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(ABSTRACT)

Three fundamental protlems 1in computer vision are
addressed in this diss=artation. The first deals with the
vrohlea o0f how to extract aad Aasseable a rich symbolic
representation of the gray leval intepsity changes in ar
image. Results show that the facz2t model based feature
extraction scheme proposed herse 1is superior to the other
axisting technijues. Tne second problemn adiressed deals
#ith the interpretation of the resulting strucitures as
three-lirensional object surfaces. The three differesnt shape
zodules described in this dissertation are fourd to te
useful in the recovary of ictrinsic 3scene characteristics.

?inally, mechanisms for interaction aaong different sources

Gifferapt shape modules are

Cus

of information obtained from
stadied. Tt is denonstrated that inta2ractions amonyg shape

nm24inles can 2nhinced the data aczuired py differznt means.
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Chapter I

INTRODUCTION

During the past decade, computer vision systems have been
studied with increasing interest by & 1large number of
researchers in the field of artificial intelligence. In
general, a scene of our three-dimensional world is input to
a computer vision system in terms of digitized sensory
information which 1is contained in a large two-dimensional
array of image elements or pixels. The system 1is expected
to output a description of the contents of the scene that
produced the array. Despite considerable progress in recent
vears, solving this seemingly easy task has prcven to be

extremely difficult.

A trend of the recent mid-level computer vision research
is to study the recovery of intrinsic scene characteristics
such as surface orientations, reflectance properties and
distance information from images [Ba78l. This recovery
process is 1important because knowing these intrinsic scene
characteristics will be a definite aid to higher-level scene
analysis problems. Apparently, humans have the ability to
determine these characteristics even for unfamiliar scenes.

Since information about the scene being viewed 1is captured

as observed gray 1level intensities in the image, it |is



reasonable to believe that some of these characteristics are

recoverable from image intensity variations.

Many "shape-from-..." approaches have been proposed for
determining intrinsic scene characteristics. Among these
approaches, stereopsis ([Ma76] and [Gr8l]) and motion
({U179] and [Eo81]) are currently the most studied subjects.
Four other important sources of shape information are

shading, texture, shadow and contour.

Smooth intensity variation (or shading) 1is an important
clue for determining surface orientation. The
shape-from~-shading idea was first formulated by Horn [Ho75].
Since then, a great deal of work has been done in this area
([1k&ll, [Wo80)] and [(Pe821). If we assume a uniformly
texture surface, surface orientations may be inferred from
the way the coarseness of the image texture changes across
the image. Shape-from-texture 1is another area of recent
research ([Wi8l] and [Ke821). When shadows are located in
an image, the shapes of the shadows can be used to determine
three-dimensional information about the objects in the
scene. Shadow analysis can be referred to as the process of
locating shadow regions, finding correspondences between
shadow casting objects and shadow regions, and deducing

three-dimensional information about the objects involved in
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the shadow formation process. Theoretical work on shadow
analysis can be found in [Sh83]. Shape-from-shadow methods
have been found to be useful for estimating heights of
objects in aerial images [Hu83]. Three-dimensional surface
shape can also be inferred from the two-dimensional shapes
of edges or curves in an image. Shape-from-contour methods
([st8l] and [Brsg4l) have been found to be effective in

determining the shape of a visible surface.

The shape modules use various sources of information in
the images to infer intrinsic scene characteristics. Since
intrinsic scene characteristics of the visible surface in an
image are captured as observed intensities in the image, an
important goal ot early visicn is to extract a rich symbolic
representaticn of the gray tone intensity changes in the
image. Among the many representations proposed, the
following are the most important ones: (1) the primal sketch
[Ma76] or zero-crossing edges [Ma80] of Marr, (2) the
intrinsic images of Barrow and Tenenbaum [Ba78], (3) the
relational trees ot Ehrich and Foith [Eh78], and (4) the
topographic primal sketch cf Haralick, Watson and Laffey

{Ha83].

The idea of the facet model ([Ha80] and [EHa8l]) is used

in the construction of the topographic primal sketch. The



facet model assumes that image intensity values are noisy
sampled observations of an underlying intensity surface.
Thus, any interpretation made c¢n the basis of a neighborhood
of pixel values should be understood through the analysis of
its underlying intensity surface. In the past, the facet
model has been proven to be useful in edge and region
analysis ([Ha80)], [Ha84] and [Po84]), noise removal [Ha83],
corner detection [Zu83] and optical flow [Ha83]. These
successes suggest that there is indeed something fundamental
about the approach. We believe that a unified approach
based on the facet model and the topographic primal sketch
can be developed and used to solve the computer vision

problem.



1.1  QVERVIEW

Many processes can contribute to the recovery of
intrinsic scene characteristics. In Chapters 3-5, three
approaches for determining surface orientation are
investigated. The most pertinent related literature is

briefly discussed in Chapter 2.

In Chapter 3, the facet model ([Ha80],[Ha8l]) 1is used in
the recovery of surface orientation from single and multiple
images. Two methods which determine surface orientation from
image shading are presented. The first method works in the
single image domain and is formulated as & non-linear
optimization problem. Since three~dimensional scene
information available in a single image is usually
ambiguous, the optimization procedure can result in multiple
solutions. The possibility of adding boundary constraints
to the optimization process is also investigated. In the
second method, additional images are obtained from the same
viewing position, but with changing illumination direction.
With these additional images, local surface orientation is
determined uniquely by a 1linear optimization procedure.
Experimental results of the shape-from-shading methods are

then described.



A stereo matching procedure is described in Chapter 4.
Three-dimensional positions of the visible surfaces 1in
stereo 1images can be determined by simple trigonometric
transformation once the stereo matching problem 1is solved.
Most stereo matching methods involve matching low-level
image features ([Ma76], [Ba79] and [Gr8l]). The method to be
described in Chapter 4 matches high-level 1image features.
The extraction of high-level image features is described in
Section 4.1. The high-level 1image features extracted are
topographic structures, arc segments and region segments,
The overall matching scheme 1is described in Section 4.2.
Matching results on simple and complex images are discussed

in section 4.3.

In Chapter 5, a technique for estimating object shape
from topographic primal sketch 1is investigated. Given a
gray tcne image of a three-dimensional ocbject, a topographic
labeling of the image indicates the peaks and pits, ridges
and valleys, and flats and hillsides of the underlying,
continuous, gray tone surface. The pattefhs of these
topographic labels capture information about the original
three-dimensional object in the scene and about the
illumination. In order to determine if estimation of
three-dimensional shape from a topographic 1labeling is

feasible, we have both analytically and experimentally



determined the topographic 1labelings for images of some
mathematically generated surfaces with varied directions of
illumination. Our results indicate that such patterns do
exist and will be useful in determining three-dimensional
shape from two-dimensional images. A scheme for partial
classification of three-dimensional object surface is

proposed. Preliminary results are illustrated.



Chapter II

LITERATURE REVIEW

2.1 SHAPE FROM SHADING

A great deal of work has been done in determining surface
orientation from image shading. The shape from shading idea
is first formulated in Horn's paper [Ho75]. Horn approaches
the shape from shading problem by solving the image
irradiance equation which 1is expressed in the form of a
first-order partial differential equation. He suggests this
equation be solvéd using a mnodified characteristic
strip-expansion method. While this method works well in the
absence of noise, its behavior is uncertain when applied to

a noisy image.

While Horn estimates surface orientation by solving the
image irradiance equation by direct integration, Ikeuchi and
Horn [Ik81] estimate surface normal by an iterative method.
The iterative method attempts to minimize the difference
between the observed image intensities and the predicted
values which are obtained iteratively from two constraints.
The first constraint is based on the image irradiance
equation. The second constraint 1is provided by the

assumption that the surface is smooth. As an additicnal
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constraint for both Horn's and Ikeuchi's methods, it 1is
required that both the reflectance propertv of the surface
and the illumination conditicn of the light source be known.
Ikeuchi's method requires that occluding boundary

information be specified as boundary conditions.

Stereographic projection is used in 1Ikeuchi's method
because the gradients of an occluding boundary map to
infinity in gradient space. In stereographic projection,
orientations of surface normals are represented uniquely by
points on the Gaussian sphere. A point on the Gaussian
sphere is then projected onto a plane tangent at the north
pole with the center of projection at the south pole.
Therefore, an occluding boundary, which is represented by
points on the equator of the Gaussian sphere, 1is projected
into a circle of radius two. A modification of Ikeuchi's
method can be found in [Sm83]. Other results in shape from
shading from a single image include the work of Woodham
{Wo8l1] and Pentland [Fe82)]. These studies determine surface
orientations of visible surfaces through local analysis cf

image shading.

Woodham [Wo80] introduces a technique to determine local
surface orientation from images which are taken by varving

da

the illumination direction, while keeping the viewing



direction fixed. This technique is referred to as
photometric stereo. In this method, since images are taken
without altering the camera position, there is no proklem in
finding corresponding points in the images. This technicue
determines surface orientation at each pixel by finding the
intersection of the reflectance maps of the images in the
gradient space. In general, at least three images are

needed to determine a unique surface orientation.

While Woodham's method is designed for matte surfaces,
Ikeuchi [Ik8l1] applies the photometric stereo technique to
determine surface orientations of specular surfaces. The
point light source used in Woodham's method is unsuitable
for specularly reflecting surfaces, since the specular
component in the image due to point light source only
occupies a very small area. Instead, Ikeuchi employs a
distributed planar 1light source with spatially varying

irradiation.

Although both Woodham's and Ikeuchi's methecds work well
for noise free images, these methecds obtain surface
orientation in an 1image on a pixel-by-pixel basis.
Therefore, we would expect these methods to be very
sensitive to noise. The problem is vyet to be solved if the

input images are known to be noisy.
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2.2 STEREQ MATCHING

Stereo matching has been approached mainly in two
directions. The first approach matches areal features,
while the second approach matches 1lineal features such as
edges. The area based approach attempts to find a match for
each neighborhood 1in the first image by searching for
neig..borhoods of maximum similarity in the second image. A
typical similarity measure is the mean-square difference of
the gray 1levels within the two neighborhoods. Since the
search process is computationally expensive and not all
pixels can be unambiguously matched, matches should be
restricted to neighborhoods with high information content.
One such technique for finding candidate points for matching
is Moravec's interest operator [Mo77]. Moravec's operator
computes an initial interest measure for each pixel by
finding the minimum of the four directional variances
(horizontal, vertical and two diagonals) over the
neighborhood centered around the pixel. A pixel 1is of
interest if its interest measure attains a 1local maximum.

Moravec's interest operator tends to select corners.

Barnard and Thompson [Ba80] use a relaxation 1labeling
technique to find matches for areal features. They use

Marvavec's interest operator to select matchable points. The
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searching space is restricted by assuming a maximum
disparity. An initial probability is given to each match
based on the similarity of the neighborhoods around the
pixel. A relaxation labeling technique 1is then used to
improve the initial ©probabilities by using the local
continuity property of disparity. A common problem with
area-based approaches is that they are sensitive to changes

in contrast and brightness between the pair of images.

The edge-based approach attempts to search for edge
correspondences between edges detected from the stereo pair.
Since an edge often corresponds to a discontinuity in the
depth of an cbject, edge-based methods are less sensitive to
photometric characteristics of the object in the scene.
Furthermore, edge-based matchings are in general more
accurate and less expensive. This is because there are fewer
edges than pixels and edges can usually be detected at

reasonably precise locations.

A computational theory of human stereo vision was
formulated by Marr and Poggio [Ma76]. They suggest matching
features which are located as zero-crossings of the
Laplacian of a Gaussian filtered image. This scheme works
well on random-dot stereograms, but fails for real images.

Grimson [Gr8l] implemented a modified version of Marr's



algorithm. Grimson's approach seems to generate reasonable
results for some real images. A coarse to fine approach is
used in these methocds. This is done by convolving the image
with filters of various resolutions. This approach tends to
fail for complex scenes because edges detected from low
resolution filters do not usually correspond to any true
edges and incorrect matches are often introduced. Thus,
correct matches as well as incorrect matches propagate from

the low levels to the higher levels.

More recently, Baker and Binford [Ba8l] and Arnold [Ar83]
developed two similar methods for stereo matching based on
dynamic programming technique. The Viterbi cdynamic
programming algorithm is used in the matching process. They
attempt to find an optimum match for each pair of epipolar
lines in the 1image by assuming that there 1is no order
reversal of edges. The optimum match is obtained by
maximizing a measure derived from local properties of edges
and by requiring that an edge angle and interval constraint
be satisfy. One 1limitation of these methods 1is that a
dynamic programming implementation is possible only if the

edge ordering assumption is not violated.

Until recently, most feature based stereo matching

syvstems match low level edge primitives. Medioni and Nevatia
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[Me83] proposed a technique for matching higher 1level
primitives, namely, 1line segments. Matching line segments
from the two images are searched within a parallel sided
window which has two of its sides parallel to the
orientation of a line segment and the other two sides
horizontal. By using such a window, all epipolar lines that
intersect the line segment to be matched are consicdered and
a maximum disparity is allowed for each match. This is an
iterative technique. At each iteration, each possible match
is evaluated by assuming a minimal differential disparity.
A preferred match for each segment is selected to be the one
which is most consistent with the disparities suggested by

it neighbors.

While Mediono and Nevatia solve the correspondence
problem by matching line segments, Goshtasby [Go83] suggests
using region segments. Goshtasby first wuses an image
segmentation procedure to determine optimally similar
regions, by an appropriate measure, from multiple images.
Region correspondences are then achieved by a probabilistic

relaxation labeling process.

Cheng and Huang [Ch82] present a method for registering
images. A relational description is used in their method to

represent structures extracted from images. They extract



straight line segments as primitives and use relations such
as parallel, antiparallel, collinear and adjacent to
describe the interrelationships between 1line segments. The
image <correspondance problem 1is then solved by matching
relational structures. As another step toward using higher
level primitives, the matching scheme to be described in
Chapter 4 nmnatches arc segments, region segments, and
topographic structures, and uses spatial relations among

\

these structures to resolve ambiguous matches.



Chapter III

A FACET APPROACH TO SHAPE FROM SHADING

3.1 INTRODUCTION

Of the clues available in an image, image shading is one
of the important sources of information for determining
these scene characteristics [Ho75]. In the present work,
the intrinsic property which we are primarily interested in
is surface orientation. In this chapter, the facet model
([Ha80],[Has8l]) is used 1in the recovery of surface
orientations from single or multiple images. The facet
model assumes that image intensity values are noisy sampled
observations of an underlying intensity surface. Thus, any
interpretation made on the basis of a neighborhcod of pixel
values should be understood through the analysis of its

underlying intensity surface.

In past facet work [Ha83], the underlying intensity
surface was estimated by a 1least squares fit with a
functional form consisting of a 1linear ccmbination of the
tenscr products of discrete orthogonal polynomials. In the
new facet shape-from-shading formulation, the
three-dimensional cbject surface is assumed to bLe 1ocally

fit by a quadratic surface. The underlying gray tone

16
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intensity surface is then modeled using a quadratic object
surface having Lambertian reflectance. Having estimated the
free parameters of the Lambertian intensity surface, the

surface orientation around each pixel is readily determined.

3.1.1 Qverview

Two methods for determining surface orientation from
image shading information are presented in this chapter. The
first method works in the single image domain and the second
method works for multiple images. Before discussing these
techniques in detail, the image geometry and the
illumination model to be used in our presentation are
defined in Section 3.1.2 and 3.1.3, respectively. The basic
theory of the facet based shape-from-shading method is given
in section 3.2.1. In section 3.2.1.1, the selection of
starting value, which 1is required in our method, is
discussed. A modification of the original technique is also
suggested. The second method which works for multiple images
is described in section 3.2.2. A possible extension of these
methods to handle specular reflection 1is given in section
3.3. In section 3.5, results of some preliminary

experiments are discussed.
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3.1.2 Imaging Geometry

The relationship between scene coordinates and image
coordinates is illustrated in Figure 1. We assume that the
camera lens is at the origin and that the z-axis is directed
towards the image plane which is in front of the lens. The
image plane is placed at a distance f, the focal length of
the 1lens, in front of the origin so that the image 1is
oriented in the same way as the scene. As seen from Figure

1, the following relations holcd for perspective projection:
U = ==—- and V = =—-——,

In our discussion, the perspective projection is
approximated by an orthographic projection. This
approximation is good when the size o0f the objects being
imaged is small compared to the viewing distance. 1In this
case, appropriate coordinate systems can be chosen such that
the following relations hold:

u = X and v

]
9

3.1.3 Illumination Model

In the following discussion, we will use a simple
illumination model that assumes a distant point light source

and a2 Lambertian reflectance model. A Lambertian surface
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scatters light equally in all direction. The brightness of a
Lambertian surface illuminated by a distant point 1light
source is given by:

I = Ip N° L (1)
where IO is a constant depending on the surface albedo and
the intensity of the light source, N is the unit surface
normal vector, and L is the unit vector of the illumination

direction.

The wunit vector which points in the direction of the
light source can be specified by the two angles shown in
Figure 1. The first is the &azimuth (8) which is the angle
between the x-axis and the projection of the vector onto the
Xx-y plane, while the second is the angle of elevation (¢) of
the 1light source. If we represent this unit vector by
la,b,c]l, then

a=cos 8 cos ¢ ,
b = sin ® cos ¢ , and
c = -sin ¢ . (2)
In our discussion, we will consider only positive values of

d. Therefore, ¢ is always less than zero.

If the height of the object surface above the x-y plane
is expressed as a function of x and vy,
z = S(x,y),

then the surface normal is given by the vector:
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- 2 2y1/2
N=1S8, Syr ~1 1/(1 + 8,° + Sy)

where S, and S,, denote first partials of S with respect to x

y
and y, respectively. By carryirg out the dot product in

Eq. (1), it follows that
2 2v1/2
(1+sx+sy)

3.2 THE FACET MODEL APPROACH

In the following sections, two methods which determine
surface orientatiocn from 1image shading information are
presented. The first method works in the single image domain
and 1is formulated as a non-linear optimization problem.
Since three-dimensional scene information available in a
single image is usually ambiguous, the optimization
procedure can result in multiple solutions. In the second
method, additional images are obtained from the same viewing
position, but with changing illumination direction. With
these additional images, the non-linear system of image
irradiance equations are transformed into a set of linear
equations. The least squares procedure described in section
3.2.2 enables a unique solution to be okbtained from this

linear system cf equations.
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3.2.1 Shape from Shading from a Single Image

The first method determines surface crientation from the
cshading information of a single image. It is formulated as
a non-linear optimization problem. hccording to the facet
model, image intensity values are the results of noisy
sampling of an underlying intensity surface. Therefore, the
image intensity of a Lambertian surface 1illuminated by a
distant point light source under orthographic projection can

be expressed as:

where n denotes the independent and identically distributed
noise. Furthermore, a smoothness constraint on the object
surface is imposed in the following way. Let R be an
arbitrarv neighborhood over which equation (3) holds. We
assume that

n

S(x,y) = :E: ki hj(x,y) for (x,y) € R,

i=1
where the h.;'s are some basis functions and the k;'s are
constants. Different neighborhoods have different
coefficients. The form for S that we currently use 1is a
bivariate quadratic polynomial:

Si{x,y) = kg + kix + koy + k3x2 + Kyxy + k5y2
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By using the intensity values {I(x,y) | (x,y) € R}, we can
determine a least squares estimator Kk of k (note that k

denotes the vector [kl'k2'°°"kn])'

The least squares approximation problem is to determine

coefficients ki such that
I aS_(x,y) + bS,(x,y) - ¢ 12
e? = E IT(x,y) - I SRS A Y ol I (4)
| (1 + s 20x,y) +5 2x,y)1/2]
(x,y)€R : 4

is minimized. In the case of a quadratic object surface,

SX(X,Y) = kl + 2](3)( + k4y

and S, (x,y) ko + kyx + 2kgy .

y
where Sx and Sy denote the partial derivatives of S with
A respect to x and y. Equation (4) can be rewritten as:
" ! E
ec = :E: II(x,y) - F(x,y,k) | (5)
(x,y)eé |
where

PO,y k) = 1. oor1t2kaxtkay) + DlkprkgxiZkey) - ¢
T 0 2,172

Equation (5) is non-linear in the ki's, One of the methods
for solving this non-linear system is the Marquardt Method
[Dr8ll]. This method is basically an improvement of the
Taylor series linearization method and the steepest descent
method. The ideas of the 1linearization method and the

steepest descent method are explained briefly here,
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The linearization method begins by expanding F(x,y,k)
into a Taylor Series, that is,
n
d F(x,y,k) I
F(x,y,K) & F(X,¥/Kp)+ > [ ——mmmmmeme | (kij=kg(i)) 1 (6)
i=1
where kg, is a starting value of k and ky(i) denotes the ith
component of KO. If we let g;=k;-ky(i), then equation (§)
becomes linear in the 9;'s. Therefore, the original problem
becomes a linear regression problem and can be solved by the
least squares procedure for linear models. The least squares
estimator thus obtained is used as a new starting value for
the Tavlor series expansion and the process is repeated

until convergence (i.e. until e? is less than some

precdetermined tolerance).

The idea of the steepest descent method is to move the
estimate, from a starting point ko, along a direction of
steepest descent as long as e2 decreases. The direction of
steepest descent is estimated as the direction obtained by
differentiating (5) with respect to k. In general, the
steepest descent method works well when the starting valce
is far from the desired solution and the 1linearization
method does a better 3job when a good 1initial value is
prcvided. However, Marquardt's method combines the good

features of the two methods and wo:ks well for most

practical problens.
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The problem with using the above method for the shape
from shading task 1is that it is wvery starting-value
sensitive. A bad choice of starting value may lead to only a
local minimum instead of a global minimum. Furthermore,
multiple solutions may exist if the information available

from the input image is ambiguous.

3.2.1.1 Initial Estimate and Boundary Constraints

The nonlinear optimization prccedure described above is
an iterative method. An important starting point is to
obtain a good initial estimate. Better starting values not
only increase the rate of convergence, they also reduce the
chances of converging to local minima. We also believe that
supplving additional <constraints to the shape recovery
process would result in an improved¢ accuracy in the
reconstructed surface. We want te explore in this section
the possibility of using two kinds of boundary constraints,
depth and surface orientation constraints, to bootstrap the
shape-from-shading process. Sparse depth values can be
obtained from sterec computations. A detailed discussion of
stereo computation can be found in Chapter 4 of this thesis.
The second constraint can be obtained from local analysis of
image shading. Local enalysis of image shading is given in

[Pe82]) and Chapter 5 of this thesis.
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3.2.1.2 Depth Constraints

In binocular sterecpsis, surface depth can be determined
by matching image features which are usually extracted as
zero-crossing edges [Ma80l]. Given a pair of stereo images,
depth of object surface can be determined by simple
trigonometric transformation once the correspondence problem
is solved. 1In stereo computations, corresponding points in
the two 1images are determined only at locations with high
information content. Since stereo matching can produce only
a sparse depth map, some kind of interpolation technique is

required to compute a complete surface description.

A computational theory of visual surface interpolation is
proposed by Grimson [Gr83] and refined by Terzopoulos
[Te83]. While this interpolation methcd constructs surface
based on information available along zero-crossing contours,
its reconstructed surface fails to account fully for the
intensity changes which occur away from the zero-crossing
contours. Therefore, the reconstructed surface may not be
consistent with the observed intensity variations. Our
intention here is to compute a complete surface
reconstruction by augmenting shading information with depth

constraints.
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Let R be an arbitrary connected region over which the
smoothness constraint (Equation 4) is satisfied. Let B be a
set of pixels for which the depths are known. We have for
(xi,yi) € B,

! 2 , 2 -~ .
k0+lel+k2yl‘rk3Xl +k4}.1yi+k5yl = si for i=1,..,n
where n is the number of pixels in B, and s; gives the depth
of the surface at (x;,y;). In matrix notation, we have

Ax =y
where
£ = (Kg,Kqrkorkarkgrke) S
TQrh1rR2rR3rRgr Ryl
vi = si, and

a (1, xi, yi, xi2, xiyi, yi2), i=l,...,n

i.
Given enough points in B, an initial estimate for the
surface in R can be determined by a least-cquares method
which minimizes
n
2 = ZIl(k0+klxi+k2Yi+k3xiz+k4xiyi+ksyi2) - sl
i=1
or equivalently,
e2 = Il Ax - yl12,
The solution to this least-squares problem is discuscsed in

section 3.2.1.4.
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3.2.1.3 Surface Orientation Constraints

In some locations of an 1image, suriace crientations can
be estimated locally. Pentland [Pe82] presents a method for
determining surface orientation through 1local analysis of
image shading. Ikeuchi and Horn [Ik&l] suggest that
constrained values of surface orientation can be obtained at
occluding boundaries and singular points (IBall and
[Ma77]). In Chapter 5 of this thesis, an estimate of surface
orientation is obtained througch the analysis of the
topographic primal sketch. The set of surface orientations
estimated through local analysis provides another means for

determining a good initial estimate.

Let R be an arbitrary connected region over which
Equation 4 is satisfied. Let B be a set of pixels for which

the surface orientations are known. We have for (xi,yi) €

B,

kl + 2k3x; + kgyg Pir for i=l,...,n ,

and k2 + k4xi + 2k5yi.- qi - for i=1,¢..,n ,

where n is the number of pixels in B, and (pi'qi) gives the

surface orientation at (x;,y;). 1In matrix notation, we have
AXx =y

where

.K = (klyk21k3'k41ks)tl
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pi if iﬁn
yi =
9i-n if i>n, and
{ (1, 0, 2x;, y;, 0 if 1 < n

(o, 1, O, xi-n’ 2yi_n) if i >n.

a.
l.

]

As for the depth constraints, an initial estimate is
determined by minimizing
n n
9 2 2
i=1 i=1
or equivalently,

e2 = Il Ax - yll2.

3.2.1.4 Singular Value Decomposition

There are many algorithms for solving the least-squares
problems. The most reliable method is the singular value
decomposition method. A sinqular value decomposition of a
rectangular mxn matrix A with m>n 1is a factorization of the
form

A=0Us vt
where U is an mzm orthogonal matrix, V is an nxn orthogonal
matrix, and S is an mxn diagonal matrix with nonnegative
diagonal entries. The diagonal elements of S are called

singular values of A.
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Using the singular decomposition of A, the linear system
Ax = v becomes
usvtx=y.

The error,

e2 = |1 AR -y 112,
to be minimized in the least-squares problem becomes

e2 = 11 usvtsg- y N
Since orthogonal matrices preserve norm, we have

1ot ws vt x -y 0l

e

It svt x -utyil.

vtx and v = Uty, we then have

If we let 2z

e
Since S 1is a diagonal matrix, it is easily seen that the
vector z that produces the minimum e is given by

Z.
1

Vi/si if s; # 0, and
The transformation x = Vz then determines the least-squares

solution.

3.2.1.5 Possible Modification

We have shown how boundary constraints can be used to
obtain initial estimates. As an extension of the algorithm

described in Section 3.2.1, we may also consicder a

minimization of the form
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2 2
W E 11I(x,y) = F(x,yv,kK)IlT + (1-w) E l1Ax = vyl

(x,y)€ER (x',y')€EB
wvhere w is a constant between zero and one. The first part
of the above expression is acquired from Equation (5) which
gives the error between the observed and the estimated gray
level intensities. The second part designates the deviation
between the estimates and the boundary conditions. The
constant w 1is set close to one if the boundary conditions
are not certain to be reliable. The same Marquardt method
can be used to solve this minimization problem. Experiments
show that this formulation 1is superior to the original

formulation.

3.2.1.6 Extracting Regions

So far, we have described a shape-from-shading method.
One problem remains to be solved is to find regions over
which the smoothness constraints are satisfied. This region
extraction process can be accomplished by analyzing the
topographic primal sketch of the image intensity surface.
While a detail description of the region extraction process
is given 1in Chapters 3 and 4 of this thesis, the overall

process is summarized as follows:
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1. extract edge structures based on the facet model
second directional derivative zero-crossing edge
operator;

2. extract maximally connected components of non-edge
structures as an initial set of region segments; and

3. Extract regions by assembling topographic structure

within the initial set of region segments.

3.2.2 Shape from shading from multiple images

As mentioned in Section 3.2.1, three-dimensional scene
information available in a single 1image 1is sometimes
ambiguous. Woodham [Wo80] suaggests a method to resolve this
ambiguity by using multiple images. In this method,
multiple images are obtained by varying the illumination
direction, while keeping the viewing direction fixed. In
this section, we will describe a variation of Woodham's
method. This method is also based on the facet model. Ve
believe that our method is more robust than Woodham's

method.

Suppose two images Iy(x,y) and I,(x,y) are cbtained by

varying the position of a point light source. The irradiance
equations corresponding to Il(x,y) and Iz(x'Y) are

Sx(x,y)al + Sy(x,y)bl - cy
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Selx,y)ap + Sy(x,y)bz - ¢y

where [al,bl,cl]t and [a2,b2,c2]t are the unit vectors which

point in the directions of the light sources.
In the case of a quadratic object surface,

Ay (ky+2kqax+k,4y) + bq(k,+k x+2key) = C
Il(x,y) = IO _}__}___3___2______}__2__5____5______}__ (7)
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Note that I,(x,y) and I,(x,y) do not depend on ky. This is
expected because a distant point light source is assumed; a
translation of the object along the viewing direction does

not affect the observed image intensity.

The above irradiance equations are nonlinear in the ki's.
By taking the ratic of the two irradiance equations, we will
show that local surface orientation can be determined by a

linear optimization procedure.

3.2.2.1 Estimation of Surface Orientation

Although (7) and (8) are nonlinear in the ki's, we can

linearize the problem by taking their ratio. That is

Il(X,Y) (k1+2k3x+k4Y)al + (k2+k4X+2k5Y)bl - Cl

. (9)
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If we let I(x,y) = I;(x,y)/I,(x,y), equation (9) can be
rewritten as:

(I(x,y)a, - aj)k, + (I(x,y)b, - bylk

+2x(Ilxryda te d)k, o 2 12

+ Ix(I0x,¥)b2 = b)) 7 y(I(x,pla, - ap)lky
+ 2Y(I(le)b2 - bl)ks - (I(X,Y)az - Cl) =0 (10)

Equation (10) is linear in the ki's, We can estimate the
ki's by <£fitting (10 to the observed 1I(x,y)s in the
neighborhoods of I1 and 1I2. For simplicity, we will
consider only odd sized rectangular neighborhoods and the
coordinates of the center of the neighborhood RxC will be
set to (0,0). It 1is important to note that the surface
normal at the center of the neighborhood is given by
[kl,kz,-l]t. For (x,y) € RxC, the system of equations can
be represented in matrix notation by
B a=y,., (11)

where, if b(x,y) is the row vector

[ I(x,¥)ay-a;, I(x,y)by-by, 2x(I(x,y)as-a;),

x(I(x,y)by-b) 4y (I(x,y)an=ay), 2V(I(x,y)by-by) 1,

then
| b(-R,-C) ] | I(-R,-C)c,- 1 I
| b(-R,-C+1) | | I(-R,-C+1%c.2c. |
| : | ! : 271 |
| : | | : !
B = I Q(O'O) I r y = I I(0,0)c -C l
| : | | 271 1
| : | ] H |
! b(R-1,C-1) | | I(R-l,C-l)cz-cl I
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and a =l ky,ky,ky,kyrks 15
A least squares procedure which minimizes
e2 = | y - B é | 2

is used to determine the estimator a . The normal equation
estimator for a is given by

A

a=(BtB) 1 Bty . (12)

If there is exact linear dependency between the columns

cf B, the rank of B is less than 5 and BB is singular. In

general, the columns of B are near linearly dependent. In
this case, BEB is ill-conditioned and the estimate of a
suffers frem large error. A more reliable method for

solving this least-squares problem is based on a matrix
factorization known as the singular value decomposition
which is described in section 3.2.1.4. However, 1if the
problem is rank deficient (i.e. at least one of the singular

2

values of A is zero), the solution which minimizes e4 is not

unigue. Two approaches are suggested to avoid this problem.

The first approach is to use a third image. An additionral
set of equations can be obtained by taking the ratio of the
irradiance equation of the third image and that of the first
(or second). A new matrix B is obtained by combining these
equations. It is clear that the effect of multicollinearity

in the new B can be reduced, provided the vectors of the
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incident illuminations do not all 1lie in a plane. The
second approach is to constrain the locations of the light

sources.

3.2.2.2 Locations of the light sources

Recall from section 1I.l1 that the direction of a distant
point light source is specified by two angles: the azimuth
(8) and the elevation (¢). It follow from Eg.(2) that if 8
is 90°, then a becomes zero, if 8 is 0° then b becomes zero
and if & is 90° both a and b are zero. The angle of
elevation of the light source 1is always made dareater than

zero, therefore, ¢ is always non-zero.

We can simplify equation (10) by restricting the
positions of the light sources. If both a, and a, are set
to zero, equation (10) can be rewritten as

(I(x,¥)by = by)ky + x(I(x,¥)by = byk,
+ 2y(I(x,¥)by = bylkg - (I(x,y)cy = cy) =0
or

k2 + Xk4 + 2yk5 = J(x,y) ’

where J(x,y) = (I(x,y)c, - cy)/(I(x,y)b, - by). Therefore,

the matrix B in (11) can be replaced by
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1 -R 2(-C)
1 -R 2(-C+1)

o
]
~

1 0 0
1 R 2(C-1)
1 R 2C

y becomes a column vector of the J(x,y)'s and g becomes [k2,
k4, kS]t . Note that B is independent of the 1I's and
because the center of each neighborhood has (x,y) equal to
(0,0, BEB is the same for all the neighborhoods in the
image. Furthermore, BB in (12) is always invertible and
can be computed accurately. Therefore, the computation of é

from equation (12) is stable and efficient.

We can determine k,, k, and kg accurately if a; and a,
are both zero. Similarly, kl, k3 and k, can be obtained by
making both b, and b, equal to zero. Hence, if we obtain a
first image with 8=90 and ¢=90, a second image with 6=90 and
arbitrary ¢, and a third image with 6=0 and arbitraryv ¢,
then é can be determined accurately and efficiently. If
(k1,/k3,ky) and (ko,k3,kg) are determined independently as
described, it is possible that the k4's computed from the
two procecsses disagree. In the case where the k4's differ by

a significant amount, we can either take their average or

use the three images together to solve for a unique a.
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If only two images are to be used, we can first compute
kz, kg and kg by setting a; and a, to zero (or ky, k3 and k,
by setting b; and b, to zero) and then obtain k; (or k,)
from the following derivations.

If a;=0 and a,=0, one obtains from (7)
_ Io(kzbl - Cl)
I(0,0)= ~—mmemme e e e S (13)
(1 + k2 + k,2)1/2
or
2 2 _ 2 2

1+kl +k2 = [Io(kzbl"cl)] / 1(0,0) (14)

Similarly,

2_ 2 2_ 2y _
1+(kl 2klk4+k4 )+(k2 4k2k5+4k5 )

[I((ka=2Kc)be=c-)12 / I(0,-1)2 (15)
and 0{(ky=2kg)bjy-cy

2 2 2 2
1+(k1 +2k1k4+k4 )+(k2 +4k2k5+4k5 )

2 2
If I, is known, one can obtain kq directly from (13).
Otherwicse,
2 2
let h0 = (kzbl-cl) / 1(0,0)+<,
h_l = ((k2-2k5)bl—cl)2 / I(O,”l)z and
2 2
then
= _ 2
(16) -(15) => 4klk4+8k2k5 = I, (hl-h_l) (17)
and
(14)-(15) => 2k .k ,-k 2 44k k5-4k 2 = 106%(n -h ) (18)
1"4 ™4 2 5 0 *-17"

If k,#0, by taking the ratio of (17) and (18), one finds



where h =(h1—h_l)/(h0—h_1) .

If k,=0, by taking the ratio of (15) and (16), one finds

2_ 2, _ 2 2
(12 o DibrlkyTakokstksT] - TlHlkyTHakokstaksT]
1-h
where h = h—l/hl‘ In this case, the sign of k; is

undetermined.

In this section, a photometric sterec method has been
presented. By taking the ratio of the irradiance equations
of a pair of images, we are able to determine local surface
orientation uniquely by a linear optimization procedure. It
was also shown that adding a third image and restricting the
position of the light sources allows us to determine surface
orientations accurately and efficiently. The photometric
stereo technique 1is particularly useful in controlled
environments where the intensity and position of 1light
source can be adjusted and measured accurately. Some
possible applications of this technique include robotic

hand-eve systems and industrial inspection tasks.



3.3 SPECULAR REFLECTANCE MODEL

A more general shading model consists of two components.
The first component is Lambertian reflection. Lambertian
surfaces (or matte surfaces) scatter light equally in all
directions. Therefore, they are seen as equally bright from
all directions. Specular or mirror-like reflection accounts
for the second component. A surface having specular
reflection reflects light unequally in different directions.
Specular reflection is usually observed as highlights in the

image.

Let 6 and ¢ be the angles defined in Figure 2. The angle
8 is the angle between the incident ray (L) and the surface
normal (N). Note that the angle between the reflected ray
(R) and the surface normal is also 8. The angle ¢ is the
angle between N and the vector half way between the viewing
direction (V) and L. According to the shading model
described in [Ha83], the intensity of a specular surface
illuminated by a point light source can be expressed as:

I = I cosé + Iscosn¢ (1)
where the values of I1 and 1Is depend on the properties of
the surface material, the distance of the 1light source to
the surface element, and the intensity of the light source,

and n is a constant. The value of n ranges roughly from 1
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to 200, depending on the surface. A shiny metallic surface
will have a very large n. A dull surface will have a small
value. If we let L, R and ¥ be, respectively, the unit
vectors of L, N and V, then equation (1) can be rewritten
as:

I = I (LM + I_(N.B)".
where

B = (L+V)/IL+VI .
It is clear that Il(i.ﬂ) is the component due to Lambertian
reflection, and Il(ﬁ.H)n is the component due to specular
reflection. Note that the intensity of the specularly

reflected light falls off rapidly as ¢ increases.

The shape-from-shading method described above can easily
be extended to handle specular reflection. The observed
intensity of a specular quadratic object surface can be
approximated by

a(k1+2k3x+k4y) + b(k2+k4x+2k5y) - C

2 271/2
1+ (k1+2k3x+k4y) + (k2+k4x+2k5y) ]
where L=(a,b,c) and H=(d,e,f) are unit vectors. The same
optimization procedure as described in section x can be used
to determine surface orientations for specular surfaces by

minimizing the sum of squares of the differences between the
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Figure 2: PRelationship between 8 and 6.
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observed intensity data and the estimated intensity values

computed from the equation above.

3.4 JIST ATION

The methods presented here have some advantages over the
previous shape-from-shading approaches. Since a neighborhood
of pixels are consicdered when the surface orientaticn at a
particular location 1is estimated, results show that this

method is less sensitive to noise.

Furthermcre, the above methods can produce more than just
the surface normal at each pixel. For each neighborhood, it
also produces the coefficients of the fitting polynomial.
Using these coefficients permits us to determine whether or

not neighboring pixels belong to the same surface patch.

3.5 RESULTS

The non-linear optimization procedure described in
section IITI.1 has been tested on a 50x50 image of a simple
surface. Figure 3 shows the surface generated by the
polynomial: 40x+40y—2x2-xy+2y2. The shaded image resulting
from illuminating the surface of Figure 3 from 1light
directicn (0,0,-1), which means directly abcve the center of

the surface, 1is shown 1in Figure 4. By inputting the



starting value K4=(1,1,1,1,1) or ky=(40,40,-2,-1,2) to the
optimization procedure, ﬁ was found to be
(38.5,43.8,-2.0,-1.3,2.0), which 1is very <close to the
original surface within the range of (x,y) used. By using
ky=(-40,-40,2,1,-2), the estimated surface is shown in
Figure 5. By using k,=(0.86,-1.61,-€.03,0.04,-0.01), which
was obtained by fitting a second degree polynomial to the
intensity surface of the shaded image, the estimated surface
is shown in Figure 6. By illuminating the three estimated
surfaces from light direction (0,0,-1), we obtained

essentially the same shaded image. This shcws the ambiguity

in image shading information.

Figure 7 shows a pair of synthetic stereoc images. A
sparse depth map was determined by the stereo matching
procedure described in Chapter 4. The depth map is
illustrated in Figure 8. The depth constraints obtained
from the stereo pair of images were used to determine an
initial estimate of the object surface in the images. The
singular value decomposition method was wused to obtain such
an initial estimate. By incorporating the depth constraints
into the shape-from-shading algorithm, an accurate
reconstructed surface was obtained (Figure 9). It is worth
mentioning that multiple surface reconstructions are

possible if boundary constraints are unavailable.



Figure 3: The polyncmial surface: 40x+40y-,’2x2—xy+2y2
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Figure 4: The shaded image of the surface of Figure 3.
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Figure 5: The reconstructed surface for the shaded image of
Figure 4.
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Figure 6: Another reconstructed surface for the shaded
image of Figure 4.
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Figure 7: Synthetic stereo images of a spherical surface.
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Figure 8: The depth map resulting from matching the stereo
images of Figure 7.
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Figure 9: The reconstructed surface for object in the
stereo images.
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To investigate the effect of boundary constraints on the
optimization process, the shape-from-shading algorithms with
and without boundary constraints have been tested on the
image of Figure 10a. One-hundred sets of randomly generated
initial estimates were input to the methods described in
Section 3.2.1 and Section 3.2.1.5. A set of boundary
constraints was obtained along the object boundary. Results
show that the method converged to three different but
correct solutions for eighty-four out of the one hundred
initial estimates if no boundary constraint was used. The
method converged to a unique solution ninty-four times if
the set of boundary constraints was 1included in the
optimization process. We also found that the average rate of
convergence was improved by a factor of about two if the
boundary constraints were used. Similar results were
obtained when these methods were run on the image of Figure

10b.

The photometric sterec method described in section 3.2.1
has been tested on both artificially generated images and
real images. An object surface corresponding to a portion
of a spherical surface is shown in Figure 1ll. Three shaded
images were obtained by illuminating the surface of Figure
11 from three different positions: (1) the light direction

is (0,0,-1) which means directly above the center of the
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Figure 10: Shaded images of a curved surface.
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surface; (2) the light direction is (0,0.259,-0.966) which
translates to azimuth 90 degrees and elevation 75 degrees;
(3) the light direction is (0.259,0,-0.966) which translates
to azimuth 0 degrees and elevation 75 degrees. The shaded

images are shown in the first row of Figure 12.

In spite of the fact that a spherical surface cannot be
fit exactly by a second degree polynomial, the reconstructed
surface by the photometric stereo method is extremely close
to.the original one. The root mean square difference between
the elevation data of the original surface and the
reconstructed surface is 1.20, which 1is .77 percent of the

surface elevation range 100-255.

To examine the performance of our method on noisy images,
random noise of mean=0 and standard deviation=10 was added
to the shaded images of Figure 12. The noisy 1images are
shown in the second row of Figure 12. The reconstructed
surface by our method is shown in Figure 13. The RMS
difference between the original surface and the
reconstructed surface is 2.€7. As a comparisocn, Woodham's
method was implemented and was run on the same noisy images.
The reconstructed surface by Woodham's method is shown in
Figure l4. The RMS difference between the original surface
and the reconstructed surface is 5.82. These results show

that cur method is less sensitive to noise.
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Figure 11:

Portion of a spherical surface.
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Figure 12: Shaded images and noisy images of the surface of
Figure 11.
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Figure 14: The reconstructed surface by Woodham's method.
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Another experiment has been performed on the shaded
images of an egg. The images were taken with the camera

positioned directly above the egg and the light sources
positioned at (8,4)=(90°9,90°), (8,0)=(90°9,459), and

(8,6)=(0°,45°) . The corresponding images are shown in Figure
15. The recovered surface is shown in Figure 16. The result
is considered satisfactory because the light source used was
not a point 1light and the illumination angles measured may

differ from the true angles by as much as +10°.

In additional to the above experiments, images of a more
complex object were also used in testing the photometric
stereo method. Three shaded images were obtained by
illuminating the object from (8,6)=(90°,90°),
(8,6)=(90°9,60°), and (8,6)=(0°,60°). The shaded images are
shown in Fiqure 17. Since the object is composed of
different types of surfaces, the smoothness constraint was
not expected to hold at locaticns where these surfaces met.
Thus, an edge operator was first used to detect these
discontinuities, and the shape-from-shading method was only
applied to locations where no discontinuity was detected.
The reconstructed surface obtained by using the photometric

stereo method with a 5x5 window is shown in Figure 18.
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Figure 15: Shaded images of an egg.
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Figure 16: The reconstructed surface frcm the images of
Figure 15.
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Figure 17: Shaded images of a complex object.
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The reconstructed surface from the images of

Figure 18.

Figure 18:
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3.6  SUMMARY

Two methods to recover 3-D surface orientation from image
shading information have been presented. The first method
works in the single image domain and is posted as a
non-linear optimization procedure. Experiments have been
performed on synthetic and real images and the results are
found to be satisfactory. Since inherent ambiguity exists
in the image, the optimization procedure may 1lead to
undesirable or multiple solutions. By using additional
boundary constraints, good initial estimates are cbtained
for the optimization process and the performance of the

method is improved.

By using additional images as constraints, the second
method linearizes the optimization process. Unique and
accurate solutions have been obtained by experimenting with
the second method on simple images. So far, the proposed
methods have been tested only on images which are obtained
from orthographic projection. Using perspective projection,
a possible extension of the shape-from-shading methed 1is
outlined in appendix A. In order for these methods to
handle perspective projection and more complex images, more

work needs to be done in the future.



Chapter IV

STEREO MATCHING

A major industrial application of computer vision systems
is in automatic inspection. One approach to such an
inspection task is a coordinated system that employs robot
arms with measurement devices for inspection along with a
stereo vision system that provides information tc a planner
that guides the robot arms [Sh84]. The functions of the
vision system are to determine the position of the objects
in the scene in relation to the camera(s) and to determine
the portion of object which the camera is viewing. The
first problem <can be solved by finding correspondences
between features extracted from the stereo pair of images.
The second problem can be approached by matching structures
extracted from the images to parts in a three-dimensicn
description of the object to be inspected. One such object
model can be found in [Sh83] which employs a hierarchical

relational model to describe a complex F-15 bulkhead.

A stereo approach to automatic inspection must solve the
following problems. First, how are structures in the images
to be extracted? In particular, we are interested in
extracting structures which are useful for finding

correspondences between the images of the stereo pair and

65
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for matching structures in the three-dimensional object
model. To extract structures from an image usually involves
some kind of segmentation procedure. Unfortunately, none of
the existing segmentation technique seems to produce
satisfactory results. 1In the first part of this chapter, we
will describe a scheme for extracting line-like and
surface-like structures which are used frequently in
modeling three-dimensional objects [Sh83]1. This scheme is
essentially a combination of many of the existing
segmentation techniques. Experiments show that this scheme

produces improved results over the existing techniques.

The second problem is to find correspondences between
structures in the stereo pair. Most existing stereo matching
techniques use local features as primitives for matching.
Although continuity constraints are imposed in some systems
to resolve ambiguity, it seems that the use of local feature
is far from adequate. In the second part of this chapter, we
will propose a stereo matching technique based on matching
higher-level primitives such as arc segments, region
segments and topographic structures. The problem of matching

extracted structures to a stored model is beyond the scope

of this work.
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4.1 FEATURE EXTRACTION

The goal of early visual processing 1is to extract a rich
symbolic representation of the gray tone intensity changes
in an image. Marr [Ma76] names this representation primal
sketch. It is important for the primal sketch to capture
all gray tone intensity variations in an 1image because any
intensity changes can be related to <changes 1in scene
characteristics such as surface orientation, surface
discontinuity, surface reflectance and illumination. Marr's
primal sketch relies solely on a special form of intensity
changes which are detected as zero-crossings of the
Laplacian of a Gaussian filtered image [(Ma80].
Unfortunately, the use of edges alone can not provide a rich
enough description for.intensity changes, since it fails to
account for smooth intensity changes or shadings which

frequently appear in images of curved surfaces.

Haralick [Ha83] proposed a rich and robust representation
for all types of two-dimensional intensity variations. This
representation is called the topographic primal sketch. We
will describe here a feature extraction scheme which
extracts topographic structures such as edges, ridges,
valleys and hillsides. Notice that edge is included in the

set of topographic structures. Edges, which usually
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correspond to sharp changes in gray tone intensities, are
used to describe the basic structure of an image. The rest
of the topographic structures are used to describe the
intensity variaticns within regions which are extracted as
connected sets of non-edge structures. In the first part of
this section, a segmentation scheme 1is used to construct
edge structures and regions (or non-edge structures). The
second part of this section will give a detailed discussion

of the topographic labeling process.

4.1.1 Edge and Non-edge structures

Many segmentation schemes have been studied through two
main approaches: edge analysis and region analysis.
Unfortunately, edge operators are usually too sensitive to
noise while region growers usually grow too far and do not
always produce good region-object boundary correspondance.
In this section, an edge-based segmentation procedure is
described. We choose to use an edge-based segmentation
scheme because structures extracted here will have important
impacts on the outcome of the stereo matching which is to be
done in a later stage. It is generally agreed
([Ba8ll,[Me83]) that edge-based stereo matching gives mcre
accurate results, therefore, it is important to position

edges at more precise locations.
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The segmentation process can basically be outlined as
follovs:
1. detect raw edge elements by a local edge operator;
2. extract arc segments by 1linking fragmented edges and
cleaning noisy edges; and
3. assemble non-edge pixels into regions by a connected

components algorithm.

4.1.1.1 Extracting Edge Elements

Edge detection was pioneered by Roberts [Ro65]. A
comprehensive survey of edge detection can be found in
[Da75]. A set of edge detection criteria that capture the
desirable properties of an edge operator is formulated in
[Ca83]. A comparison of the various edge operators is given
by Haralick [Ha84]. Based on the results of [Ha84],
Haralick’s second directional derivative edge operator was
selected for our initial edge detection process. A precise
mathematical definition of the operator can be found in

[Fag4al.

The idea of the facet model ([{Ha80] and [Eafll) 1is used
in Haralick's edge operator. The facet model is a model for
image data. t assumes that image intensity values are

noisy <campled observations of an underlying intensity
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surface. Thus, any interpretaticn made on the basis of a
neighborhood of pixel values should be understood through
the analysis of its underlying intensity surface. To
determine whether or not a pixel should be marked as an edge
pixel, its underlying intensity surface must be estimated on
the basis of the pixel values in its neighborhood. For this,
a least squares fit with a functional form consisting of a
linear combination of the tensor products of discrete
orthogonal polynomials 1is used. The highest order tensor
product we currently use is cubic. The required directional

derivatives are easily computed for this class of function.

Pixels which are part of regions have simple gray tone
intensity surfaces over their areas. Pixels which have an
edge in them have complex gray tone intensity surfaces over
their areas. Specifically, an edge occurs in a pixel if
there 1is some point in the pixel's area having a =zero
crossing of the second directional derivative taken in the
direction of a non-zero gradient at the pixel's center. The
results of the second directional derivative edge operator

applied to the images of Figure 19 are illiustrated in Figure

20.

Although the second directional derivative zero-crossing

edge operator is less sensitive to noise than the classical
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Figure 19: Stereo images of a F-15 bulkhead.
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Figure 20: Edges detected from the images of Figure 19.
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gradient edge operators, it still preoduces undesired and
fragmented edges for a complex and noisy image such as the
one shown in Figure 19. Moreover, industrial objects often
consist of shiny metallic parts. Specular reflection creates
further problem in edge detection. In order to obtain more
meaningful edge structures, a procedure 1is proposed for
extracting arc segments by 1linking fragmented edge segments

and cleaning noisy edges.

4.1.1.2 Extracting Arc Segments

Edge cleaning and edge linking are two difficult problems
which may 1lead to conflicting consequences. Edge cleaning
tends to create wider gaps between already broken edges.
Linking noisy edges often results in more undesired edges.
An attempt is made here to give an even-handed treatment of
both. The proposed technique is based on the observation
that true edges are usually detected as sequences of orderly
oriented pixels, while noisy edges are usually oriented in
some random manner. The idea behind this scheme is to first
link edge pixels into arc segments based on their detected
orientations; isolated or short segments will then be
deleted and a final gap filling scheme 1is used to create

closed boundaries.
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The edge linking process attempts to link together edge
pixels which are detected as edges with similar
orientations. This edge 1linking process is in some sense
similar to Burns et al's [Bu84] method for extracting
straight lines. Our approach is more powerful than theirs in
the context that our method extracts arc segments other than
straight lines. 1Instead of estimating edge orientation by a
2x2 mask as in [Bu84], we compute edge orientation directly
from the facet fitting coefficients. Specifically, edge
orientation is defined to be the direction perpendicular to
the direction which extremizes the first directional
derivative. A region growing scheme 1is employed for the
edge linking process. This region growing scheme differs
from the traditional region growing scheme in that the
similarity measure is derived directly from edge orientation
instead of from gray level intensity and that the resulting

regions are long-thin edge regions.

An image is scanned left-to-right and top-to-bottom. Each
edge pixel's orientation is compared to the mean orientation
of all its neighboring edge segments. An edge segment is
selected such that its mean orientation is closest to the
edge pixel's orientation. The edge pixel is merged into the
edge segment provided that their orientations are not too
different. If no merging is possible, the edge pixel starts

a new segment.
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One way to - detect closeness between edges 1is to compute
the differencel between the two orientations. A more
sophisticated approach is to employ statistical testing. Let
% and S2 be the mean and variance of the orientation of an
edge pixel with n pixels and x be the orientation of the
pixel to be tested. By assuming that the orientations c¢f the

n pixels in the edge segment and the pixel to be tested <ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>