in the image (Lemma 3.1)

Since stripe spacing d is a constant (> 0), §, can be chosen such that its ‘‘diameter”’
is smaller than d. In other words, any point r on other X-stripes in 3-D space may not fall

in the surface patch §,. Thus, for any point r, there are 3 cases :
1). ®,¥,<0,risinvisible;
2). ®,¥,>0,and r falls inside the occluded volume in the cone, it is invisible;

3). =¥, >0, and r falls outside the occluded volume in the cone; it is visible but its
projection r; in the image plane is outside the image of §,, and hence may not
be coincident with p;.

So, as long as p is visible, any point on any other X-stripe cannot pass through p; in

the image. Since p is an arbitrary point on an X-stripe, no two X-stripes can intersect in
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the image. W

Note : In practice, since images are discretely quantized, stripes have non-zero
thickness (at least 1 pixel wide), and the image of the small region §, may not be smaller
than one pixel, two X-stripes may meet at a common image point in this discrete case,

but this occurs infrequently.
T3 is an extension of T2. It is proved in the Lemma 3.2.

Lemma 3.2. Let S be a smooth surface. Any two stripes on S can intersect at most once
in the image.
proof. By Lemma 3.1, we only need to prove that an X-stripe X,; and a Y-stripe Y,; in the

"i"

image intersect at most once. Note that the subscript "i" implies image plane, and no sub-
script implies 3-space. Assume they intersect at p;. For any point ¢,e Y,; and r,e X,;, where
q:#p; and they are projections of 3-D points geY, and reX,, there is a distance (‘‘spacing’’
> 0) between ¢ and r. Since S is smooth at 7 (r may or may not be the same point p), for
X-stripe X, visible at 7 and by the same argument in the proof of Lemma 3.1, ¢;, which is

the projection of ¢ in the image, must be outside a 5, area in the image. Hence Y,; cannot
intersect X,; at ¢; which is different from p;. [ |

In practice, due to blooming effects, surface discontinuities, and viewing angle, T2
and T3 may not hold. But the situations where T2 and T3 break down are infrequent.
Thus we still consider T2 and T3 to be valid in 2-D with a footnote that says ‘‘most of

the time’’. By the same argument, the topological rules T4 and T5 can be established.

These constraints are similar to some of those of Lowe and Binford [Lowe and Bin-

ford 85]
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3.4 Algorithms

After the geometry for 3-D computation and constraints are discussed, we are now
ready to develop the algorithms to find surface solutions. These algorithms, given striped
image input, will produce surface locations in 3-space with as little ambiguity as possi-
ble. Before these algorithms are applied, the camera and the projector are calibrated; the
two calibration matrices are known. Notice that the calibration process needs to be done

only once for successive images, as long as the camera-projector setup remains fixed.

3.4.1 Notations and Data Structure

“i"

As we have already been using, we shall use subscript "i" to indicate items in the

" _n

image plane, "g" for items in the grid plane (projector plane), and "w" for items in 3-D

world, or no subscript at all in cases where no confusion would occur.

image-point :  p;=(id, x;, y;, degree), where id is unique to each p;, (x;, y;) are image coor-

dinates, and degree is the number of its neighbors in the image network.

grid-point : pg=(x;. y,), the coordinates in the projector plane.
3D-point : Pw=(xw, Y. 2.,), the 3-D coordinates of p,,.
igw-point : p=(pi, p;. pw), a 3D-point p,, created by grid-point p,, and seen in the

image as image-point p;.
network : n=(V, E), where V= {p;, j=1,..,1Vl} is a set of image-points, and E=
{(ij» Pa), pij» Pa€ V) is the "neighboring” relation on V. Consider the net-
work n as a planar graph, V is the set of vertices, E is the set of edges.
stripe-curve :  g= 3-tuple (stripe#, XorY, P), where stripe# is the id of the stripe, XorY indi-
cates this stripe being an X-stripe or a Y-stripe, P is an ordered set of

igw-points, ordered on x, or y, depending on the value XorY.

surface : s=3-tuple (id, type, W), where type is a classification of the surface

(planar, convex, concave, spherical, etc), W is an ordered set of stripe-
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curves sorted on stripe#, X-stripes first followed by Y-stripes.

set of surfaces (and later, their relationships).

3.4.2 Algorithm 1 — stripe extraction and network construction

The purpose is to segment the 2-D image into a number of visible surfaces as indi-

cated by connected components of stripes. We call the connected components of stripes

networks.

input :

output :

A striped image.

Set of 2-D networks, each is a set of connected stripes in the image.

method : We only give a brief outline, omitting many technical details.

6))

2

3

@

Threshold the striped image to create a binary image in which pixels on bright

stripes are one and other pixels are zero.

Apply a thining algorithm to make the stripes one pixel wide. Clean up small
spurs caused by thining.
For each bright pixel, compute its degree (of value 1, 2, 3, or 4) by counting
the number of bright pixels in its 3x3 neighborhood. Pixels of degree 1 are
stripe end-points. Pixels of degree 3 or 4 are stripe intersection-points. Pixels
of degree 2 are connecting points on stripes. Since the thinning operation often
generates degree-3 points (as well as degree-4 points) at the crossing of two
stripes, a simple clustering algorithm is applied on the detected degree-3 and
degree-4 points with cluster radius of about S to 8 pixels depending on the
width of the stripes before thinning. The cluster centers are taken as the cross-
ing points.

Extract a network n; by tracking the stripe points. V,« {end-points and
intersection-points tracked}. E;e&~ {(pi. pu), pa, pa€ V,; and connected by pixels

of degree 2}. nje {V;, E;}. Reset all stripe points tracked to zero.
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(5) Repeat (4) until all pixels in the image are zero.
Since steps (1), (2) and part of (3) are performed by hardware (in our case on a VICOM
image processor), the time complexity is mainly due to steps (4) and (5). The clustering
step in (3) examines only the neighborhood of degree-3 and degree-4 points; it takes time
linear in the number of these points. For (4) and (5), stripe points occupy only a small
fraction of the whole image, and each stripe point is examined once. Hence the time

complexity is linear in the number of stripe pixels.

3.4.3 Algorithm 2 — 3-D computation for a single point

The purpose of this algorithm is to find for each imaged grid point the set of possi-
ble surface points that may have created it.
input : Calibration matrices M. (camera) and M, (projector), and an image-point
pi=(id, x;, yi, °).
output : Set of 3D-points each of which satisfies the projection equations (2.1) and
(2.2). In other words, this algorithm finds 3D-points possibly created by grid-
points and imaged at p;. In addition, XY-stripe-ness of p; and its neighboring
image-points are determined.
method : (1) Obtain the camera ray i’c (a 3-D line) using M¢ and (x;, ;). This takes O(1)
time.
(2) If° of p; # 1 (an intersection point) then
(i) Form epipolar line : Project the camera ray Rc onto the projector plane
using M, to get the epipolar line @ of i’c. Time cost is O(1). See Figure
3.3 for the epipolar geometry.
(i) Grid line intersections that are closest to@ are selected (one for each X-
grid-line). For each selected p,=(x,, y,), form a projector ray -l_{p, and

compute the distance 4 between i’c and i’,. If d < threshold, i’c and i’p
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are considered to intersect in 3-space and p,=(x,, y,) is one candidate for
creating the image point p; according to the geometric constraint G1;
the corresponding 3D-point p,, is calculated and igw-point p=(p;, p,. p.)
is included in the output. Since each X- or Y-stripe is examined once, it
take O(max(Ny, Ny)) time where Ny and Ny are the numbers of X-grid-
lines and Y-grid-lines, respectively.

Once a grid point (x,, y,) is obtained in (ii), the image R,, of the projec-
tor ray i’,, can be computed using matrix Mc. The XY-stripe-ness of p;

and its neighbors are determined with respect to R, as described in

Lemma 3.3 below. This part of computation needs O(1) time.

Else (a stripe end point)

compute 3D-point p,,, the intersection of the camera ray Rc and each
X-light-plane (x,,0) or Y-light-plane (0, y,), depending on whether the
image-point p; lies on an X-stripe or a Y-stripe, and then output

=i, p;. p). Time cost O(max(Ny, Ny)),

The time complexity of this algorithm is O(max(Ny, Ny)): linear in the number of grid

lines.

Lemma 3.3. X-stripes and Y-stripes in an image can be distinguished.

proof. Referring to Figure 3.6 we define the following notation.

light plane that creates stripe X, in 3-D,

light plane that creates stripe Y, in 3-D,

image plane,

intersection of Py and Py, a projector ray that produces the intersection

point A of stripes X, and Y,,
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C: focal point of camera,

X,.Y, : projections of stripe X, and Y, in image plane P;,

A;: image of A in P,
R:: image of R in P,, be used to indicate the up-down sense in the image.
P, : epipolar plane of R, a plane determined by point C and line R. Notice

that R; is the intersection of the image plane P; and the epipolar plane P,.

Under the "general viewing position" assumption, P, is not coincident with either Py
or Py. Because the stripe X, as a space curve z =f (x,y) is a single-valued function along
the curve, and P, divides Py into two half-planes, it is clear that X, is also divided into two
half-stripes lying at different sides of P,. At the same time P, also divides the image plane
P; such that the right half-plane of Py is mapped to the right half-plane of P; and the left
half-plane of Py is mapped to the left half-plane of P;. So, the two half-stripes of X, are
projected to different sides of R, in the image plane P;; that is to say, X,; must cross R,

once. A similar statement holds for ¥,;.

Take two points v; and w; on the right half-plane of P; (at the right side of R,) such
that v,e Y,;, w;€ X,; and they have same image x-coordinate. Let their counterparts in 3-D
be veY, and weX,. Because X, and Y, lic on object surfaces and objects are assumed
opaque, points "below" the stripes in the Py and Py planes are invisible. Referring to Fig-
ure 3.6, let the line Cv intersect the light plane Py at v'. For both v and w visible, v’ must
lie on the visible ("above") side of X, in Pyx. Thus the projection of v in the image P; must

be "above" that of w.

Because the pair (v;,w;) was arbitrarily chosen, every point on Y,; must be "above" its
corresponding point (with same image x-coordinate) on X,;, if there is one. So, the entire
half-stripe Y,; (on the right side of R)) is "above" the half-stripe X,;. The same reasoning

can be applied to the left half-plane of P;, except that "above" is changed to "below".
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We thus conclude that if an X-stripe and a Y-stripe intersect in the image, they can
be distinguished with respect to R,, the image of the projector ray that produces the inter-

section point. W
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Figure 3.6 Distinguishing X- and Y-stripes at an intersection point (Lemma 3.3)
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The procedure of making that decision at an intersection point 4; is the following :
(@) Project the projector ray R onto the image plane P;, obtain l—l),-.

(b) From a point s # A; on 'Ii’,-, moving clockwise, we will encounter stripes of Y-
X-Y-X (or of X-Y-X-Y, depending on the camera position), alternately. See
Figure 3.7.

4
’,’ R, : image of projecting ray
/’

4
L

Figure 3.7 X- and Y-stripes distinguished w.r.t. R;
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3.4.4 Algorithm 3 — single network solution via constraint propagation

The purpose of this algorithm is to provide possible 3-D surface solutions for a sin-

gle 2-D stripe network.

input :

output :

method :

1

()]

©))

C))
&)

Network n=(V, E) and a set G,, of igw-points resulting from algorithm 2 for each
image-point p; € V.
Set of surfaces that corresponds to the network n (ambiguous surface solutions).

This algorithm is a DFS (depth first search) procedure. During the graph (net-
work) traversal, consistency between neighboring points in the network is
evaluated. Consistency criteria are the constraint rules T1-T3. In this algo-
rithm, s, u, v without subscript "i" are image-points, p,,p.,p, denote their
corresponding igw-points. A decision must be made as to whether a consistent
interpretation for all network points is needed or whether some may be omitted

to allow for error or accidents.

Pick as the starting point an image-point s € V, whose associated set G, has
smallest size. All points in V and edges in E are labeled "undeleted". O(IV1) time
is needed.

Initialize the "output list" Le~@. Select an unused igw-point p, from the set G,

of s. If p, exists, put p, in L and 4 «s; else stop.

Select an unexamined edge (u,v)e E where v is not marked "deleted". A igw-
point p,€ G, is selected so that p, is compatible with p, and with other neighbors
of p, according to the constraints T1-T3 . If such a p, is found, L&LU {p,} and
u«v; else mark v "deleted” from Vv and mark all edges that involve v "deleted"

fromE.
If u#s go to (3) else go to (5).

Reorganize the "output list" L (set of igw-points) into X-stripes and Y-stripes

using x,, y, of each pe L, and sort these stripes on stripe#. Output L as a resulting
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surface.

(6) Unmark all "deleted"” flags, go to (2).

In step (3), "deleted" marking is for obtaining partial surface solutions that involves
only a subset of V. If solutions involving all points in V are required, no marking is
needed; in this case, if propagation is blocked, the algorithm may simply discard the
current partial result in L and go back to step (2).

For one surface solution, each image-point in network » is visited once, hence O(IV1)
time is needed. The total number of surface solutions for » is no more than IG,l. So the
algorithm takes O(IV1-1G,l) time, where IV is the number of image-points in a network,
IG,| is the size of the smallest set of igw-points associated with image-points in the net-

work.

3.4.5 Algorithm 4 (Turning-Right algorithm) — network boundary extraction

The purpose of this algorithm is to locate the extremities of each imaged surface

element. It does so by a common technique of border following.
input: Network n=(V, E).

output : Ordered set of image-points B= {p;, j=1,..,1B1} such that it forms the boundary

of the network in the image.

method : Since all points of interest in this algorithm are in the image plane, we drop the

"ill.

subscript

In a stripe network, points of degree 1 (stripe end points) and degree 4 (stripe
intersections) are easy to handle, because degree-1 points are always on net-
work borders, while degree-4 points are always interior to the stripe networks.
We only need to worry about of points of degree 2 and 3. They may be on the
boundary, but it is difficult to get their order correct on the boundary as illus-

trated in Figure 3.8(a). To overcome this problem, we extend degree-2 and
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degree-3 points to degree 4 as in the steps (1) and (2). Then all points are of

degree 1 and degree 4 and are handled in an uniform way.
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@

Figure 3.8 Algorithm 4 (Turning-Right Algorithm)
(a) The order of points on boundary (dashed lines) may not be correct at
points of degree 2 and 3.
(b) Extend point of degree 2 to degree 4, v is the "mother” of v, and v,.
(c) Extend point of degree 3 to degree 4, v is the "mother” of v,.
(d) Find boundary of a network using the "turning right" algorithm.
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For each image-point ve V of degree 2 (where an X-stripe and a Y-stripe meet
but do not cross, i.e. a corner), we “"extend" it to degree 4 by adding two
degree-1 points v, and v, to V, and two edges (v, v,) and (v, v,) to E such that v,
and v, are only 1-pixel off v and in the directions extended by the original two

edges of v. Call v the "mother"” of v, and v,. See Figure 3.8(b).

For each v € V of degree 3, "extend" it to degree 4 by adding a degree-1 point
vy to V and an edge (v, v,) to E such that v, is only 1-pixel off v and in the direc-
tion extended by one of the original three edges of v, determined by Lemma
3.3. Call v the "mother" of v,. See Figure 3.8(c). Steps (1) and (2) examine only
those points of degree 2 and 3 that are a small fraction of the total number of
points in V. The time needed is O(1V1).

Initialize Be(. Arbitrarily pick an image-point ue V of degree 1 as the starting

point. BB U {u}. Let u’s neighbor be v.

If v is of degree 1, if v has "mother” v’ then B&B U {v’}, else Be~BU {v}. If v is
of degree 4, let w be the rightmost neighbor of v with respect to the direction i?,
and uev, vée—w. See Figure 3.8(d). It takes O(1) time.

If v= starting point, stop; else go to (4). The loop (4)-(5) takes O(IV1) time,

since each point in V is visited at most once.

The time complexity of this algorithm is O(IV1). For large stripe networks, the time cost is

much less since many interior grid points are never visited.

3.4.6 Algorithm § — solution for the scene

This algorithm eliminates incompatible sets of individual surface solutions by

enforcement of the non-overlapping rule G3.

input :

Set of networks N= {n), j=1,..,IN1}, associated with each n; a set S; of surfaces

obtained from algorithm 3, the boundary of each surface resulting from



output :

method :

(1)

2

3
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algorithm 4, and the projector calibration matrix Mp.

Set of scenes, i.e. set of compatible combinations of surfaces, each surface

being associated with one network n;.

This algorithm combines surfaces (one surface for each network) to form a
scene. A combination is valid only if all surfaces in the combination have non-
overlapping projections in the projector plane, according to the geometric con-

straint G3 and the topological constraints T4 and TS stated in section II.

For each network n;, project the boundary of each surface in the associated set
of n; onto the projector plane, using the projector calibration matrix M,. Now
we have for each network n; a set of regions in the projector plane R;=
{ri, k=1,...,1R;1}.

Select one region r; from each set R; at a time to form a combination
C={rj. j=1....INI, 1sk<IR;1}. C is declared invalid and discarded as soon as
overlapping between regions in C is found (violation of the constraint G3,
under the smoothness and continuity assumptions T4 and TS). If C is valid and
completely constructed, output C as one possible scene. Note that the complete
set C needs not to be constructed if it is found invalid during its construction. In

the worst case the time cost is T = O(ZIR,lIr; ).

Repeat step (2) until all combinations are exhausted. The worst case time com-
plexity is O([T!R;!), where T is the previous worst case time cost in step (2).
But, since we are able to terminate expansion of combination C of regions at an
early stage when C is found invalid, just like tree pruning, the average time

needed is less.



3.5 A Complete Example

A series of experiments have been done in the PRIP lab; the results show that the
above algorithms do produce good surface solutions with a small degree of ambiguity.
Here by "good" we mean accuracy — an average of about 1mm (worst 3-4mm) error in
3-D, with the camera stand-off a little less than 1 meter. This performance is almost as
good as humans’ eyes. Because only sparse data are processed, the algorithms should
run reasonably fast — for a 512x512 image, usually only a couple of hundred or up to a
thousand points need to be processed rather than a quarter million pixels. Because we
didn’t put much effort on the efficiency of the algorithms, they run a little slower than
they should have. For a 512x512 image, the algorithms produced surface solutions in
about 5-10 minutes on a VICOM image processing system and VAX/8600, including
reading-writing files between algorithms.

Let’s go through the details, using an example, of how the surface solutions are
developed. A striped image of a scene consisting of a block, a Coke can and a diesel pis-

ton is shown in Figure 3.9 (reprint of Figure 2.2).

After applying algorithm 1, image points are detected and stripe networks are
extracted. Each image point is assigned a unique id. The detected network points of the
image are given in Figure 3.10. Notice that the stripes on the piston were not clearly
seen due to degraded illumination in the area of the piston, and the stripe network on the
piston surface is fragmented into small pieces. This was because we were not very care-
ful with the illumination condition when we ran the experiment. The results reported

here include only those for the block and the Coke can.

Algorithm 2 computes a set of candidate grid-points for each image point. Most of
the sets have 2 to 7 candidate points, a few sets have more or less candidates. The result

for the upper surface of the block is shown in Figure 3.11.

The constraint propagation algorithm (algorithm 3) computed network-consistent

surface solutions for each network in the image. Two possible solutions of the upper
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surface of the block resulted, which are marked A and B in Figure 3.11. The detailed 3-D
results are given in Table 3.1. There are also two network-consistent solutions for the

lower surface of the block, two for the Coke can.

Figure 3.9 A striped image of a block, a Coke can, and a piston
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Figure 3.10 detected grid points in the jumble image
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A : first solution

B : second solution

Figure 3.11
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(12,5B
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Candidate labels for some grid points of the upper surface of the

block. Results for some stripe end-points are not shown. Only two
network-consistent solutions (A and B) for this surface are feasible,as
the result of algorithm 3.
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Table 3.1 Two solutions for the upper surface of the block

Nework | ¢ ia 3D coordinate
Solution | Point
No. Xg | Ys | X Y y
A

4 10| 1 | 1515 347 803
5 9 | 2 | 1364 497 M6
9 n| 2 |163 497 799
10 10| 3 | 1516 644 793
11 9 | 3 1359 652 797
12 9 | 4 | 1360 800 794
13 8 | 5 |1209 951 795
17 1| 3 ]|1662 647 791
18 10| 4 | 1512 797 799
19 9 | 5 |1359 951 T94
21 1| 4 [1663 796 794
2 10| 5 |1511 948 795
86 10| 2 | 1516 494 796
87 - | 1 ]1608 341 792
88 -1 1412 341 794
89 10| - | 1520 317 81l
%0 - | 2 11473 491 789
91 9 | - | 1370 488 814
100 12| - 1819 423 799
101 nmy| - |19 377 809
102 10| - | 1519 535 808
103 -] 3 11298 640 785
104 - | 4 |1225 790 787
105 -l s |1n7a 938 TIO
106 8 | - |1220 888 816
116 - | 3 [ 1743 640 781
117 9 | - 11370 1053 815
121 -] 4 |1681 789 783
12 nm\| - |1669 8.7 798
123 - | 5 {1615 938 768
124 -] 6 | 1551 1088 758
198 10| 6 | 1515 1093 800
199 12| 2 | 1812 497 T9.7

Note :  From the model and pose, it is known that surface
points (X,Y,Z) should satisfy the planar equation Z

= 80mm.

Network

X Grid 3D coordinate
Solution Point
No. xg | vg| X Y z
B

4 1n| 2 |1645 53 1020
5 10| 3 | 152 666 1015
9 12| 3 [1790 671 1024
10 11| 4 [1651 811 1019
n 10| 4 [ 150 816 1019
12 10 5 | 153 959 1020
13 9 ] 6 | 130 1102 1021
17 12| 4 | 1791 816 1021
18 1| s |160 959 1029
19 10| 6 | 1504 1104 1024
21 12| 5 |1794 9.0 1027
2 11| 6 [1651 1104 1029
86 1M| 3 |1649 666 1018
87 -l 21126 507 97
88 -] 211540 507 99
89 1| - 1660 508 1045
%0 -] 3 |1602 654 1001
91 10| - | 1514 664 1040
100 13| - [1952 622 1051
101 12| - | 1806 572 1051
102 1| - (1660 T4 1042
103 - | 4 | 1439 801 1003
104 -1 5 |1374 948 1012
105 - | 6 | 1328 1094 1004
106 9 | - |1367 1038 1035
116 -] 4 | 1862 801 99
117 10| - [ 1513 1199 1041
121 - | 5 | 1807 948 1008
122 12| - | 1806 1062 1041
123 - | 6 | 1749 1094 1002
124 -1 7 |13 1241 1000
198 1| 7 1657 1244 1037
199 13| 3 [1933 673 1025
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The network boundaries are extracted by the ‘‘“Turning Right’’ algorithm (algorithm
4). Algorithm 5 checks the validity of combinations of surface solutions. Since there are
two solutions for each of the three networks in the image (upper surface and lower sur-
face of the block, the Coke can), we come up with eight possibile combinations. The
non-overlapping rule culls six of the eight possibilities, and leaves two as the final
results. The upper panel of Figure 3.12 shows a valid and an invalid combination of sur-

face solutions of the jumble.

Several other images were also processed : (1) a clay sculpture of a cobra, (2) a
diesel piston, and (3) seven potatoes. We have seen these images in Figure 2.2. The
backprojection of two combined solutions for the potato image is shown at the lower

panel of Figure 3.12. Table 3.2 illustrates the results for these images.

From the experiments we see that (1) large image networks have fewer surface solu-
tions, sometimes a unique solution (as in the case of the cobra sculpture), because of
tightened constraints caused by a large number of image points; (2) the uniqueness con-
straint is very powerful on images of multiple networks, as in the case of the potatoes
where only 5 combinations of surface solutions survived among a total of 36 possibilities
— an 86% cut; (3) ambiguity still remains in the final results, but to a much smaller
degree, and it can be sorted out by a little additional knowledge such as more assump-
tions about the real world (for example, in the S solutions of the potatoes image, four of
them have potatoes floating in the air), by information from a different viewing position,

or by use of object models.
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@ @>@ Cb

backprojection of some combined solutions for the jumble image

O | L

(20 |y 2

backprojection of some combined solutions for the potato image

Figure 3.12 (a) valid combination (b) invalid combination
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Table 3.2 Summary of surface solutions for the jumble, cobra, piston

*

and potato images
surface number of number of surface
im possible combinations after
image patches surface applying
solutions uniqueness constraint
upper 2 (A,B)
jumble lower 2 (A,B) 2 (AAA,BBAY
Cokecan | 2 (A,B)
head 3 (AB,O)
cobra 1 (BA)
body 1 (A)
P, 1 (A) S solutions :
(ABAACAA,
P, 4 (A,B,C,D) ABACCAA,
ACABCAA,
P, 1 (A) ACAACAA
potatoes ACACCAA)
P, 3 (AB,O)
Ps 3 (A,B,0)
P 1 (A)
P, 1 (A)

Solution BBA represents the combinations of solution B of the upper surface,

solution B of the lower surface, and the solution A of the Coke can.
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3.6 Quantitative Analysis on the Degree of Ambiguity

The degree of ambiguity refers to the number of surface solutions in 3-space that
survive the constraint test. We want the number of surface solutions to be small. If the
number is one, we get a unique solution. The question is, without any knowledge about
the objects in the scene except the projection and imaging geometry, how many solutions
may be possible? Figure 3.13 illustrates the situation. We see that the number of possible
surface solutions depends on several factors, for instance, light stripe spacing, number of
stripes, and the distance from the camera to the scene. In addition, a camera ray and a
projector ray (both are lines in 3D) may not intersect in space even though the projector
ray does create that very point in the 2D image, due to measurement and computation
inaccuracy. We treat a camera ray and a projector ray as if they did intersect in space if
the distance between the two rays is less than a predetermined tolerance T. Taking this
factor into consideration, the degree of ambiguity is also an increasing function of T.

Can the degree of ambiguity be arbitrarily large, if infinitely many projected light
stripes are assumed? We shall show quantitatively that this will usually not be the case.

The analysis is based on two projection models : orthographic and perspective.

3.6.1 Orthographic projection

3.6.1.1 Assumptions

Under an orthographic, or parallel projection, model the projector projection is
parallel. That is, all X-stripes are parallel to each other, all Y-stripes are parallel to them-
selves. Camera imaging is assumed perspective. We are to examine how many locations
are possible in 3-space for a square-shaped surface patch on the xy plane (worktable)
formed by stripes whose stripe numbers are X,, X,+1, Y, and ¥,+1. The projection model is

illustrated in Figure 3.14.
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Figure 3.13 Ambiguity of location in 3-space
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Figure 3.14 Parallel projection model
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3.6.1.2 Basic formulas
The equation of the line through two fixed points (x;,y,,z,) and (x3,y2.z;) is given by

X=X YN z2-2

XX - Y2=) B 2272y M
The direction numbers of a line
Ax+By+Cz+D =0
ax+by+cz+d=0
are /,m,n given by
=15 Cl m=lCal n=1G35]
The distance between two lines is
d= (x1=x2)L+(y1-Y2)M +(z,-22)N l @
LTTMTNT

where (x,,y;,z;) is an arbitrary point one line and (x,,y,,z;) is an arbitrary point on

another line, and

m; n,
my nz

ny I
ny Iy

Iy my
I m,

’ ’

with m,,n,,l, the direction numbers of the first line, and m,,n,,l, the direction numbers of

the second line.

3.6.1.3 Computation in 3-space

Let stripe spacing be r, the four vertices of the surface square be (x,t,y,t,0),
((xg+1)8,y,1, 0), ((xg+1)18, (g +1)1,0), (x,¢, (y,+1)1,0). Let the optical axis of the camera be from

the camera (0,y,,z.) to the center of the surface square, i.e. the coordinates of the camera

1
o(y+l); (x,+2)l
*VE 277 tan@

are
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The camera ray has the equation

e 2x,y — Q2y+Dxgt = 0
1 (2xg+1)y — tan@z — (2x,+1)y,t = 0

Thus, the direction numbers for L, are obtained as

2x, 0
2x,+1 —tan®

1 2%

) o 1|_ _
h= ~tan® 0 ' =tand,  m = | 0 2x,+1

' =-2x tand,  m; = =2xg+1

Suppose k solutions exist, i.e. the k-th solution is valid, which is obtained by shift-
ing the square surface patch towards the camera along its optical axis by k X-stripes, then

the corresponding equation of the projector ray is given by

x = (xg—k)t 0

i

—_ y"
and the direction numbers are

w=[98]-0 m=[dl-0 n=[30]-

Hence, the distance between the camera ray L, and the projector ray L, is computed

according to formula (2) :

2x,+1
_ G0 1and & [+0+0
\ltan?6+4x71an?@ 1+4x;

Making this distance less than a preassigned tolerance T, we have

\/ 1+4x2

2x
k< tr=_—LT
t ]

Since L, is the camera ray (among the 4 camera rays) that has the greatest distance
from the projector ray, we do not need to consider the other 3 rays. Hence, we conclude
that the number & of possible locations of a surface patch in 3-space is proportional to the
camera standoff (determined by x,) and the tolerance T, inversely proportional to the

stripe spacing .
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3.6.1.4 Computation in xy-plane
To make things simpler, we just look at the projection of these rays in the xy-plane.
Because of the parallel projector projection, the distances between a camera ray and pro-
jector ray is the same as its xy-plane projection.
Suppose that the camera is at (0,y.), and the four vertices of the square-shaped sur-
face patch are (x,t, 0),((x,+1)t, 0),((x,+1)1,¢), and (x,t,r). The 4 camera rays are
Iy iy x+xty—x,ty. =0
IZ $YeXx +(x,+1)0' _(xg+1)‘yc =0
Iy 1 Qe=0)x +(xg+ Dty —(xg+ 1)ty = 0
l4 : (yc—‘)x‘*'xgty_xgtyc =0
The distance from point (1,v) to line Ax+By+C=0 is

Au+Bv+C

VAZ+B?

The i-th possible location of the surface patch in 3-space (moving the patch towards the
camera i x-stripes) would have 4 vertices ((x,—i)t,je),((xg—i+1)t,je), ((x,—i)e, j+1)), and
((eg=i)t, j+1)1), where j is the number of y-stripes the surface patch should move to the

camera in order to obtain the i-th location.

These 4 points will have distances from J;,k=1,2,3,4 as follows

di = tlx,lj—ycil
1=
Y1)

do= t|(x,+l):j—y,i |
G

| ytjioyeitit
T O G D

t |x,tj—yci+il I
d4 =
\J(Yc-' ) +(X' t)
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In order to make the i-th solution valid, d,(k=1,2,3,4) must < tolerance T at the same time.
Let us consider some special cases where the camera viewing direction varies.

(1). 6=n/4

In this case, y.=x,t, i=j. d; is the largest :

‘jf*—i . Txg
dy= = i<
T ox, 21t

(2).6=0
Here the optical axis is parallel to y-stripes, i.e. y.=0, j=0. Computation shows that

d,=max(d,),k=1,2,3,4 :

it . Ix
dy=— = is—%
x, t

(3). tan6=2, i.e. 6=27°, or y.=0.5x,¢, and i=2,j.
In this case, all candidate solutions by shifting the surface patch towards the camera
odd number of x-stripes are considered invalid, since the distance calculated is
about half of the stripe spacing, which is usually considered too large. By shifting
the patch to the camera even number of x-stripes, say 2n, we get the largest distance

as

= 6jt

di= —2
’ \]5x37+4x,+8

Make d,<T, we get

< \[5x37+4x3+87‘

J 6t
where i=2n=2j.
According the above analysis, we obtain Table 3.3 for the number of possible loca-

tions in 3-space of a square-shaped surface patch on the ground plane, with a tolerance

T=3.5mm.
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Table 3.3 Number of possible locations in 3-D for a striped square, assuming paral-
lel projection.

camera stand-off stripe spacing (mm)
camera angle
(mm) 5 10 15 20 25 30
300 14 7 5 3 2 2
0’ 450 21 10 7 5 4 3
600 28 14 9 7 5 4
300 5 2 1 1 1 1
27° 450 8 4 2 2 1 1
600 10 5 3 2 2 1
300 10 5 3 2 2 1
45° 450 15 7 5 3 2 1
600 20 10 6 5 4 3

In our experiments, the stripe spacing is 15mm, camera is at about 450~600mm
from the scene with viewing angle about 45°, the number of possible solutions for a single
square is 5~6. For a larger network (more constrained), which is usually the case, the

number of possible solutions will be less.

3.6.2 Perspective Projection
3.6.2.1 Assumption

Under the perspective model, both camera imaging and projector projection are per-
spective. We will expect larger ambiguity than in parallel model, since both camera rays

and projector rays are tapering and getting closer and closer to each other. Thus there is a
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good chance for a camera ray to ‘‘intersect’’ a projector ray in 3-space — the distance

between the two rays will be easily smaller than a predetermined tolerance T.

3.6.2.2 Computation

We use the similar set-up as in the previous section. The coordinate system is the
same. The camera position is at (0,y,, z.). and the projector is at (x,¢,2,). That is, the opt-
ical axis of the projector is vertically from the center of the projector to the point (x,.¢),
which is assumed to be one of the vertices of the square patch on the worktable. The sur-

face patch has 4 vertices (x,¢, 0),((x,+1), 0),((x,+1)t.f) and (x,.1), as shown in Figure 3.14.

Using the same formulas as in the orthographic projection case, it turns out that the
analytical expressions are too messy to be useful. Instead of obtaining explicit analytical
form for ray-distance, we just run a computer program to compute it numerically on dif-

ferent set of parameters. The algorithm would be easier to read in vector notations.

Let a, b be two points on line /,, and ¢, d be two points on line /,. Then, the u=a-b
and v=c-d are vectors on /, and /,. The unit common normal n=(uxv)/l(uxv)l is perpen-
dicular to both u and v. Take a vector whose head is on /, and tail on I,, say w=c-a, and
the projection of this vector onto the common normal will be the distance between !, and

1. That is, d=<w,n>. This algorithm yields the Table 3.4.

From Table 3.4 we can see that if the camera is viewing at 45° there might be many
surface solutions possible, since the camera rays will intersect the projector rays at every
shift. If the camera is far away from the surface patch, the number of possible surface
locations is also large, because the tapering camera rays and projector rays will be getting
very close to each other so the ray-distance will be <T. Also, it is obvious that the

number of possible surface locations decreases as the stripe spacing increases.

The above analysis is based on a single quadrilateral on the Z=0 plane. It is conceiv-

able that for a scene of multiple objects each is much larger than a single quadrilateral,
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Table 3.4 Number of possible locations in 3-D for a striped square, assuming per-
spective projection.

camera angle distance from stripe spacing (mm)
camera to scene

horizontal | vertical 10 15 20

32.5° 550 700 37 11 4
45° 550 700 42 19 8
32° 400 700 23 9 4
45° 400 700 30 13 3
31° 250 700 13 5 1
45° 250 700 18 8 3
23° 350 700 18 7 1
45° 350 700 26 7 5
63.4° 100 650 11 5 1
45° 200 650 13 4 1
26.6° 100 650 4 2 1
45° 100 650 5 3 0

the resulting surface solutions are expected to be much less ambiguous. This is confirmed

in our experiments.
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3.7 Conclusions

This chapter dealt with 3-dimensional sensing problems using a projected grid. The
geometric computation for the surface points follows a stereo model — the camera-
projector pair. The difficult correspondence problem in the stereo model is simplified to
the line identification problem in the structured lighting environment, which can be par-
tially solved through the propagation of certain general constraints. In controlled environ-
ments, such as for industrial robots, this approach may provide an economical solution to
3-D sensing.

The discussion and experimental results in this chapter can be outlined as follows.

(1) The 3-D location of a point is computed by intersecting the projecting ray and
the imaging ray in 3-space — a typical triangulation method. In practice, the exact inter-
section may not be found, instead, it is approximated by the least squares solution over-

determined by the four equations (3.10) ~ (3.13).

(2) Because the projecting ray is non-deterministic, there may be a set of possible
solutions, each associated with one possible projecting ray (or grid point). All candidate
grid points are within a narrow band along the epipolar line of the imaging ray.

(3) The uniqueness and the continuity constraints are from the real world. The
deduced geometric and topological rules are very powerful in developing surface solu-
tion and reducing ambiguity. Although the result of constraint propagation is still not
unique in general, it usually has only a small degree of ambiguity that may further be

reduced using knowledge from other sources.

(4) The ambiguity in surface solution represents several possible locations of a sur-
face patch in 3-space, each one of them is equally useful in inferring surface shape and

other geometric properties.



CHAPTER 4

Inference of Surface Shape

3-D measurement by itself is not the goal of a vision system. The goal is to under-
stand the scene — to tell what and where the objects are in the scene, i.e. their locations,
orientations, shapes, as well as their spatial relationships. The collected 3-D data are use-
ful only for this purpose. The 3-D data obtained from light striping are sparse but not
individually isolated, they are spatially related through the stripe networks. How surface
shape is inferred from 3-D grid point data and the stripe networks is the focus of this
chapter. The objective is to get symbolic labels on surface data. In Section 4.1, a surface
shape classification method will be discussed, which is based on the intrinsic Gaussian
curvature at various points on the surface. In order to compute the Gaussian curvature, or
more specifically, to compute the partial derivatives of the surface function, a discrete
B-spline fitting is applied to the 3-D grid data. Experiments show that this approach can
work on our striped data, as it has worked on other type of data, range data for example
[Besl and Jain 85]. Section 4.2 is concerned with the problems in inferring surface
shapes from the 2-D stripe networks in the image. The 2-D stripe networks are con-

sidered as stripe textures on which a structural texture approach is applied.

79
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4.1 Surface fitting and local curvatures

Given a set of points in n-dimensional space, it is often desirable to estimate the
position of other points in the space in general, or to fit curves (n=2) or surfaces (n=3) in
particular. In our case, we have had certain points in 3-space computed (grid points), and
we want to infer the shape of surface on which these 3-D points lie. An analytical form
of a surface is usually hard to get except for those that are planar, spherical, cylindrical
and the like. A common way to describe a surface is to do so locally, in terms of surface
normal or curvatures. Curvature properties, especially the intrinsic Gaussian curvature,
has been studied for many years, and used in surface segmentation and classification for
both intensity and range images [Ittner and A. K. Jain 85, Besl and R. Jain 85, Medioni
and Nevatia 84, Laffey, Haralick and Watson 82, Ponce and Brady 85, Yang and Kak 86,
Besl and R. Jain 86]. In the case of striped data, B-spline surface fitting followed by
Gaussian curvature computation is feasible because the 3-D grid points available are the
control points needed in fitting. First we briefly review some local surface theory in dif-
ferential geometry [Millman and Parker 77, Lipschutz 69]. Then we describe the
approach that computes the Gaussian curvature and the two principal curvatures at sur-
face points based on B-spline surfaces [Yang and Kak 86]. Finally, surface shape is

determined based on the clusters of the calculated curvatures.

4.1.1 Differential geometry — local surface theory
Surface tangent plane and normal

A surface S € R3 can be expressed in parametric form as

x(uy,uz)=(xy,uz), yy,uz), z(uy,uz))

where u,u, are two parameters and x € S can be viewed as a vector from the origin to a

point on S.
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The partial derivatives of x with respect to 4, and u;, denoted x; and x,, are

. = 9%
‘ au,-
and the second order partial derivatives are
= 9%x
i au,-au j

{x1,Xx2} is a basis of the tangent plane TS at point x, i.e. X; and x; span the tangent

plane.
The surface normal at point x is then

X1 X Xp
|X1XX2| )

First fundamental form

Since at point p of a surface S the two partial derivatives x; and x; span the tangent

plane T, S, any vector X in the tangent plane is a linear combination of x; and x;
X= a1x) +ajzxxp = Za,-x,-

The first fundamental form on surface S is defined as a bilinear form on T, S for each p €

S, given by
IX,Y) =Ya;bj<x;,x;>=Ya;b;gi;
where X, Y are in the tangent plane 7}, § such that
X =a,x; +azx; =Y a;x;, Y =b1x; + byxy = Y bix;

and g;; = <x;,X;>, the inner product of x; and x;, are called the metric coefficients or the

coefficients of Riemannian metric. The first fundamental form is explicitly written as

I%,Y) = (a1,02) [ gu g"] [ z;]

821 822

The matrix (g;;) assigns for any X, Y € T},§ their inner product with respect to the basis
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{x1,x2}. Notice that g2 =g;.
Second fundamental form
The second fundamental form on surface S is a bilinear form on T, S for each p € §,
given by
II(X,Y) = ¥ a;bj<x;;,n>=Ya;b;L;;
where X, Y € T,S are as before, and L;; = <x;;,n>, the inner product of x;; and n, are

called the coefficients of the second fundamental form. We can also write the second fun-

damental form as
_ Ly Ly | by
II(X,Y) =(a,,a3) [ Ly Ly b,
Notice that L3 = L,;. The geometric meaning of the second fundamental form is that if

Y is a unit speed curve on S with tangent T, the II(T,T) defines the normal curvature of v,

which measures how the surface normal is changing along the curve .
Weingarten map
The Weingarten map W is, for each pe S, the function T,S — T,,S given by
W(X)=-Xn

where X € TPS, and Xn is the directional derivative of surface normal n in the direction

of X. The matrix representation of W with respect to the basis {x;,x; } is W=(wy;) where
_ il
wi =Lk

and g? = (i,))-entry of the inverse matrix of (g;;), which is very easy to compute (for a

2x2 matrix!). More specifically, the matrix of the Weingarten map can be expressed as

Wi Wi Ly Lyp| | gl g2
W= =
[WZI sz] [LZI Lzz] [321 g2
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Curvatures

To measure how a surface S is curving at a point p, one way is through the normal
curvature of curves on S that pass through p. This is aesthetically unsatisfactory because
it forces us to break up a surface into infinitely many curves. Rather than to deal with the
infinitely many curves, an alternative is to find the maximum and the minimum values of
the normal curvature, which are the representatives of the infinitely many values so that
they reveal the geometric essence of S at p. A theorem in differential geometry says

[Millman and Parker 77]

"At each point of a surface there are two orthogonal directions
such that the normal curvature takes its maximum value in one direc-

tion and its minimum along the other."

The two orthogonal directions are called principal directions at p, the maximum and the
minimum values of normal curvatures are called principal curvatures of S at p. It turns
out that the two principal curvatures are the two eigenvalues of the Weingarten map W

and the two principal directions are the directions of the two corresponding eigenvectors.

Since W is a linear transformation, there are two associated numerical invariants :
the determinant of W which is the product of the two eigenvalues x; and x,, called the
Gaussian curvature K; and one-half of the trace of W which is one-half of the sum of

the two eigenvalues, called the mean curvature H

K =x;x; =det(W)

H= %(Kl +Ky) = %trace W)

Surface classification based on Gaussian curvature

The surface at point p is categorized into the following types according the Gaus-
sian curvature K at p :

K > 0: elliptic (convex or concave)
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K < 0 : hyperbolic (saddle point)
K =0: parabolicif x; #0orx; #0

K=0:planarifx; =x; =0

4.1.2 Computation — surface fitting using B-splines
The local surface theory outlined above suggests the following simple computa-
tional procedure for obtaining curvatures and surface type
1. Find the partial derivatives X, X,, and the second order derivatives x;;.

X1X Xy
2.  Compute normal n = ——.
IxyX x5 1

3.  Compute the coefficients of the first fundamental form g;; = <x;,x;>.

4.  Find the inverse matrix (g) = (g;;)™".

5. Compute the coefficients of the second fundamental form L;; = <x;;,n>.
6.  Compute the Weingarten map W = (L;;) @g").

7.  Compute the eigenvalues x;, X, and the eigenvectors of W .

8.  Compute the Gaussian curvature K and the mean curvature H.

9.  Classify surface type at point p according to K.

The mean curvature H is not used in classifying surface type, but it is useful for
quantitatively describing the extent to which the surface is curving. In fact, H is exactly
the average of the normal curvatures of the infinitely many curves at point p over all
directions

1 2n

H=—- t[ K.(0)d6

where x,,(0) is normal curvature along direction 6.

The eigenvectors are not used in surface type classification either, but they provide

the orientation information that may be useful in further analysis. For example, if a
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surface is determined to be cylindrical because most of the points on the surface are
classified so, the orientation of the cylinder (major axis) would be the average direction
of the eigenvectors in which the eigenvalues take the value O at the various points (the

surface does not curve along this direction).

In the computation procedure, step 2 to 9 are very straightforward. The problem is
in step 1 — How are these partial derivatives obtained from a set of discrete 3-D points
on the surface, which are the only information we have so far? A common approach is to

fit an analytic surface locally to a set of points and then take derivatives.

B-spline surface patch

Given 16 points p;j, i,j = 1,2,3,4, on a 4x4 equally spaced grid on surface S, such as
the ones in Figure 4.1, a B-spline surface patch that fits the middle 4 points is given by

x(u,v) = uBPB‘vV 4.1)
where

u=(u3 u? u 1)

v=(v3 vZv )

P= (p,'j), i,j=1,2,3,4

-1 3 -3 1
g_l| 36 3 0
=%l-3 0 3 0
1 4 1 0

with 0 S u,v < 1 being the parameters [Foley and Van Dam 82, Yang and Kak 86]. Point
D22 is at u=v=0; p,3 is at u=0 and v=1; p1, is at u=1 and v=0; and point p33 is at u=v =
1. The B-spline patch defines every point in the middle square. For example, the

parametric center point would be at u=v=0.5.
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Figure 4.1 B-spline surface patch using 16 control points

Partial derivatives

From the B-spline surface patch (4.1), the partial derivatives at any point in the

patch are easy to compute as follows.
x, = uBPB'v
x, = uBPB‘v"’
X, =u”’BPB'V
X, = uWBPB'v"

X,, = uBPB'v*”
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Since in our experiments the 3-D grid points are in terms of the world coordinate
system, a surface patch is considered as a Monge patch z = z (x,y). Hence we take x and y
as parameters in substitution of u and v, and the surface patch can be written as x(u,v) =

(u,v,z (u,v)). The above partial derivatives are then applied to z (4,v), we obtain

x,=(,0, z,)
Xy = (0’ 1, Zv)
X = (0,0, z,,)

X =(0,0, z,)

x,, =(0, 0, z,,)

The partial derivatives thus calculated are just in the right form required for curva-

ture computation.
4.1.3 Examples

Based on the computed 3-D coordinates of the grid points, several surface patches
of different types were analyzed using the differential geometry approach. On each of the
surface patches, each quadrilateral of the stripe network was fitted by a B-spline surface
using 4x4 neighboring points. Some 25 to 100 (¥,v change from 0 to 1 with a step 0.2 or
0.1) points interior to the quadrilateral on the fitting surface were picked, at which the

normals and curvatures were computed.
(1) The upper planar surface of the block in the jumble image.

Figure 4.2 shows the histograms of the number of surface points vs principal curva-
ture. The units on the curvature axis are not the same for the principal curvatures and the
Gaussian curvature. We put them in the same figure for simplicity. It is shown from the
histograms that both the two principal curvatures as well as the Gaussian curvatures at
most surface points are close to zero. Thus the surface patch is declared to be planar,

since K=0and x;, x5 = 0.
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Figure 4.2 Histogram of curvatures of a planar surface patch
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(2) Surface of the Coke can.

The histograms on K;, K, and the Gaussian curvature K are shown in Figure 4.3.
The histograms show that the values of the two principal curvatures and the Gaussian
curvature at various points on the surface patch are clustered with the cluster centers at
K1 =0, x; =-0.5, K = 0. Accordingly, the surface is classified as parabolic. The non-zero
principal curvature x; is the normal curvature of surface curves in the direction that the
values of curvature reach the maximum. Because the normal curvatures are the same

almost everywhere (clustered at about -0.48 to -0.5, according to the histogram), these

surface curves ought to be circles with a radius r = = 2. So, the surface is not only

|K2

parabolic, but also cylindrical with radius 2 units. The unit here is the stripe spacing on
the Z=0 plane, which is about 15mm. Hence the cylinder has radius about 30mm. As a

matter of fact, the radius of the Coke can is indeed 32mm.

Corresponding to the principal curvature x; = 0, the computed eigenvectors also
show a cluster tendency with the cluster center being roughly the direction of the major
axis of the cylinder.

(3) A potato in the 7-potatoes image

A first glance at Figure 4.4 shows that K > 0 and x;, x; < 0. According to the
classification theory, these curvatures define an elliptic surface patch. From the histo-
grams, we see the two principal curvatures K; and x; being well separated, each spreads
over a relatively wide range. We conclude that the surface curves downward in both prin-
cipal directions (x; <0, K3 < 0), but more rapidly in one than in the other — a surface of

an ellipsoid-like object, a reasonable description of a potato.
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4.1.4 Occlusion relationships between virtual edges

The above curvature computation uses 3-D grid points interior to the stripe net-
works. But the stripe end-points are also very important in geometrical reasoning about
the spatial relationships of the objects, especially about occlusions. If one surface is par-
tially occluded by another surface with respect to the projector, the occluding surface
will create a "shadow" on the occluded surface. In this case if a light stripe runs across
the two surfaces, it will be interrupted at the place of the shadow. The 3-D data of the

stripe end-points can be used to obtain this information. The computation is simple.

4.1.5 Summary

In this section, we have discussed an approach to inferring surface shape from the
3-D grid data. A stripe network is considered to indicate a surface patch, on which the 3-
D data are available at equally-spaced grid points. Curvatures (x;, K3, K) at other surface
points interior to the stripe network are computed based on a B-spline fitting to the sparse
3-D grid data. Clusters of the computed curvatures are sought, and surface shape is then
classified using the curvature of the cluster centers. This technique is satisfactory for
those objects that are of regular shapes, e.g. planar, cylindrical, spherical, etc. This work
just shows how techniques used on dense range data [Ittner and A. K. Jain 85, Yang and
Kak 86] can be applied to sparse 3-D data from stripes. Two problems remain : (1) What
can be said if the curvatures are scattered all over the place with no cluster tendency? Are
they of "arbitrary” shapes? (2) What about the points at the boundary areas of a surface
patch: the above computation is valid only for the quadrilaterals interior to the stripe net-
work? The first problem is indeed not easy to solve, since the differential geometry
theory does not provide classification of surfaces that have nondeterministic curvatures.
In many cases the surface has to be looked at locally, one small piece at a time. But, for
certain types of surfaces, such as sine wave, the spread curvature measures may be useful

for surface shape inference. The second problem requires more information about the
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surface patches at the "critical" places — edges and boundaries. It is natural to probe

other sources for more information. Stripe texture is one of the sources.
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4.2 Surface Shape from Stripe Texture

So far we have computed surface solutions (Chapter 3) which are in fact locations
of some isolated points on the surface. Also, we have done some surface shape inference
based on the computed 3-D points (Section 4.1). Now, let’s totally forget the 3-D points

for a while and concentrate on what information we can pull out from the 2-D stripes.

The stripes seen by the camera weave stripe networks in the image. This kind of
wire-frame network, or stripe texture, is often seen in computer graphics for 3-D display.
Figure 4.5 shows such a stripe-network image. In this image only the bright stripes pro-
vide information about the objects, while other parts of the image, objects or background,
provide little information, if any — they are homogeneously black. Through light stripes
in the flat image, human eyes perceive something three-dimensional. We interpret 2-D
stripes three-dimensionally because we have the built-in knowledge to reason about the
3-D scenes from 2-dimensional retinal images. For example, we know that a curved con-
tour in the image never comes from a straight line in 3-D. Our task is to develop this kind

of knowledge in our machine vision system and use it to interpret the images.

4.2.1 Relations of features in 2-D and in 3-D

Binford and Lowe [Lowe 84, Lowe and Binford 85] listed a set of ten relations of
2-D features and their corresponding 3-D inferences. The inferences are derived from
very general assumptions about the image formation process, in particular that the cam-
era and the light-source positions are independent of the objects in the scene. Under these
assumptions, many types of alignments in an image are unlikely to arise by accident.
More intuitively, the assumption is analogous to so-called the general position assump-
tion that the image is taken from a representative viewpoint; i.e. a slight displacement of
the objects in the scene would lead to essentially (qualitatively) the same image.

Accidental alignment refers to the cases where certain image features arise by placing the
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Figure 4.5 Light stripe networks in a striped image

camera in a special attitude. For example, a straight line segment in the image arises from
a straight line in 3-D (general position), or the camera is viewing a planar curve in a

direction that is in the same plane (accident alignment).

" To infer three-dimensional shapes from the light stripe textures, which are 2-D
features, a set of inference rules similar to that of Lowe and Binford’s must be esta-
blished. The following are the inference rules that I used in stripe texture analysis, under

the general position assumption.

(1) A straight line in the image is cast by a straight line in 3-D. A curved stripe in
the image is originated from a curved stribe in 3-D, and the 3-D curved stripe
is on a curved surface. In general, a curve in 3-D may not be on a curved sur-
face, it may be a planar curve. But for light stripes, they are intersections of

projected light sheets (3-D planes) and object surfaces. If a surface is planar,
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the 3-D stripes on that surface must be straight. So a curved stripe in an image
indicates a curve in 3-D which in turn indicates the surface on which the
curved stripe lies is a curved surface. Note that a straight 3-D line does not
imply a planar surface; it may be a line of least curvature on a cylindrical sur-

face, for example.

A continuous 2-D stripe indicates a continuous 3-D stripe . Two disconnected
3-D stripes will be seen connected in the image (look like one single stripe)
only when an accidental viewing position is taken to view the two 3-D stripes,

which violates our "general position" assumption.

Intersecting stripes (stripe network) in an image correspond to 3-D stripes on
the same object surface. By rule (2) each 2-D stripe corresponds to a 3-D stripe
on an object surface, a 2-D stripe network (continuous stripes) indicates a sin-
gle surface. But, because a camera viewing position not "accidental" to some
stripes in the network is not necessarily a general position to other stripes of the
same network, alignment of stripes belonging to different surfaces may occur.
Although infrequent, this type of accident may be observed in an image, espe-
cially when the 2-D stripes are thick due to blooming. Accidental stripe con-
nections in an image can be broken using some other information, such as

finding no network-consistent surface solution for a false stripe network.

Convexity and concavity of object surfaces can be determined by the 2-D stripe
networks. From the spatial relation between the camera, the projector and the
scene in our experiments, we know that an image stripe curving upward (down-
ward) toward its ends indicates a concave (convex) 3-D stripe on a surface.
"Up" and "down" were defined in Section 3.1.2. Convexity and concavity of

the object surfaces are then determined by the 3-D stripes.
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4.2.2 Stripe texture

If the camera were placed at exactly the same position as the projector, the light
stripes in the image would be a regular grid (perhaps with a little lens distortion), and we
would not be able to extract any useful information. In this case all the stripes on the
object surfaces are accidently aligned with the viewing direction — seen as straight lines
in the image. By increasing the displacement of the camera and the projector, the light
stripes seen in the image are distorted as a function of the object surfaces. It is the distor-
tion of the stripes that provide information we may use to discover the inverse function,
i.e. to recover the object surfaces. Stripe textures in an image, which are distorted grids
of tessellations, are useful for analyzing surface characteristics. Two kinds of texture

primitives are available : 4-sided tessellar cells and stripe curves.

Figure 4.6 Stripe texture primitives
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Tessellar cells

A tessellar cell is a tile in a stripe network, composed of four vertices and four
edges of two adjacent X-stripes and two Y-stripes. In Figure 4.6, BCGF is a tessellar cell.

A set of features are defined on the tessellar cell primitive.

(1) Standard deviation of side length, G;. This feature measures the degree of distor-

tion of the cell from a rhombus shape.

(2) Differences of two opposite sides, denoted by A/, and Al,. A cell on a planar
surface tends to have equal lengths of opposite sides, but one from a curved sur-

face does not.

(3) Standard deviation of angle, l,. This feature also measures the degree of distor-
tion.

(4) Differences of two opposite angles, Aa; and Aa,. The differences will be close
to zero if the cell is on a planar surface. They will be significantly different from

zero if the tessellar cell is on a non-planar surface.

(5) Average k-curvature of sides of the cell, p.. The k-curvature of a side is defined
as the mean of k-curvatures at each point on the side, where the k-curvature at a
point p is defined as the angle change between line ap and pb, where a and b are
k pixels away from p in opposite directions (k = 5 in our experiments) [5]. Note
that the measured "curvature" here is not the same as that in section 4.1. Here the
"curvature" is an approximation of the curvature of a planar curve (in the image

plane), but in section 4.1 we were talking about curvatures of 3-D surfaces.

(6) Compactness, defined as p2/A, where p is the perimeter of the cell and A is its

area.



99

Stripe curves

A stripe curve in an image is the image of the projection of a single grid line.
ABCD in Figure 4.6 is an example of a stripe curve. Stripe curves reveal planarity of
object surfaces, since 2D straight lines generally imply 3D straight lines, as in the infer-

ence rule (1) of section 4.2.1. Features of a stripe curve primitive include :

(1) Average value of curvature, li.,,, and standard deviation of curvature, G,,. Cur-
vature is defined as the angle between two consecutive stripe segments on the

curve.

(2) Average difference of lengths of consecutive stripe segments on the stripe curve,
H(Ag). If a stripe is a straight line, its vertices are nearly equally spaced, thus the
differences of lengths are close to zero. Here, we assume the viewing angle

effect on the spacing is small.

Stripe curves are detected based on the 2D grid networks and certain topological

constraints. Refer to [Stockman and Hu 85] for details.

4.2.3 Stripe texture classification

Texture classification is done in a hierarchical fashion as (1) planar vs. nonplanar,

(2) convex vs. concave vs. irregular, and (3) spherical vs. cylindrical.

Planar surfaces are distinguished from nonplanar ones based on features of tessellar
cells and stripe curves. A 1-NN classifier is designed to identify planar and nonplanar
cells based on the six features defined earlier. Euclidean distance in the feature space is
used to determine near neighbors. Notice that this method only classifies individual
tessellar cells, not the texture itself. But, a texture may indicate a planar (nonplanar) sur-
face if a majority of its cells are classified as planar (nonplanar). This can be used as sup-

plementary evidence to decisions based on properties of stripe curves.
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Histograms of p.,, and p(Ay) of stripe curves are constructed. Since stripes on a
plane are always straight, their curvatures are clustered at zero. And, since equally spaced
grid points produce nearly equally spaced stripes on planar surfaces, n(A4)’s are also
concentrated at zero. But stripe curves on nonplanar surfaces have nonzero curvatures,
and are not equally spaced in general. Thus, a peak near zero in each of the feature histo-
grams indicates straight stripes. If the straight stripes constitute an absolute majority of

stripes of a texture, then that texture is assumed to indicate a planar surface.

Once a texture is determined to be nonplanar, we come to the next layer in the
classification hierarchy — determining if it represents a convex or concave surface. This
is done via the average curvature (},,) and standard deviation of curvature (o, ) of the
stripe curves. For nonplanar surface patches, i, and 6, of X-stripes and Y-stripes are
computed separately. From the inference rule (4) of section 4.2.4, we have the following

criteria for determining convexity and concavity of a surface patch :
Xy, <0)and (Y, 20) = convex
Xy, >0)and (Y, <0) = concave

where each boolean subexpression is based on the majority of stripe curves in that direc-
tion. If the above two conditions are not satisfied then the surface patch is said to be of
irregular shape (neither convex nor concave). The value of G, is also used to adjust the
decision made above. If a surface has been classified as convex (concave) but the stripe
curves on the surface have large G.,,’s, the surface is reclassified as irregular although it
is basically convex (concave). Note that a convex or concave surface (cylindrical, for

example) has stripe curves with near-zero G,,.

The texture gradient based on tessellar cell primitives is also useful in distinguish-
ing cylindrical and spherical surfaces. We compute gradients along four directions (X-
stripe direction, Y-stripe direction, and two diagonal directions) on four features (G;, Oq,

Aoy, and shape). A cylindrical surface would have a value relatively small in one
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direction (along its principal axis) but spherical surfaces have relatively large values in

all four directions.

4.2.4 Experimental Results

Fifteen striped images were analyzed containing 27 surface patches, including 10
planar surfaces, 6 convex cylindrical surfaces, 5 convex spherical surfaces, 3 concave
spherical surfaces, and 3 irregular shaped surfaces. The objects were viewed in a variety

of orientations. There were 792 tessellar cells and 332 stripe curves in total.

For the 1-NN classifier, 106 randomly selected cells from the total population of
792 were in the training set. The remaining 686 cells formed the testing set. The results
are listed in Table 4.1. Using a majority decision rule on individual cells, 2 out of 27 sur-
face patches were misclassified (which had a small number of cells) and another two

patches remained undecided (planar-nonplanar tie).
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Table 4.1. Surface patches, texture primitives, and classification decisions.

# of decision decision
# of .
tessellar using using
No. surface patch cellsin | tessellar | stripe stripe
testing cell curve
set features curves features
1 jar 35 N 17 convex
2 ball 64 N 22 convex
3 book 48 P 15 planar
4 notebook 28 P 17 planar
5 roll of paper 35 N 22 convex
6 board eraser 3 P 3 convex *
7 metal block 8 P 8 planar
8 notebook 6 P 7 planar
9 board eraser 3 N+ 4 planar
10 piece of wood 14 - 1 11 planar
11 book 9 Nt 9 planar
12 block 14 - 1 11 planar
13 bowl 28 N 14 concave
14 worktable 27 P 13 planar
15 cylinder 13 N 10 convex
16 cylinder 11 N 9 convex
17 roll of paper 45 N 9 convex
18 grapefruit 13 N 11 convex
19 bowl 26 N 15 concave
20 bowl 18 N 14 concave
21 apple 5 N 6 convex
22 apple 3 N 6 convex
23 tennis ball 5 N 6 convex
24 waved paper 21 N 18 irregular
25 waved paper 22 N 20 irregular
26 cloth 59 N 19 irregular
27 garbage can 123 N 30 planar *

P — planar; N — nonplanar.

+ — misclassification using the majority decision rule.

$ — undecided using the majority decision rule (P-N tie).
* — misclassification using stripe curve features.



103

70

50

Frequency 40

30

20

10

T T T T llll|I H— HAq)
-20 -15 -10 -5 0 5 10 15 20

Figure 4.7 Histogram on p(A,) of stripe curves
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Histograms of two stripe features, J(A;) and ,,, were constructed based on data
from all 27 surface patches as shown in Figure 4.7 and Figure 4.8. We observe that there
is a peak near zero in both histograms, which indicates presence of planar textures. In the
histogram of curvature, two valleys were found around the peak. Using these valleys
(marked by arrows) as thresholds, the stripe curves were well classified as planar or non-
planar. For the nonplanar textures, concavity and convexity were determined using the
algorithm described in section 4.2.3. The result is shown in Table 4.1. Among the 27
surface patches only 2 (surfaces #6 and #27) were misclassified. The misclassification
was due to (1) too few texture primitives (#6), and (2) similarity between a planar surface

and a cylindrical surface with large radius (#27).

To distinguish cylindrical and spherical surfaces, a gradient operator was applied on
the textures. Since all tessellar cells were organized according to their spatial relation-
ships and a texture was represented as a two-dimensional array in the detection phase,
texture gradient is computed the same way as on a gray tone image. Gradients along four
directions (X-stripe direction, Y-stripe direction, and two diagonal directions) were com-
puted. This gradient operation was performed on surfaces that have been determined to
be either convex or concave. Results on 7 such surfaces are listed in Table 4.2. We can
see from Table 4.2 that cylindrical surfaces have average gradient magnitudes relatively
small in one of the four directions (indicated by *). That direction gives roughly the

orientation of the principal axis of a cylindrical surface.



Table 4.2.

Average gradient values on 4 features along 4 directions for 7 sur-
face patches. Cylindrical surfaces have values small in one of the
4 directions (indicated by *) that are assumed to be their principal
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axes. Surface patch numbers refer to Table 4.1.

features

s;;{:‘e g:;l g:; :1 compactness o Oa Aay
X 0.77 291 6.36 | 8.40
1. cylinder Y 0.83 319 | 588 | 9.67
diagonal 1 0.92 406 | 762 | 1.25
*diagonal 2 0.72 237 | 488 | 542
X 1.39 1.84 | 743 7.69
2. sphere Y 1.07 198 | 464 | 7.32
diagonal 1 1.92 1.63 | 11.55 3.94
diagonal 2 1.01 3.21 4.39 4.53
X 0.60 288 | 449 | 799
5. cylinder Y 0.71 2.54 3.93 7.08
*diagonal 1 0.51 0.60 3.12 3.63
diagonal 2 0.80 6.81 6.95 | 10.05
X 0.93 238 | 636 | 748
13, sphere Y 0.89 235 | 635 | 17.17
diagonal 1 0.64 344 3.36 8.24
diagonal 2 1.02 318 | 837 | 6.66
* X 0.15 0.52 1.25 1.37
. Y 1.83 2.87 | 15.17 1.97

16. eylinder | onal 1 1.78 250 | 1676 | 191
diagonal 2 1.81 3.21 | 16.27 1.54
X 0.95 330 | 11.09 [ 295
. *Y 0.26 0.60 1.11 3.00
17. cylinder 1= onal 1 1.00 338 | 11.74 | 238
diagonal 2 0.92 3.01 | 10.96 2.02
X 0.64 216 | 1040 | 5.87
18, sphere Y 0.68 249 | 1024 | 6.00
diagonal 1 1.05 3.86 6.39 1.75
diagonal 2 0.64 140 | 14.11 8.39
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4.3 Virtual Edges

In addition to the surface shapes and locations of objects in the 3-space, the spatial
relationships among the objects are also important to scene understanding. One source
from which the occluding-shadow relations with respect to the projector may be derived
is the set of virtual edges [Marr 82). The virtual edges in striped images are the "edges"
that form the boundaries of the stripe networks. The network boundaries are constructed
by the "turning right" algorithm in Section 3.4.5 using the stripe end-points.

The geometric constraint (G4) of Section 3.3.2 says "If two stripe end-points lie on
the same projector ray in 3-D then their stripe numbers are the same and one lies on a
surface between the other and the projector”. By this constraint we can find the
occluding-shadow relations of surfaces with respect to the projector by looking at the
relations between stripe end-points of same stripe number to see if they lie on the same

projector ray. The algorithm is summarized as follows.

Algorithm (virtual edges). For each pair of stripe networks 7, and n,, find a stripe
pair (s,52) such that they have the same stripe number (x; or y,), and s, € ny, s3 € nj.
From the 3-D coordinates (x,,,y.,,z,) of the end-points of the two stripes we can use the
projector calibration matrix Mp to find their projections (x,,y,) on the slide plane. If
end-point ¢, € 5, and e, € 5, are very close in the slide plane, we know that they lie on
the same projector ray. The one that is closer to the projector (can be determined by their
3-D positions) occludes the other. The above procedure is applied on all stripe pairs of n,
and n,. After occluding-shadow relations of individual stripe end-points are found, the
virtual edge relations can be established since a virtual edge is simply a sequence of indi-

vidual stripe end-points, with well defined order.

Refer to the jumble image we experienced in Chapter 3 whose stripe networks are

in Figure 3.10, the virtual edge algorithm resulted in Table 4.3.



108

Table 4.3 Shadow and Shadow-making virtual edges with respect to the projector

Occluding point Shadow point

id Xy Vg id Xg Ye

122 | 11.00 4.71 | 141 | 11.00 4.73

199 | 1195 2.04 | 132 | 1195 2.05

199 | 1195 2.04 | 132 | 1195 2.05

116 | 11.49 3.00 | 134 | 11.61 3.00

121 | 11.08 4.00 { 139 | 11.18 4.00

123 | 10.63 5.00 | 140 | 10.71 5.00

124 | 1020 6.00 | 149 | 1032 6.00

37 | 10.89 7.11 | 148 | 11.00 6.64

Notice that point 199 and 132 appear twice in the table because both are end-points
of an X-stripe and end-points of a Y-stripe. For point 37 and 148, their occluding-shadow
relation bears low confidence, since their y,’s are not very close. For virtual edges, the
order in which the end-points are extracted is 199, 116, 121, 122, 123, 124 for the upper
network, and 132, 134, 139, 141, 140, 149 for the lower network. It is seen that there is a
perfect match between the order of the end-points in the two networks and the

occluding-shadow relationship. Hence we have established the spatial relation between
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the two surface patches in terms of their relative positions with respect to the projector.
In general there may not be a perfect match, but the virtual edge relations can still be

established if most end-points on the two virtual edges have occluding-shadow relations.

4.4 Discussion and Conclusions

In this chapter we have discussed inference of surface shapes from light striping
through curvature computation (3-D) and stripe textures (2-D). The results obtained are
rough shape descriptions, both qualitative as planar, concave, convex, etc., and quantita-
tive as 3-D locations of the boundary points of stripe networks, radii of spherical or
cylindrical surfaces, and so forth. Experiments showed that surface shapes of certain
smoothly curved objects could be deduced reasonably well.

Using the computed 3-D points to fit a surface patch and find local curvatures at
various points on the fitted surface patch to infer shapes is a standard way to analyze a
surface [Ittner and A. K. Jain 85, Besl and R. Jain 85, Medioni and Nevatia 84, Laffey,
Haralick and Watson 82, Ponce and Brady 85, Yang and Kak 86, Besl and R. Jain 86].
But in some cases we need to analyze surface shapes using only 2-D information (3-D
data are not available, for example); and in some other cases 2-D information is itself
adequate. Stripe patterns in the image, or stripe textures, are a good source from which
the desired information can be obtained. In a 2-D image, the stripe textures provide infor-
mation about the distortion of the stripes, which is a function of the object surfaces. The
experiments on stripe texture analysis showed very convincingly that the 2-D stripes may
provide essential information about object shapes. On the other hand, 2-D stripes reveal
surface shapes only qualitatively, such as planar, convex, etc., not quantitatively. Hence

both 3-D and 2-D inferences are important and useful.

Related work [Shrikhande and Stockman 87] showed that surface normals at stripe
grid points can be directly derived with good accuracy without computing locations of

3-D surface points. This information is also useful and can be combined with the fitted
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surface in shape inference.

In shape inference using 3-D data and 2-D stripe textures, several issues remain to

which special attention must be paid :

(1) Gaussian curvature is computed only for points interior to stripe networks. This is
because surface fitting itself, as any other kind of data fitting, is not good for points
at the boundaries. To solve this problem, we need methods specially designed for
handling boundaries. Fusion of light striping with intensity is one of the methods,

which will be the topic in Chapter S.

(2) Qualitative description of surface shape is made locally unless the surface is regu-
lar of some sort. An arbitrarily curved surface should be broken down into pieces,

each having its own "global" description.

(3) Surface patches must be "large” enough in order to be described through stripes.
As stated in Chapter 2, this is one of our basic assumptions about surfaces. If a sur-
face patch has too few stripes it will not be described properly, or will simply be

ignored by the processing procedures.



CHAPTER 35

Multi-channel Vision—

Fusion of Light Striping and Intensity

It is seen from the previous chapters that structured lighting technique can be effec-
tively used for 3-D sensing and shape inference. But it is also clear that using structured
lighting alone we may not be able to obtain all information necessary for developing a
proper object representation for recognition. An obvious example is an object surface
that is visible to the sensor (camera) but invisible to the projector. There are no light
stripes shining on such a surface and hence no information about it is available. A natural
way to overcome this difficulty is to look for information from other sources, such as
intensity images of the same scene. Multi-channel information is then fused together to
yield a description of the scene. A fusion scheme is presented in this chapter that com-
bines information from light striping and gray tone image to develop symbolic descrip-
tions for the surface patches and intensity edges according to some "inference rules". The
symbolic descriptions may be combined in the higher level analysis to segment the image

into objects.

111



112

5.1 Object Description

The goal of 3-D scene analysis is to recognize the objects in the scene. In order to
accomplish this task, object models which are the descriptions of the physical objects,
must be available somewhere in the system. The extracted features from the images
should also be described using the same language as used in the models; — the represen-
tation of the sensed structure can be matched against the representation of the models for
recognition. As stated in Chapter 2, we use the surface-boundary representation that con-

sists of the following basic elements (repeat of Ch 2).
1. surfaces
(a) qualitative — type (planar, convex, concave, cylindrical, etc.),
(b) quantitative — boundary, 3-D location, orientation;
2. edges
(a) qualitative — type (extremum, blade, fold, mark, shadow),
(b) quantitative — location, length (in chain-code form);
3. surface-surface relationships
(a) occlusion,
(b) adjacency,
(c) belonging to same or different objects;
4. surface-edge relationships
(a) surface boundaries,
(b) surface marks,
(c) shadow edges,
(d) intersection (common border) of two surfaces.

From the discussion in Chapter 3 and 4, we may find that light striping can provide

elements 1 and 3(a) in the above representation. Now the question is, "Can other
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elements of the representation be obtained from light striping 7"

5.2 Light striping is not enough

We have discussed the light striping technique in 3-D sensing and surface shape
analysis. This technique has been shown to be promising. Besides providing locations of

surface points in the 3-space, the sensed 3-D data have the following properties.

(1) They are sparse compared with dense data obtained using direct range sensors.
Because of the sparseness, the computational burden often inevitable in processing

dense data is somewhat relieved.

(2) Although sparse, they are good representatives of the dense 3-D population, because
they cover the major part of visible surface due to the way the feature points are
created. The spatial relationships between the 3-D points are well defined in terms of
the stripes that connect these points. Hence, a good surface fitting may be constructed

based on these representative 3-D points.

(3) They are ambiguous in the sense that a surface patch may be at one of several loca-
tions in 3-space. But as far as surface shape is concerned, each of the several surface

locations is equally good for surface shape inference.

(4) They are available only in the areas visible to both the projector (there are stripes)
and the camera (stripes appear in image). For areas where no stripe appears due to

occlusion or shadowing, no information can be obtained.

Besides the weakness stated in (4) above, some problems introduced in 2-D process-
ing may also arise. On a smooth surface the stripes would gradually fade out as the sur-
face turns away from the viewer. These stripes may not reach the real object boundaries
before they die out. A stripe extraction procedure (brightness thresholding, say) will fail
to pick up the fading tails of the stripes, but the tails, especially the end-points of the

tails, are indeed very important features for 3-D analysis. For the same reason that
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brightness of stripe pixels varies as the surface orientation varies from point to point, glo-
bal brightness thresholding may result in broken stripes and fragmented stripe networks,
which introduces more difficulties in further processing steps. There seems to be no way
to get around these problems using only light striping. We ought to resort to other
sources for the missing information. Fortunately, an intensity image of the same scene
viewed at the same position and in the same direction is easily obtained by simply
switching off the projector. Exact registration of the two images (striped and intensity) is
guaranteed since neither the camera nor the objects in the scene have been touched. The

fusion of information from striped and intensity images will be the topic of this chapter.

5.3 Comparison of the two information channels

A striped image and its intensity counterpart each has its strengths and weaknesses.
To better understand why the combination of information from these two different
sources is advantageous, let’s look at some examples. In Figure 5.1, a gray-scale image
and its corresponding striped image are shown in (a) and (b), respectively. (c) is the
result of a gradient operation on the gray-scale image followed by a thresholding, and the
overlay of the edge map and striped regions is in (d). From the striped image alone, we
can compute 3-D positions of the grid points, determine the rough surface shapes (planar
in this case), detect blades and folds, and segment the image according to the stripe net-
works (two segments in the example). But it provides no information in the areas where
light stripes are occluded, and no clues about whether the two surfaces belong to the
same object. On the other hand, the gray-scale image may not catch discontinuities of
surface normal (the concave edge is missing, for instance), and may have difficulties in
segmenting surfaces. But it offers fine boundaries and texture. In the example, the gray-
scale image suggests that the two striped surfaces belong to the same object because of
well-connected outer boundaries. Also the clear edge of the triangular-shaped surface is

useful in breaking down the larger striped surface into two sub-regions, which will be
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confirmed by the bending of the stripes. In section 5.5, we will find that this particular

edge is a fold, and the two sub-regions are two surfaces meeting at the fold.

A second example of multiple objects is shown in Figure 5.2. Notice that the
striped regions do not exactly agree with the contours, due to the continuous change of
surface normal and stripe fading. But they provide a good preliminary segmentation,
which is not easy to get from the intensities alone. A more accurate segmentation can be
obtained by extending the striped regions with the gradient contours as boundary condi-

tions.
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Figure 5.1 Fusion of intensity and light striping — example 1
(a) intensity image (b) striped image
(c) edge map (d) overlay of edges and striped regions
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(c) )

Figure 5.2 Fusion of intensity and light striping — example 2
(a) intensity image (b) striped image
(c) edge map (d) overlay of edges and striped regions
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Table 5.1 gives a comparison of the two information channels. Combination of the
two channels will certainly facilitate the strengths of each, and is necessary for generat-
ing an object representation that will be suitable for the next step of processing up the

visual chain, e.g. model matching and recognition.

Table 5.1 Comparison of two information channels

Striped Image Intensity Image
Information gross surface shape, location, | local surface albedo and
boundaries and segmentation; | orientation (under controlled
detect folds (crease edges) in | illumination); little shadow-
surfaces and some blades & | ing; fine boundaries and tex-
extrema tures; can see into some of
surfaces in shadow of pro-
jected light
Factored Out | albedo; fine texture no direct 3-D info (no
knowledge of projector)
Problems shadows; occasional | segmentation into objects;
accidents; some ambiguity in | difficult to get gross shape;
3-D solution; will miss | can miss discontinuities of
illumination = or  albedo | surface normal (folds)
discontinuities
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5.4 Stripe extension

Since light stripes in an image are much brighter than other part of the image, a glo-
bal thresholding would be a proper way to extract the stripes. But on the other hand,
because the intensity received in an image is a decreasing function of the angle between
the viewing direction and the surface normal, the intensity value on a light stripe that
runs across a smooth curved surface will fade out as the surface turns away from the
camera (or projector), and will vanish when the surface normal is at 90° to the imaging
direction (projection direction). Hence, a global thresholding may cut off some stripes in
the fading areas. To recover the thresholded part of stripes, a local thresholding may be
useful.

Local thresholding

Figure 5.3 (a) is a striped image of an orange, which is part of the image in Figure
2.2 (c). Figure 5.3 (b) is the result of a global thresholding on (a). It is seen that the tails
of some stripes were cut off, with detected stripe end-points at somewhere toward the
middle of the stripes. To get better end-points, we apply local thresholding on the
regions that are in the vicinity of the detected stripe end-points. To find a proper thres-
hold value for thresholding a subimage, the common approach is to construct the histo-
gram of intensity in the subimage, and find a valley in the histogram. But, identifying
valleys in a histogram is itself a non-trivial problem when there are no clearly defined
peaks and valleys, which is the case in our situation where the intensities of both stripe
pixels and background pixels scatter over a wide range. Instead of working on histo-
grams, we adopted a heuristic approach. The heuristic is that the stripe tails, although
weak in intensity, are in general still brighter than the near-by background pixels, and the
majority pixels in the local region belong to the background. That is to say, the stripe pix-
els occupy a certain portion at the high end of the intensity range. We need to locate a cut

point at the right place. Two methods can be used to determine the cut point.
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(@) (b)

Figure 5.3 (a) striped image of an orange (b) result of global thresholding

method A. Suppose the local region is an nxn subimage. The stripe tail may run
across the region so it will be n pixels long; or it may terminate in the middle of the
region and hence will be shorter. For a stripe tail 3 pixels width, it has at most 3 pixels;

that is -3% = % of the region. For n = 15, for example, no more than the top 20% high
n

intensity pixels may be on the stripe. The results of thresholding using 15% as the cut
point is shown in Figure 5.4 (a).

method B. Because most pixels in the local area are background ones, the average
intensity would be closer to that of the background than to the stripe. Those pixels. having
highemt‘mn-z;wemge intensities that devime'very. much from the mean are classified as
stripe pixels. Using 90 as the threshold, where ¢ is the standard deviation of intensity,

the result is shown in Figure 5.4 (b).
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(@) (®)

Figure 5.4 Local thresholding results using threshold value at
(a) top 15% intensity
(b) 9 o (o is the standard deviation of intensity)

Notice that there may be some other stripes (besides the one we are working on)
running into the local region. We don’t want those bright stripes to interfere with the pro-
cessing. A simple way to avoid this is to consider not all pixels in the region but only
those whose intensities are lower than or equal to that of the detected end-point p, and
ignore the higher-intensity pixels because they have already been taken care of by the

global thresholding.

Although local thresholding can to some extent recover the faded stripe tails, which
are important in relating surface patches (indicated by stripes) and boundaries, it may not
be applicable in general, because the choice of the parameters (size of local region, thres-
hold values etc.) is ad hoc, and, a lot of post-processing work needed to relate the locally

thresholded regions to the original stripes may be too complicated and not very reliable.
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Stripe extension

Local thresholding may improve the accuracy in locating the real stripe end-points,
which are important for determining surface boundaries. But often the boundaries of the
striped regions do not agree with the boundaries of object surfaces, as shown in the
potato image in Figure 5.2 (d). The striped regions give an initial segmentation; each of
the regions corresponds to a surface. On the other hand, the contours such as the one in
Figure 5.2 (c), represent surface boundaries but are not easy to segment, because the con-
tour image may still be quite noisy and incomplete. This suggests that a better segmenta-
tion may be achieved by "growing" the initial striped segments using the contours as ter-

mination condition. One way to do this is to extend the stripes to the contours.

For each stripe we can fit a curve using the grid points on the stripe. Points external
to each end of the stripe are calculated using the fitted curve, or we simply linearly

extend the stripe, until one of the following occurs.
(1) a gradient contour is encountered.
(2) A pixel in some other segment is hit.

(3) Extension runs into a place that is likely to belong to the background (very low
intensity, say). This condition is necessary since gradient points usually do not
form closed contours; stripe extension may escape through the gaps between gra-

dient contours.

Figure 5.5 illustrates the effect of stripe extension. (a) is the initial striped segments
of the potato image along with the contour map obtained by gradient operation. Actually
in this example, the gradient operation was not applied directly to the original intensity
image; rather the intensity image was preprocessed by a logarithm operation that rescaled
the intensities according to an appropriate logarithm curve. In (b) the stripes are

extended, and (c) shows the resulting segments.



123

@)

©

Figure 5.5 Segmentation using both stripes and intensity gradient
(a) initial segmentation with gradient contours
(b) extended stripes (c) resulting segmentation
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5.5 Interpretation of contours

What does a contour map, such as the one in Figure 5.2 (c), tell us about object
shapes? Obtained by applying a gradient operation on an intensity image followed by
contour tracing and noise removal, image contours occur at places where intensity
changes abruptly, such as boundaries of object surfaces, shadows, and marks. There are
five types of image contours caused by the intrinsic structure of the 3-D view and occlu-
sion of one object by another. As suggested in [Charniack and McDermott 85], and illus-

trated in Figure 5.6, these types are:

extremum self-occlusion by a curved object, surface gradually turning away from

the viewer, surface orientation perpendicular to the viewing direction at

the contour.
blade two surfaces meet, just one visible; surface orientation discontinuous.
fold two surfaces meet, both visible; surface orientation discontinuous.
shadow an abrupt change in illumination
mark an abrupt change in reflectance or texture due to surface characteristics.
light source blade
= fold
(v)
I N shadow >t
"
extremum
mark
~
blade

Figure 5.6 Types of image contours
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Our goal is to classify the image contours and to infer the surface shapes in the

vicinity of the contours.

5.5.1 Apparent curvature of visual contour and local surface geometry

Koenderink [Koenderink 84] proposed a theory that relates the apparent curvature
of the occluding contour of a visual shape to the intrinsic curvature of the surface and the
radial curvature. According to his theory, convexities, concavities, or inflection of con-
tours in the image allow us to draw inferences about local surface geometry with cer-
tainty, assuming objects are smoothly curved (e.g. no folds). Two curvatures were

defined as follows.

radial curvature : K,=—

transverse curvature : K, =—

where 7, is the radius of the curve in which the normal plane cuts the surface, and r; is
the radius of the curve along which the imaging rays cut the projection plane. The normal
plane is defined by the normal to the surface at a rim point and the imaging direction, and
the projection plane is perpendicular to the normal plane at the rim point. See Figure 5.7.
The rim is the boundary between the visible and invisible parts of the object. Note that

the rim is not necessarily planar for a general smooth object.

A remarkable simple result is
K ’K = K

where K denotes the Gaussian curvature of the surface, although K, and K, are not neces-
sarily the two principal curvatures. If the projection is from a finite distance d, the

apparent curvature of the contour is
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The explanation of the scaling factor can be found in [Koenderink 84].

viewer

Figure 5.7 Radial curvature and transverse curvature

Notice that the radial curvature K, cannot change sign at an occluding contour
because the object occludes the sight of farther parts. Let K, be positive (an arbitrary
choice), then the apparent curvature K,,, and the Gaussian curvature K have the same
sign. From K,,,, which can be obtained from the visual contours in the image, we can
determine the sign of the Gaussian curvature, i.e. we can draw inferences about the local
surface shape. The general rule is : convexities of the contour correspond to convex sur-
face patches, concavities to saddle-shaped surface patches, inflection of contour to

inflection (K = 0) of the surface. There are no exceptions to this rule.

This theory allows us to interpret a smooth curved object at the rim through the
occluding contours available in the image. For example, the contour map of the image of
a sculpture and an orange is shown in Figure 5.8, where the labels convex (+), concave

(-), or inflection (0) can be assigned along the contours. This is a richer labeling than the
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Huffman-Clowes scheme [Huffman 71, Clowes 71], in which occluding contours can

only be labeled "occluding” (— or ).

Figure 5.8 Intensity gradient image of a sculpture, an orange and a block

5.5.2 Combination of image contours and stripes

The apparent curvature theory outlined above is valid under the smoothness
assumption. That is, for rigid objects the tangent plane is defined for every point of the
surface and moreover is a smooth function of position. In other words, the theory works
on only one type of image contour — the extremum. There are contours of other types,
such as blades, folds, shadows, and marks. For these contours, the apparent curvature
theory does not apply. For example, in Figure 5.8, if we know the circular contour at the
left of the image is the boundary of a smooth object, as it really is, we can label it convex
according to the apparent curvature theory. But if the circular contour were a boundary of

a disk, the surface at this boundary would not be convex; instead, it would be a blade. To
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distinguish extrema from blades, we may use the shape from shading idea [Horn 71]
which states that the intensity received is a decreasing function of the angle between the
surface normal and the incident direction of the light source. If surfaces are Lambertian,
normals can be computed at every point of the surface using intensity information. But
the shape from shading technique requires very carefully controlled illumination condi-
tions and uniform surface characteristics (Lambertian, say). It may not be easily
guaranteed in many cases. An easier alternative way to decide the type of an image con-

tour is via light stripes.
5.5.3 Terminology and Definitions

First we define some terminology in order to describe more clearly the idea of

fusion of intensity and light striping.

The volume viewed by the camera is called the C-cone and the volume viewed by
the projector is called the P-cone. We assume that the objects to be recognized are in
both the C-cone and the P-cone so that they are illuminated by the light stripes and visi-
ble to the camera. For an object in the C-cone, only the surfaces that are "toward" and
closest to the camera are visible. In other words, the surface normal at any point p on the
visible surfaces has a positive projection on the imaging vector at p and there is no other
surface point on the imaging ray between p and the camera focal point (no occlusion).
The visible surfaces divide the C-cone into two parts: the C-visible part corresponding to
the volume between the surfaces and the camera, and the C-shadow part that is the
volume at the other side of the surfaces. The boundaries of the object surfaces that are
visible to the camera is called the C-rim; that is the loci of surface points where the imag-
ing rays are "tangent" (or touch) to the objects. The C-silhouette is the image of the C-
rim in the image plane. For the projector, the P-visible part, P-shadow part, P-rim, P-

silhouette are defined similarly.

Under the assumption that the projector lighting is pervasiveft, a striped image con-

sists of two kinds of regions: striped regions (stripe networks) and non-striped regions.
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The non-striped regions correspond to the P-shadow part in 3-D. We call the non-striped
regions in the striped images P-shadows. The boundaries of P-shadows, or P-edges,
according to [L. N. Hambrick, M. H. Loew and R. L. Corroll Jr., 1987], can be categor-

ized into four types as follows:

(1) shadow-making segment along which the projector light is blocked, labeled m

segment, which is part of the P-silhouette.
(2) shadow segment that projects from the m segment, labeled s.

(3) occluding segment along which part of the surface is blocked from the camera,

labeled o segment, which is part of the C-silhouette.

(4) shadow segment that projects from a hidden shadow-making segment, labeled A.

These segments of P-shadows are illustrated in Figure 5.9.

For a gray-scale image of the same scene illuminated by a light source at the posi-
tion of the camera, no C-shadows are perceived. The intensity edges (also called the C-

edges) can be one of the following as stated in Section 5.5 :
(1) occluding edge (extremum or blade, part of the C-silhouette),
(2) surface normal discontinuity edges (fold),

(3) surface marks.

t Assume objects in the C-cone are place on a ground plane, so that if there were no objects on the
&round plane the image would be filled with a regular grid pattern formed on the the plane.
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light source

l AN

Figure 5.9 Four types of P-edge:
m : shadow-making segment
s : shadow segment
h : shadow segment projects from hidden shadow-making segment
o : occluding segment
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5.5.4 Inference Rules

As stated in preceding chapters, stripe networks and stripe texture provide 3-D solu-
tions for grid points, surface normals at these grid points, and rough surface shapes as
well. Based on the computed rough shapes, we establish the following inference rules in
interpreting adjacent contours under the general position assumption. The contours

include both intensity edges (C-edges) and virtual edges of the stripe networks (P-edges).

It is clear that some contours in the image do not correspond to geometric charac-
teristics of the objects, such as surface marks of C-edge (due to surface reflectance), s and
h segments of P-edge (cast from other segments). These contours, especially the surface
marks, are somewhat irrelevant to the object shape. We first establish an inference rule

for identifying surface marks.

Rule 1. If a C-edge is crossed by a stripe network, i.e. the stripes crossing the edge
are continuous at the edge, and the changes of surface normal at the edge are small, then

the C-edge is a surface mark (Figure 5.10 (1)).

For s segments (P-shadow segment), they always appear paired with an m segments
(P-shadow making segments), as we discussed about the virtual edges in Section 4.3. A
virtual edge v of a stripe network is an s segment if there is another virtual edge u of
some stripe network such that the stripe end-points on u lie on the projector rays of the
stripe end-points of v. That is, the projector rays "enter” the P-shadow at points on u and
"exit" the P-shadow at points on v. The two virtual edges u and v is an m-s segment pair
that can be determined by the projector geometryt. The m-s segment identification is not
considered here via inference rules because it is a direct result of 3-D computation rather
than 2-D inference, but should be identified before proceeding to apply other inference
rules so that the s segments are properly labeled "P-shadow" and will be excluded from

further consideration.

¥ It is possible, however, that u is in the C-shadow and hence undetected via 3-D computation.
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In what follows in this section (Inference Rules), we assume that the surface marks
and the projector-shadows (s segments) are already identified and will be excluded from
the rest of the inference procedure (but not to object recognition). The important edge
segments are those associated with occlusion, object boundaries, and surface normal
discontinuities. The edge segments we will consider include both intensity edges (con-
tours) and virtual edges. The virtual edges are boundaries of the stripe networks and
hence part of the P-silhouette, while the intensity edges correspond to the C-silhouette

(extremum and blade) and surface normal discontinuity (fold).

The following rules use 2-D stripe networks and rough shape information to make

inferences about the types (labels) of the edge segments.

Rule 2. If two striped regions corresponding to two surface patches meet (touch) at
a "common" virtual edge and the stripes are staggered from one region to the other, then
one surface patch occludes the other from the camera. The virtual edge represents a blade
if the occluding surface patch is (a) planar or (b) concave, or an extremum if it is (c) con-
vex. Usually the virtual edge is also coincident with an intensity edge because it is an
occluding edge that is part of the C-silhouette. The occlusion relationship between the
two surface patches may be determined by their computed locations in 3-space, or by

some global contour and stripe analysis (Figure 5.10 (2)).

Rule 3. If an edge is covered by a stripe network and the stripes at the edge have an
inflection (bending stripes), then the edge is a fold, because the inflection of the stripes
shows discontinuity of surface normals at the edge and both surface patches on the two
sides of the edge are visible to the camera. The fold may be an intensity edge and/or a
virtual edge. Whether it is a convex or concave fold can be determined by the directions

of the surface normals (Figure 5.10 (3)).

The above three inference rules are used for edges "internal” to striped regions (both
sides of the edge are striped regions). The next several rules deal with contours at the

border of a stripe network, i.e. only one side of the contour is striped.
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First, we need to identify contours that are o (occlusion) segments. These contours
are part of the C-silhouette that occludes objects or part of objects from the camera.
There are two types of this kind of occluding contour: one at which the striped surface
patch occludes the non-striped one, and the other at which the striped surface patch is
occluded by the non-striped surface patch. A contour of the first type is part of the
geometry of the striped surface, whereas a contour of the second type is irrelevant to the
geometry of the striped surface and needs to be identified early in order not to confuse

the surface-edge interpretation.

It is clear that without other information there is no way to tell which side of the
contour occludes the other side. Fortunately, the stripe network and the intensity edge

provide some clue.

Rule 4. For a one-side-striped edge segment (intensity edge) e, if there is another
edge segment r piercing into e to form a "T" junction, then the r-side of e (T-stem) is
occluded by the other side. r may be (a) an intensity edge and/or (b) a virtual edge seg-
ment (Figure 5.10 (4)).

Rule 8. For a one-side-striped intensity edge segment, if it is part of a relatively
closed intensity contour, then the surface enclosed by the contour occludes the other side

of the contour (Figure 5.10 (5)).

Rule 4 and § are based on some psychological experiences and are similar to some
rules used in line-drawing interpretation [Huffman 71, Clowes 71, Waltz 75, Binford and
Lowe 85]. In the light striping case, if the non-striped side occludes the striped side, the

non-striped side is also associated with an object some of whose surfaces are striped.

At an occlusion edge, if the non-striped side occludes the striped side, this edge is
irrelevant to the surface geometry of the striped surface. Hence for surface-edge interpre-
tation, we only consider the edge at which the striped side occludes the non-striped side
and edges that are not occlusion segment. In these cases, the striped region in the vicinity

of the edge segment is "closest” to the camera — there is no obstacle blocking it from the
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camera.

There are two possibilities for such a striped region: the edge segment that bounds
the striped region is only a virtual line, or it is also an intensity contour. If it is an inten-
sity contour, it is either part of the C-silhouette or represents surface normal discon-
tinuity, since surface marks are already excluded. If the edge segment is only a virtual
line, it is part of the P-silhouette but unlikely part of the C-silhouette. The following
inference rules deal with edge segments that are one-side-striped and are "closest" to the
camera. The rules can be divided into two groups depending on whether the edge seg-
ment is only a virtual line or it is also an intensity contour. See Figure 5.11 for examples

where the rules are triggered.

Group 1. Rules in this group apply to cases where the edge segment that bounds a
striped region is an intensity contour. A contour is said to be convex if every chord drawn

on it lies within the striped region.

Rule 6. A contour ¢ bordering a planar surface (indicated by straight stripes)
represents (a) a fold if there is evidence indicating an unstriped surface meeting at the
contour c, such as another intensity contour at the non-striped side connecting one end of
¢ forming an "L" or an "arrow" junction, or (b) a blade otherwise. This is because on a
planar surface, the normal to the surface is a constant. At the contour, the normal has to
be discontinuous from the visible striped plane to either the invisible surface of the object

(blade case) or to the visible unstriped surface of the object (fold case).

This rule can also be stated in terms of the position of the contour relative to the
striped region. If the contour bounds the "upper” boundary of the planar surface, it is a
blade (see Section 5.5.5 for mathematical proof) and hence an o segment; whereas if it
bounds the "lower" boundary of the surface, it is either a fold or a blade — an m segment
(P-shadow making segment). The direction indicators "upper" and "lower" were defined

in Chapter 3 and are redescribed in Section 5.5.5.
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Rule 7. A convex surface patch bounded by a straight contour c is convex cylindri-
cal at c. If ¢ bounds the upper border of the surface, which is usually the case since an
edge segment at the lower border of a convex surface patch is often a virtual edge but not

an intensity contour, ¢ is an o segment and labeled extremum.

Rule 8. If a convex surface patch bounded by a convex contour ¢, the contour is (a)
an extremum if the surface normal gradually turns away from the line of sight in the
direction towards the contour, or (b) a blade if the normal near the contour is not perpen-

dicular to the line of sight. In both cases, c is an occluding segment.

Rule 9. A contour ¢ at the lower border of a convex surface patch is either (a)
labeled fold if an unstriped visible surface meets the contour, or (b) it represents an
extremum and the surface is saddle-shaped. In the former case, c is a P-shadow making

segment while in the later case c is an occluding segment.

Rule 10. A contour bounding a concave surface patch is a blade or a fold.

Group 2. Rules in this group apply to edges that are virtual boundary segments of
one-side-striped regions.

Rule 11. Same inference stated in Rule 6 holds for virtual edges that bound planar
surface patches. Furthermore, a virtual edge at the lower border of a planar surface is
more likely to be a fold than a blade since a blade is also an occluding segment and

occluding segments are often intensity edges.

Rule 12. The virtual edge v at the upper border of a convex surface is an occluding
segment and labeled extremum; the surface patch at v is either convex if v is convex, or

saddle-shaped if v is concave, similar to rule 8 and rule 9.

Rule 13. The virtual edge v at the lower border of a convex surface patch is a P-

shadow making segment.
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Figure 5.10 Inference rules 1 —5
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stripe contour || surface type contour
example figure network segment at contour label
6a (step)
planar all kinds planar fold
6b (knife)
%‘ planar | allkinds |  planar blade
7 (can)
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8a (ball) convex,
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normal
8b (can) convex,
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curvature
m towards concave saddle extremum
contour
10 (bowl)
concave all kinds concave bl(z::le
fold
13 (ball) P-shadow
all lower making
convex
kinds border scgment

Figure 5.11. Inference rules 6 — 13
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5.5.5. Some mathematic arguments about the inference rules

In Chapter 3, we defined direction indicators "up” and "down", or "upper" and
"below", in the image plane in terms of the spatial relationship between the camera and
the projector. The projecting rays in the 3-space emitting from the projector are defined
with direction. Accordingly, the projection of these rays in the image plane also defines
the direction in the image. The direction in the image is from "up" to "down", or from
"upper"” to "lower". If a striped region is bounded by a contour segment, then the contour
segment is said to be the "upper" boundary if at every contour point the direction is from
the non-striped side to the striped side of the contour; and said to be the "lower" boun-

dary if the direction at every contour point is from the striped side to the non-striped side.

Assumption A. In the following two lemmas, we only consider surface patches that
are one-side-striped, "closest" to the camera (not occluded by the non-striped region at
the other side of the edge), and their attached edges are neither P-shadow edges nor sur-

face marks.

Lemma 5.1 Under the Assumption A, the upper boundary of a planar surface patch

represents a blade as stated in rule 6.

proof. Since the non-striped side of the edge has no stripes, there are two possibili-
ties: (1) either the side is invisible to the camera and hence the stripes at that side cannot
be seen; in this case, the edge is obviously a blade; or (2) the side is invisible to the pro-
jector but visible to the camera. In this case, one of the following two situations must
occur : (a) it is occluded by an other object with respect to the projector (P-shadow) or to
the camera, but this kind of occlusion has already been identified in an earlier stage under
Assumption A and excluded here; or (b) it is occluded by the object itself. Here "occlu-

sion" is with respect to the projector. This is illustrated in Figure 5.12.

Let the "projector vector” (reverse direction of the projecting ray) at the edge point
A be P, the normal of the non-striped surface (other side of the edge) at A be T, and the
imaging vector be ©. Let P be the plane perpendicular to P and N be the plane
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Figure 5.12 Lemma 5.1

perpendicular toT. Since the non-striped side of the edge is occluded by the object itself,
T and P must be at the different sides of the plane P and plane N, i.c. their angle is greater
then 90°. But, since the camera sees both sides of the edge, @ must be on the same side
of P as P, and at the same side of N as . That is, Cis in the "quadruple" between plane P
and plane N. Hence, the projection of P in the image plane (from P toward @ in Figure
5.12) would define the edge the "lower" boundary of the striped region, which contradicts
the condition that the edge is the "upper" boundary of the region. So, the non-striped side
of the edge cannot be occluded by the object itself with respect to the projector. This

excludes the possibility (2) and the lemma follows. B

Lemma 5.2 Under Assumption A, if a striped region bounded below by an edge

indicates a smooth curved surface patch, the non-striped side of the edge is visible to the
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camera.

proof. Refer to Figure 5.13, let the projector vector and the imaging vector be P and
T, respectively, and the surface normal at an edge point A be . Since the surface is
smooth and the stripes stop at the edge, Pt = 0 (they are perpendicular). Because point A
is visible to the camera, @it 2 0. We now prove the equality does not hold, hence @r’> 0.
Suppose ©1 = 0. Since both P and © are perpendicular to the surface normal T at A, they
span the tangent plane of the surface at A. The object in the vicinity of A is at one side of
the tangent plane. Since the projection of P in the image plane, P}, is the intersection of
the image plane and the P-C plane, the striped region at the vicinity of A would also be at
one side of P; in the image. That is, P; is "tangent" to the striped region at A; which is the
image of the edge point A. But P; should run across the edge at A; because the edge is the
"lower" boundary of the striped region. So @i > 0 follows the contradiction. Hence, not
only the edge point A is visible to the camera, so is a vicinity of A, including the non-

striped side of the edge at A. B

Projector

Camera

Figure 3.13. Lemma 5.13
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From Lemma 5.2, we know that if a virtual edge is the lower border of a smooth
curved surface patch (indicated by a striped region) the non-striped side of the edge is
also visible to the camera. This leads us to search for intensity edges down the area that

may provide "real" surface boundary information about the non-striped surface patch.

For other inference rules, some are heuristic, and some others can be proved

mathematically.

5.5.6 Implementation of the inference rules

The implementation of the inference rules may be done via a set of production rules
and a control scheme. These production rules may be used to form a decision tree that

controls the labeling process. The input and output are the following :
input :
1). contours in some form (chain-code, say),
2). surface patches, their types and boundaries;
output :
1). labels associated with each contour (label can change along a single contour),
2). surface types.

The labeling process is a contour-based procedure. It takes a contour at a time, seg-
ments the contour based on its adjacency relationships with the striped regions, and
labels each segment of the contour according to the inference rules. Since the production
rules are triggered in a specified order, surface marks and m-s segments are determined
first. Occlusion with respect to the camera is then determined and only these striped sur-
faces and corresponding edges that are "closest” to the camera are processed, since other-
wise the edges are not very useful in inferring the surface geometry. Then the rules in

group two are applied. As output, each contour segment may have one or more labels

associated with it.
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Multiple labels can be disambiguated using the knowledge about the spatial rela-
tionship between the camera and the projector. For example, if a contour in the image
bounds the "upper" part of a planar surface, it indicates a blade, rather than ambiguous
labels "blade or fold", as claimed in Lemma 5.1. In addition a relaxation procedure
based on the relationships between adjacent image contours can also be used to sort out

some multiple labels.
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5.5.7 Examples

We take two scenes as examples. The first is the image of a solid block as shown in
Figure 5.1, in which all surface patches are planar. The second example scene consists of
a cobra sculpture, an orange and a block, in which surface patches are curved. The label-
ing procedure for the surface patches and associated edges in these two examples are
done manually — a human account of what coordinated use of individual processes and
rules developed in Section 5.5.4 might produce.
example 1 — the solid block

The intensity gradient contours and the striped networks are reprinted in Figure

5.14.

Figure 5.14  Image of a solid block

(a) intensity gradient contours

(b) overlay of contours and stripe networks with named surface
patches and edges

There are two striped regions, but the lower one can be divided into two sub-regions by
the bending of the stripes and the intensity contour H at the bending place. Let the three

striped surface patches be P, P, and P3. and the contour segments be A, B, C, ..., R, as
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indicated in Figure 5.14(b). First, by 3-D relationships between the virtual edges, F is a
P-shadow cast by D. By the inference rule 3, H is labeled "fold". Furthermore, using the
3-D information (normals), H is classified as a "convex fold". According to the inference
rule 6 and Lemma 5.1, contours A, B, E are labeled blade, whereas C, D, G, I, J are
labeled "fold or blade". By rule 6, since D, A and a third contour K (not adjacent to a
striped region) form an "arrow", D must be a fold, either convex or concave. But it can-
not be concave because it generates the shadow F. So, D is a convex fold, similarly so
are C and J. For edges D and K, it is very likely that they form a plane P4, that can be
verified by the intensity in this area. Similarly, plane P 5 formed by straight lines C and L
is decided. Since the intensity contour N connects to L and is parallel to C, it is deter-
mined to be in the same plane P5. Because of the plane P s, the contours G, I are deter-
mined fold by rule 6. Since P4 and P 5 are planar surfaces and adjacent to P at fold edge
C and D, respectively, they are very likely to intersect at a common edge which starts at
the junction of C and D and is actually indicated by the weak intensity edge M. Because
both P4 and P s are visible to the camera, M is a fold. Finally, plane P ¢ formed by J, Q
and R is claimed. Now, for the block, we obtained the following representation (includ-
ing processing described in Chapter 3):

6 planar surfaces:
P, — blades A, B, convex folds C, D

z=80mm in the global coordinate system within the x-y domain defined by

stripe end-points (specific numbers are omitted here)
P, — blade E, P-shadow F, convex folds G, H

z=38mm in the global coordinate system within the x-y domain defined by

stripe end-points (specific numbers are omitted here)
P35 — convex folds H, 1, J, adjacent to P, at the common edge H,

surface normal perpendicular to the planar surface that is determined by

fitting a plane for the stripe grid points.
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P4 — convex fold D, M, occluding contour K and P-shadow F; adjacent to P at
common edge Dto Ps at M

Ps — convex folds C, G, I, occluding contours L, N, and fold M; adjacent to P at
C,toPyatG,toPjatl,andtoPgq at M
surface normal to P 5 determined by the 3-D stripe end points on C, G and /

P¢— convex fold J, occluding contours Q and R, adjacent to P53 atJ

example 2 — a cobra sculpture, an orange, and a block
The gradient contours and stripes plus contours are shown in Figure 5.15 (a) and (b)

respectively.

) )

Figure 5.15. Image of a cobra sculpture, an orange and a block
(a) intensity gradient contours

(b) overlay of contours and stripe networks with named surface
patches and labeled edges (e—extremum,b—blade)
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There are 3 stripe networks in the image; G for the orange, B for the cobra body,
and H for the cobra head. Since there are no stripes on the surfaces of the block, it cannot
be interpreted using the fusion rules that require stripe information, so it will not be dis-
cussed here. The surface patch G is determined to be spherical by the B-spline fitting of
3-D data, and the boundary of it is extremum according to the inference rule 8. Surface
patch H is convex by the stripe texture analysis; its upper bordering contour is extremum
The left border of H consists of a broken contour which is bridged using the virtual edge
of the stripe network; and is determined extremum also. For the surface B, both surface
fitting and texture analysis suggested that it should be interpreted locally. Roughly, B can
be subdivided into three patches B, B, and B3 as indicated in the Figure 5.15, where
B and B are basically concave whereas B3 is convex. Part of the boundaries of B are
labeled as indicated in the figure. Notice that the lower borders (virtual edges) of B, and
B3 are "extremum" with respect to the projector and hence P-shadow making segments
according to rule 13. Also they have small z-coordinate values (5 - 15mm). The intensity
edges further down are found that indicate the real surface boundaries of the surfaces,
and very close to the ground plane (z=0), so B, and B3 are labeled blade. Those inten-
sity contours interior to the striped regions are all marks by the inference rule 1. For the
virtual edges R (at the right border of H) and L (at the left border of B,), it is determined
that L is the P-shadow cast by R. Also, the surface patch H occludes B according the
inference rule 2.

The representation of this image can be described as follows.

There are five surface patches:

G —  convex sphere with radius 36mm (by B-spline and Gaussian curvature com-
putation), at 3-D location determined by the stripe grid points (specific

numbers were not computed), bordered by extremum contour;

H—  convex, occluding surface patch B at left extremum contour;
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right virtual edge casts shadow at the left of surface patch B ;;

Bi — basically concave, occluded by H, boundaries labeled as indicated in the
figure;

B, — basically concave, boundaries labeled as indicated in the figure;

B3 — convex , boundaries labeled as indicated in the figure,

B, B, and B3 being on the same surface, with locations in the global coor-

dinate system determined by their grid points in the 3-space.
5.5.8 Experiments

Five more images of multiple object scenes were analyzed and the surface patches
and edges were labeled using the inference rules. The inference rules were coded in
PROLOG. The input to the PROLOG predicates was a set of hand-coded "facts" about
the edges and surface patches in terms of their geometric and topological properties
(adjacency, planar-ness of surface patches, etc.). The scenes were rather complex.
Although the representations were hand-coded, we assume that they may be derived from
the lower level processing described in Chapter 3 and 4. The PROLOG coding of the
inference rules and the output labels of the five images are listed in the Appendix. The
results are summarized in Table 5.2. The results show that 75% of the edges (101 out of
135) were labeled and only one mislabeled. That mislabeled edge is part of a "fold", but
due to lack of fold evidence it was labeled "blade”. This mistake can be corrected by a
higher level process that uses some connection rules and segments these edges and sur-
face patches into objects. The remaining 25% of the edges were not labeled; for two of
them, no conclusion can be drawn from the inference rules because there is not enough
information about the occlusion relationship between the two sides at the edges. The rest
of the edges are simply not associated with striped surface patches. The occlusion rela-

tionships between the 26 surface patches were also correctly discovered.
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Table 5.2 Summary of results of labeling surface patches and edges

of five scenes using the inference rules

input output
objects in number | number || number occludedt | number* | number
the scene of of of surfaces surfaces of edges of edges
surfaces edges labeled discovered | labeled | mislabeled

book
orange 5 28 5 2 24 0
metronome
shoe
bowl 6 22 6 2 22 0
box
can
cup 5 32 5 2 16 0
cup with cover
tomato
can 5 26 5 3 21 1
vacuum cleaner
tea pot
plate 5 27 5 3 18 0
roll of paper

+ All occlusions discovered are correct.

* Only edges that are associated with striped surfaces are labeled.
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5.6. Conclusions

This chapter investigated a multi-sensor fusion approach that combines information
from both the striped image and the intensity image. The two images can easily be accu-
rately registered and hence can be treated as a single image. The gray-tone image is used
primarily for extracting gradient contours, while the stripe image provides 3-D surface
shapes. Object contours are very much essential to visual perception. Humans often can
recognize objects using only contours. For smooth object surfaces, some occluding con-
tours can be interpreted "convex", "concave" etc. according to Koenderink’s apparent
curvature theory. But, for objects that are not smooth, or contours that are not occluding
ones, we need information about the surface itself. Light striping is just the very means
that meets our needs. Hence, fusion of intensity contour and striped surface is a natural
and easy way that can be used to obtain a good scene representation and low level
interpretation.

Light striping offers shape information mostly interior to the visible surfaces; the
information about the boundary areas is often quite vague, because of either fading
stripes at extrema and hence less accurate computation toward the boundaries or no
boundary information available from surface fitting. On the other hand, intensity con-
tours provide just the complement. To combine them in constructing a reasonable object
representation that is appropriate for model matching, we developed a set of inference
rules that label the surface patches and contours according to their detected features and
their spatial relationships. Although some are heuristic and empirical, most of these rules

are mathematically elegant and performed well in experiments.

Almost all of the contour labels assigned by the rules are useful for object model
indexing, and some are useful in matching to recognize and determine pose. In the future,
we hope to add more rules to help in further disambiguation and segmentation of the
scene into objects. It is important to note that our approach has been heuristic — we

chose not to rigidly define the class of objects and we have relied on general viewpoint
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assumptions, which will not always hold true.



CHAPTER 6

Concluding Discussion and Future Work

This thesis generalized use of striped light toward obtaining a 2-;—-D representation

of a scene to be used ultimately for object recognition and pose detection. This was

demonstrated by using structured lighting in three stages in 3-D vision, namely 3-D sens-

ing, surface shape inference through stripe textures, and 2%-D representation via fusion

of striped images and gray scale images. This chapter summarizes the work described in

this thesis, discusses its implications, and suggests directions for future work.

6.1 Summary

The first chapter laid the groundwork for 3-D machine vision by briefly discussing
the three basic parts of 3-D vision: feature extraction, object representation, and model
matching. 3-D data acquisition, which provides spatial information about the object sur-
faces, is one of the first tasks in feature extraction. From 3-D data, geometrical relation-
ships between surface points can be established, which are used for describing surface
shapes. In object representation, surface shapes must be inferred and represented in an
appropriate format in order that the object be recognized by matching its representation
against some predefined models. Many shape-from-x techniques have been developed in
the past two decades that infer surface shapes using information from different sources.

Structured light is one of these sources, and it is the one investigated in this thesis.
151
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Model matching is an object recognition procedure that matches the representation of the
sensed data to a stored representation of the object. Constructing models automatically is
itself a very difficult problem; and to develop a very large model base is even harder.
This thesis concentrates on the first two tasks in 3-D vision, namely feature extraction
and construction of surface representation. In particular, a structured lighting approach is

developed.

The structured lighting approach in a general context was discussed in Chapter 2.
Structured lighting is a technique that imposeé artificial features on the surfaces of the
objects by illuminating the scene with a structured light pattern. When using a grid as the
illumination pattern, the light stripes weave "networks" on the surfaces that give an
image where the grid distortion is a function of the geometric shapes of the surfaces, as
well as the spatial relationships between the sensor, the light source, and the object sur-
faces. The light source (a projector) and the sensor (a camera) form a stereo system in
which surface points in 3-space can be solved through triangulation. The major difficulty
is the stripe identification problem which is the general "correspondence problem” in the
structured light setting. This problem is attacked by applying a set of general constraints
to the computed surface points that relate to each other in the stripe networks. In addition
to 3-D data, light striping also provides rich information about surface shapes through the
2-D stripe textures. Analysis of stripe texture may confirm the surface shapes obtained
from the 3-D data, and hence increase the certainty of inference about surfaces. It is
apparent that the sensed 3-D points are sparse due to the way the grid of light is pro-
jected. We must assume the "smoothness" of the surfaces in order to make inferences
about the surfaces using only the sensed data, which may not be valid in general but is
often satisfied in practice such as in industrial environments. To make surface inferences
more reliable, and to obtain information in the non-striped regions, structured lighting is
fused with the gray tone image of the same scene. Surface-based representation may be

constructed based on the combination of the two information channels.
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6.1.1 Computing 3-D surface solutions

Chapter 3 is dedicated to 3-D sensing using light striping. The striped image is first
thresholded to generate a binary image, which is then processed to extract the grid points
(stripe intersection and end points). For those grid points extracted, a stereo computation
is carried out for their locations in the 3-D space. The stereo pair here is the image
sensed by the camera and the grid slide that is projected onto the scene. In order to use
stereo, the spatial relationships between the projector, the camera and the scene must be
fixed and known in advance: this is accomplished through a process commonly referred
to as the calibration process. After the projector and the camera have been calibrated, a
point in the 3-D space can be computed via triangulation if it is identified in the stereo
pair. Identifying matching points, or solving the stripe labeling problem, is very difficult
when the stripes are generated from a homogeneous pattern (a grid, for example). But
unlike the general "correspondence problem", not only does light striping substantially
reduce the search space but also it makes the relationships between the stereo matching
points more explicit and easy to resolve. Two general constraints — the uniqueness con-
straint and the continuity constraint are established and are further refined into a set of
geometric rules and a set of topological rules that are specially derived for solving the
line labeling problem for the stripe networks. The relationships of the grid points within
and between the stripe networks are specified by these rules that are obeyed when the
striped images are formed under the general position assumption. A graph traversal pro-
cedure is carried out to propagate the constraints within a stripe network to sort out those
stripe labels that violate any of the constraints. A global constraint test is then applied to
relate several individual stripe networks in a multi-network image, that further reduces
the ambiguity in stripe labels. Five algorithms are described in detail which applied in
sequence will take the sensed striped image as the input and produce 3-D surface solu-
tions for the grid points in the stripe networks. The five algorithms are: 2-D processing

for extracting grid points of interest, 3-D computation for a single grid point via
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triangulation, within-network constraint propagation, stripe network boundary extraction,
and between-network constraint propagation. Time complexity was analyzed. Experi-
ments were performed on various real images. The results of three of these images are
listed in Table 3.2. These images contains both polyhedral and curved objects of arbitrary
poses and occlusion relationships, some of which have complex shapes (e.g. cobra sculp-
ture). The experiments showed that the resulting 3-D surface solutions delivered by the
five algorithms are of reasonable accuracy, and the small degree of ambiguity which
remains may further be reduced using other information. Each of the 3-D surface solu-
tions can be used in inferring surface shapes. A mathematical analysis showed that the
degree of ambiguity in the stripe labeling is proportional to the camera standoff (distance
from the camera to the scene point) and the error tolerance in computation, and inversely
proportional to the stripe spacing.

The conclusion from this work on light striping in 3-D sensing is that it is effective,
reliable, and easy to apply, but yields a small degree of ambiguity in some surface loca-

tions.

6.1.2 Classification of surface patterns

3-D surface data by themselves do not compose the surface description for scene
understanding; they are still a low-level representation of the objects but can be used in
deriving a higher level surface description. In addition to 3-D surface solutions, struc-
tured lighting also directly reveals surface shapes through the stripe networks imposed on
the surfaces. These stripe networks make the surfaces vividly visualized to a human due
to the way the stripes (surface contours) are formed. Chapter 4 discussed surface

classification using 3-D data and stripe textures.

Based on the computed 3-D points, a surface can be fitted using the B-spline tech-
nique, which was the first topic in Chapter 4. Instead of generating an analytical form of

the fitted surface, the two principal curvatures and the intrinsic Gaussian curvature were
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calculated at various points interior to the stripe network. The curvatures were then
clustered and the surface patch (corresponding to a stripe network) was classified accord-
ing to the curvature clusters and classical differential geometry theory. Several surface
patches obtained from the real striped images were measured in terms of the curvature
properties. The experiment was described in Section 4.1.3. These surface patches (a
planar surface, a Coke can, and a potato) were correctly labeled planar, cylindrical, and
elliptic. Furthermore, the radius of the cylindrical surface (the Coke can) was also suc-

cessfully estimated using the principle curvature measures.

A second direction in surface shape classification is through the 2-D stripe net-
works, or 2-D stripe textures. Since the stripe texture in the 2-D image is a distorted ver-
sion of the grid on the projector slide, and the way the grid is distorted is a function of the
surface shapes, we may recover the surface shapes, to some extent, by just looking at the
2-D stripe textures. Planar surfaces can be identified by the straight stripes in the image;
convex and concave surfaces can be determined by the way the stripes are curving in the
2-D image. Texture changes in certain directions (X-stripe direction, Y-stripe direction,
and diagonal directions) are also useful in determining the surface variance along these
directions, which may be used in the fusion of striping and intensity. In an experiment
stated in Section 4.2.4, 25 of 27 object surfaces were correctly classified as planar, con-
vex, concave, and irregular, using only 2-D information from the striped networks. Also
seven spherical or cylindrical surfaces were distinguished using texture gradient meas-
ures. It is convincing that the 2-D stripe patterns make available a rich piece of informa-

tion for surface interpretation that may work alone without support of 3-D data.

6.1.3 Fusion of intensity and stripe image data

A fusion scheme that combines information obtained from light striping and inten-
sity was introduced in Chapter 5. As is often the case, the intensity image provides edge

information that is important for edge-based segmentation, which some psychologists



156

claim [Biederman 87] is the primary information source for human perception. As the
dual of the striped image, an intensity image of exactly the same scene can be easily
obtained by simply switching off the projector and turning on a light at the position of the
camera. This intensity image offers gradient contours that significantly complement what
is in the striped image. But edge detection is itself very noise sensitive and it is usually
very hard to extract perfect edges. On the contrary, the striped image offers good surface
information and is much more noise insensitive. To overcome the weaknesses of each of
the two types of images and facilitate their strengths, fusion of the two was investigated
for achieving better segmentation and constructing surface-edge representations. A set of
rules were developed that make inferences about striped surface patches and related edge
segments and assign labels (extremum, blade, fold, shadow, mark) to the edges obtained
from the intensity gradient. In the experiments reported in Section 5.5.8, a set of PRO-
LOG predicates that implements the rules was applied to five images of multiple object
scenes. Out of 101 edges only one was mislabeled. The surface labels assigned by the
surface analysis in Chapter 4 and the edge labels assigned by the fusion rules in Chapter
5 are useful for object model indexing, and some are useful in matching to determine
object pose and recognition.

From the fusion of the light striped image and gray-tone image, we reach more cer-
tain and reliable object descriptions. There are some other information sources that may
be useful, such as a second striped image taken by projecting a grid from a different

angle (camera not moved), that may put stripes on the areas that were P-shadows before.

6.2. Conclusions

This thesis has investigated the usefulness of structured lighting in machine vision
for 3-D scene representation and ultimately for object recognition. In a controlled
environment such as an industrial robot workspace, a single grid-illuminated image can

be used to sense the 3-D surface points in a rather efficient way as long as the objects are
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relatively smooth and not too small to be covered by multiple stripes. Since our sensing
system is a "snapshot” system rather than a "scanning” system, it has potential speed and
cost advantages. The constraints employed in developing the surface solutions are from
the real world and are very powerful in solving the stripe identification problem.
Although the resulting surface solutions may not be unique in general, the degree of
ambiguity is often small in practice and each of the possible locations in the 3-space
serves equally well in shape analysis. For object grasping, the ambiguity can be resolved

via tactile sensing.

Not only is the structured lighting a tool for 3-D sensing, but it also provides a
framework in which surface shape can be inferred and the scene representation can be
established. The projected grid is easy to generate. The image processing task is
simplified} because only one striped image is required and the grid is a uniform pattern.
The 2-D stripe networks clearly reveal the surface geometry through their texture varia-
tion. A gray scale image of the same scene is obtained by simply turning off the projec-
tor, and hence it can be exactly registered with the striped image. The two images pro-
vide information where both edge-based techniques and region-based techniques can be
applied.

The advantages of using structured light in 3-D scene analysis are balanced by some
restrictions in implementation. First, it is not trivial to process the striped image. To
extract the bright stripes, we must assume little interference from other factors, such as
no strong reflection from the object surface, otherwise the strong reflection surface spots
might be treated as part of the stripes. Second, accidental alignment of stripes can not
always be avoided; it occurs infrequently but not rarely, especially when stripe spacing is
small for obtaining denser data. Theoretically, this will not be a fatal problem since when

no surface solution can be found (this is often the case when two or more surface patches

1 but is still not easy
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are treated as one single surface patch due to accidental stripe connection) we can always
break the network into pieces and apply the algorithms to each piece. But this will con-
siderably complicate the process because deciding how to break the large network into
small ones is itself not trivial. The third restriction lies on the ambiguity in the location of
3-D surface solutions. However, this restriction is generally not a severe problem since
the degree of ambiguity is usually small and can be further reduced by additional
knowledge which is often available in practice. Also, as far as 3-D surface shape is con-

cerned, any of the multiple solutions works.

6.3. Future work

The research presented in this thesis can be carried forward in several ways: the
theoretical understanding of the structured lighting technique can be improved, the algo-
rithms themselves can be improved, the fusion scheme can be integrated into an expert
system for generating symbolic representation, and the representation should be used for
modeling and matching. Results of this thesis provide a method which could provide the

basis for development of a practical 3-D sensor system for bin-picking.

The theory of this research lies in the field of geometry (analytical and differential),
and classical image processing as well. In 2-D processing, we need a general approach to
extract the stripes, particularly for those stripes that are very close to each other (when
the line of sight of the camera is almost parallel to the surface). The geometric and topo-
logical constraints discussed in Chapter 3 and the inference rules for fusion in Chapter 5
are for ideal mathematical cases. Violations to these rules may occur when they are
applied to real images, although they will occur infrequently. Hence, uncertainty might
be taken into consideration, or feedback from other processes needs to be integrated into

this step.

The algorithms were developed with no special attention to efficiency. For exam-

ple, files were created to hold intermediate results that were read as the input by the next
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algorithm in the processing sequence. Sometimes routine work was done by hand rather
than by programs. This scheme may be improved using pipeline-like processing to save
disk I/O. The algorithm S in Chapter 3, which projects striped regions back to the slide
plane and finds overlap, is combinatorially complex. This complexity may be reduced by
applying some rules such as "overlapping is checked only for adjacent regions" and the
like. The B-spline fitting algorithm needs to be supplemented by some other surface

fitting method that can handle smaller surface patches or surface borders.

Computer algorithms for the fusion of intensity and stripes have not yet been com-
pletely implemented. The algorithm for that may be part of an expert system, but the
detailed steps (for example, to segment contours, to relate striped regions to contour seg-

ments etc.) need to be implemented before the symbolic processing can be carried out.

Finally, for the ultimate goal of object recognition, a model matching step is
needed. How structured lighting techniques can be employed in generating models
automatically and how the matching would be performed based on the surface-edge
representation is the topic of current research. Research on this topic has been carried on
for a few years in the PRIP lab at Michigan State University [S. W. Chen and Stockman
87]. That work has to be investigated with what has been discussed in this thesis to com-

plete the basis for a 3-D machine vision system.
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1. Inference rules coded in PROLOG

13.

4a.

4a.

4b.

4b.

2a.

2b.

6a.

6b.
8b.

borders(E,R)
borders(E,R)
planar_region(R)
mark(E)

pshadow(E)
shadow_making(E)
occludes_at(R1,R2,E)
occludes_at(R1,R2,E1)
occludes_at(R1,R2,E1)

occluded_at(R,E)
occluded_at(R,E)
occluded(R)
stage2(E)
stage3(E)
blade1(E)

blade1(E)

blade1(E)

blade1(E)
blade1(E)

lower_borders(E,R).

upper_borders(E,R).

planar(R);ground_plane(R).
interior(E,R),stripes_smoothly_cross(R,E).
shadows(E1,E).

shadows(E,E1).
ground_plane(R2),two_side_striped(E,R1,R2).
borders(E1,R1),t_junction(E2,E1),borders(E2,R2).
t_junction(E2,E1),borders(E2,R2),
two_side_striped(E1,R1,R2).

occludes_at(R1,R,E).
one_side_striped(E,R),borders(E1,R),t_junction(E1,E).
occluded_at(R,E).

not (mark(E)),not (pshadow(E)).
region(R),stage2(E),not (occluded_at(R,E)).
two_side_striped(E,R1,R2),staggers(R1,R2),
occludes_at(R1,R2,E),(planar(R1);concave(R1)).
two_side_striped(E,R1,R2),
staggers(R1,R2),concave(R1),region(R1),region(R2).
planar(R),lower_borders(E,R),

not (arrow(E1,E,E2),not (borders(E1,R),borders(E2,R))).
planar(R),upper_borders(E,R),one_side_striped(E,R).
borders(E,R),convex(R),convex(E),
normal_constant_to_edge(E,R).
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10a. bladel(E) :- upper_borders(E,R),concave(R).
10c. bladel(E) :- concave(R),lower_borders(E,R),
not (arrow(E1,E,E2),not (borders(E1,R),borders(E2,R))).
blade(E) :- bladel(E),stage3(E).
3. fold1(E) :- two_side_striped(E,R1,R2),stripes_continuous(E),
normal_change_2(R1,R2,E).
3. foldl(E) :- interior(E,R),edge(E),region(R),normal_change_1(R,E).
6a. fold1(E) :- lower_borders(E,R),l_connects(E,E1),not borders(E1,R).
6a. fold1(E) :- planar(R),lower_borders(E,R),arrow(E1,E,E2),
not (borders(E1,R),borders(E2,R)).
9a. fold1(E) :- lower_borders(E,R),convex(R),l_connects(E,E1),
not (borders(E1,R)).
9a. fold1(E) :- lower_borders(E,R),convex(R),arrow(E1,E,E2),
(not borders(E1,R);not borders(E2,R)).
10b. fold1(E) :- concave(R),lower_borders(E,R),arrow(E1,E,E2),
not (borders(E1,R),borders(E2,R)).
fold(E) :- fold1(E),stage3(E),not occluded_at(R,E).
2¢c extremuml(E) - two_side_striped(E,R1,R2),edge(E),region(R1),

region(R2),occludes_at(R1,R2,E),staggers(R1,R2),
convex(R1),not normal_constant_to_edge(E,R1).

7. extremuml(E) :- convex(R),straight(E),intensity(E),
borders(E,R),region(R),edge(E).
8a. extremuml(E) :- convex(R),borders(E,R),convex(E),intensity(E),

normal_changes_to_edge(R,E),region(R),edge(E).

9b. extremuml(E) :- borders(E,R),convex(R),concave(E),
intensity(E),region(R),edge(E).
12. extremuml(E) :- upper_borders(E,R),convex(R),virtual(E),
region(R),edge(E),not intensity(E).
extremum(E) - extremuml(E),stage3(E).
9b. saddle(R) :- borders(E,R),convex(R),concave(E),intensity(E).

7.  cylindrical(R) convex(R),straight(E),intensity(E),borders(E,R).



2. Representation primitives of scene 1

edge(el).
edge(e2).
edge(e3).
edge(ed).
edge(eS).
edge(e6).
edge(e7).
edge(e8).
edge(e9).

edge(el0).
edge(ell).
edge(el2).
edge(el3).
edge(eld).
edge(els).
edge(el6).
edge(el7).
edge(el8).
edge(el9).
edge(e20).
edge(e21).
edge(e22).
edge(e23).
edge(e24).
edge(e25).
edge(e26).
edge(e27).

normal_constant_to_edge(r2,e7).

normal_constant_to_edge(r2,e8).
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convex(el).
convex(e2).
convex(el4).
convex(el6).
convex(el8).
convex(el9).
convex(r2).
convex(r4).
concave(rl).

concave(r3).

straight(e6).
straight(e9).
straight(e10).

intensity(el).
intensity(e2).
intensity(e3).
intensity(e4).
intensity(e6).
intensity(e7).
intensity(e8).
intensity(e10).
intensity(e14).
intensity(el5).
intensity(e18).
intensity(e19).
intensity(e21).
intensity(e22).
intensity(e23).
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intensity(e24). region(rS).
intensity(e25).

ground_plane(r5).
virtual(e5). normal_changes_to_edge(r2,e6).
virtual(e9).
virtual(ell). adjacent(r1,r2).
virtual(e12). adjacent(r2,rl).
virtual(el3). adjacent(rl,r5).
virtual(el7). adjacent(r5,rl).
virtual(e20). adjacent(r2,r4).
virtual(e26). adjacent(r4,r2).
virtual(e27). adjacent(r2,r5).

adjacent(r5,r2).
shadows(e4,e5). adjacent(r3,r5).
shadows(e7,e12). adjacent(r5,r3).
shadows(e8,e13). adjacent(r4,r5).
shadows(e9,e11). adjacent(r5,r4).
shadows(e15,e17).

staggers(rl,r2).
1_connect s(e6,e7). staggers(r2,rl).
1_connects(e7,e6). staggers(rl,r5).
1_connects(e6,e8). staggers(r5,rl).
1_connects(e8,e6). staggers(r2,r4).
1_connects(e7,e10). staggers(r4,r2).
1_connects(el10,e7). staggers(r2,r5).
1_connects(e8,e10). staggers(r5,r2).
1_connects(e10,e8). staggers(r3,r5).

staggers(r5,r3).
region(rl). staggers(r4,r5).
region(r2). staggers(r5,r4).
region(r3).

region(r4). one_side_striped(e4,rl).



one_side_striped(e20,r1).
one_side_striped(e9,12).

one_side_striped(e16,r3).
one_side_striped(el7,r4).
one_side_striped(eS,r5).

one_side_striped(el1,r5).
one_side_striped(el2,r5).
one_side_striped(e13,15).
one_side_striped(e26,15).
one_side_striped(e27,15).

two_side_striped(el,r1,r5).
two_side_striped(e2,r1,r5).
two_side_striped(e3,r1,r5).
two_side_striped(e4,r1,r5).
two_side_striped(e6,r4,r2).
two_side_striped(e6,r5,r2).
two_side_striped(e7,r5,r2).
two_side_striped(e8,r5,12).
two_side_striped(e14,r3,r5).
two_side_striped(e18,r4,r5).
two_side_striped(e19,r4,r5).

upper_borders(el,rl).
upper_borders(e2,r1).
upper_borders(e6,r2).
upper_borders(e7,r2).
upper_borders(e8,r2).
upper_borders(e14,r3).
upper_borders(el17,r4).
upper_borders(e18,r4).
upper_borders(e19,r4).
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lower_borders(e3,r1).
lower_borders(e4,rl).
lower_borders(e6,r4).
lower_borders(e9,r2).
lower_borders(e16,r3).

t_junction(el,e22).
t_junction(e2,e25).
t_junction(e4,e7).
t_junction(e3,e6).
t_junction(e18,e6).
t_junction(e18,e15).
t_junction(e19,e6).
t_junction(e21,e14).
t_junction(e24,e15).

smoothly_connects(el,e4).

smoothly_connects(e2,e3).
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3. scene 1 — a tea pot, a plate, and a roll of paper

Labeling results:
set of blades . [el,eld,el6,e2,e3,e4]
set of extremum : [el8,e19,e6]
set of P-shadows : [ell,el2,el3,el7,e5]
set of shadowing . [el5,ed,e7,e8,e9]
planar surfaces : [r5]
convex surfaces : [r2,r4]
concave surfaces : [r1,r3]

occluded regions : [r1,rd4,r5]



166

4. scene 2 — a book, an orange, and a metronome
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Labeling results:
set of blades : [el3,e19,e20,e6,e8]
set of folds . [el4,el18,e22,e7,e9]
set of extremum o [el]
set of P-shadows : [ell,el2,e24,e25,e26,e4,e5]
set of shadowing : [eld,e20,e22,e3,e7,e9]
planar surfaces ¢ [r2,r3,r4,15]
convex surfaces 1]

occluded regions : [r2,15]
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5. scene 3 — a shoe, a bowl, and box

Labelin; results:
set of blades : [ellel2,el3,el4,e15,e16,e17,e2]
set of folds : [el8,e19,e6]
set of extremum : [el,e3,e4]
set of P-shadows : [e10,e20,e21,e22,e9]
set of shadowing : [el3,e14,e17,e6,e8]
set of marks : [e5]
planar surfaces : [r2,r4]
convex surfaces o [r1_1,r1.3]
concave surfaces : [r1.203]

occluded regions : [r2,r4)
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6. scene 4 — a can, a cup, and cup with cover

Labeling results:

set of blades

set of folds

set of extremum
set of P-shadows
set of shadowing
set of marks
planar surfaces

convex surfaces

[el,e10,e26]
[ell,e2,e25]

[€27,e9]
[e15,e16,e17,e18,e31,e8]
[el1l,e13,e2,e29]

[e6,e7]

[r1,r4,r5]

[r2,r3]
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7. scene 5 — a vacuum cleaner, a can, and a tomato

Labeling results:
set of blades : [el2,e13,e19,e6]
set of folds 1 [el4,el8,e23,e7]
set of extremum : [el,e20,e21,e22,e5])
set of P-shadows : [e10,e16,e25,626,e27,e4]
set of shadowing : [eld,el9,e2,e23,e6,e8]
planar surfaces o [r3,r4,15]
convex surfaces o [rlr2,rd 1]

occluded regions : [rlr4,x5]
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