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Abstract

A model-based vision system attempts to {ind a corre-
spondence between features of an object model and
features detected in an image. Most feature-based
matching schemes assume that all the features that
are potentially visible in a view of an object will ap-
pear with equal probability. The resultant matching
algorithms have to allow for “errors” without really un-
derstanding what they mean. PREMIO is an object
recognition/localization system under construction at
the University of Washington that attempts to model
some of the physical processes that can cause these
“errors”. PREMIO combines techniques of analytic
graphics and computer vision to predict how [catures
of the object will appear in images under various as-
sumptions of lighting, viewpoint, sensor., and unage
processing operators. These analytic predictions are
used in a probabilistic matching algorithm to guide
the search and to greatly reduce the search space. In
this paper, which 1s a discussion of work in progress,
we describe the PREMIO System.

1 Introduction

The design of a model-based vision svstem able to rec-
ognize and locate an object in an image is an arduous
process that involves trial and error experiments and
requires a great deal of expertise {rom the designer.
The automation of the design process is highly desir-
able; it would produce more effective procedures in less
time, reducing the software cost of vision systems and
expanding their use. Although previous work on au-
tomating the design of vision systems have had some
success (6, 4, 16, 12, 17], there is still much work to
be done on the object recognition and pose estimation
problems. We believe that most of the limitations of
the previous systems can be removed by the use of
a more realistic model of the world. Hence, a better
way of representing the interactions between the ob-
ject representation schemes and the light sources and
sensor properties must be found.

An example of the difficulties that a working vision
system must address is illustrated in figure 1. Figure
1 (a) shows a grayscale image of a scaled-model of the
satellite “Solarmax”. Figure 1 (b) shows a naive pre-
diction, which does not take into account the lighting
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and sensor characteristics of the edges that would be
detected by an edge detector applied on the image of
figure 1 (a). Figure 1 (c) shows the actual output of
an edge detector where several of the predicted edges
are fragmented or missing altogether. Knowledge of
the degree to which each edge boundary might break
up under different lighting and viewing conditions is
essential. This knowledge ensures that the inductive
matching phase does not have incorrect expectations
that cause the search to look for something that does
not exist and that the deductive hypothesis verification
phase can employ a proper statistical test in which as-
sumptions about what should be there match the real-
ity of what is there.

2 PREMIO: A Model-Based
Vision System

Most feature-based matching schemes assuine that all
the features that are potentially visible in a view of
an object will appear with equal probability. The re-
sultant matching algorithms have to allow for “errors”
without really understanding what they mean. PRE-
MIO (PREdiction in Matching Images to Objects)
is an ob ject recognition/localization system under con-
struction at the University of Washington [8] that at-
tempts to model some of the physical processes that
can cause these “errors”. PREMIO uses CAD mod-
els of 3D objects and knowledge of surface reflectance
properties, light sources, sensors characteristics, and
the performance of feature detectors to build a model
called the Vision Model. The Vision Model is used to
generate a model called the Prediction Model that is
used to automatically generate vision algorithms. The
system is illustrated in Figure 2. PREMIO’s Vision
Model is a more complete model of the world than the
ones presented in the literature. It not only describes
the object, light sources and camera geometries, but it
also models their interactions. The Vision Model has
five components: (1) a 3D topological model of the pos-
sible objects, describing their geometric properties and
the topological relations between their faces, cdges,
and vertices; (2) a surface physical model, formed by
a general model of the light reflection of surfaces and
the physical characteristics describing their materials;
(3) alight source and sensor geometrical model, repre-
senting their configuration in space; (4) a light source

L T T



C.AD.
System

Prediction X
Vision Model

L Automatic
Prediction Procedure
Model Generator

Images

Maichin
Procedurd

(a) Solarmax grayscale image. Object identity mm Reliability
Position g, Accuracy

Figure 2: PREMIO: A Model-Based Vision System

and sensor physical model, describing their physical
characteristics, and (5) a detector model describing
the performance of the feature detectors available to
the system.

The system has two major subsystems: an offline
subsystem and a online subsystem. The oflline sub-
system, in turn, has three modules: a Vision Model
gencrator, a feature predictor, and an automatic pro-
cedure generator. The Vision Model generator trans-
forms the CAD imodels of the objects into their topo-
logical models and incorporates them into the Vision
Model. The feature predictor uses the Vision Model
to predict and evaluate the features that can be ex-
pected to be detected in an image of an object. The
L . . output of the Prediction Module is organized as the
(b) Edge prediction without taking Prediction Model. The automatic procedure generator

lighting and sensor into account. takes as its input the Prediction Model and generates

the matching procedure to be used. The online sub-

system consists of the matching procedure generated

by the offline subsystem. It uses the Vision Model,

the Feature Prediction Model, and the input images,
. first, to hypothesize the occurrence of an object and
estimate the reliability of the hypotheses, and second,
to determine the object position relative to the camera
and estimate the accuracy of the calculated pose. We
discuss each in turn.

3 The Vision Model

The Vision Model in a machine vision system is a rep-
resentation of the world where the system works. A
representation is a set of conventions about how to de-
scribe entities. Finding an appropriate representation
is a major part of any problem-solving effort, and in
particular in the design of a machine vision system.
The entities that must be described by our represen-
tation of the world are the objects to be imaged and

(c) Output of an edge operator.

Figure 1: Problems in Feature Prediction.
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the characteristics that these images will have. These
characteristics depend on: the geometry of the object;
the physical characteristics of the object surfaces; the
position of the object with respect to the sensors; the
light sources and other objects; the characteristics of
the light sources and the sensors, and ultimately, the
characteristics of the device that “observes” the image.

3.1 Object Models

PREMIO assumes that it has available PADL2 CAD
models of all the possible objects to be imaged. PADL2
is a constructive solid geometry (CSG) modeler de-
signed by H. B. Voelcker and A. G. Requicha at the
University of Rochester. Its primitives are spleres,
cylinders, cones, rectangular parallelepipeds, wedges
and tori.

PREMIO’s object model is a hierarchical, relational
model similar to the one proposed in [27]. The object
model is called a topological object model because it not
only represents the geometry of the objects but also the
relations among their faces, edges, and vertices.

The model has six levels. A world level that is con-
cerned with the arrangement of the different objects in
the world. An object level that is concerned with the
arrangement of the different faces, edges and vertices
that form the objects. A face level that describes a
face in terms of its surfaces and its boundaries. A sur-
face level that specifies the elemental pieces that form
those surfaces and the arcs that formi the boundaries.
Finally, a 1D piece level that specifies the elemental
pieces that form the arcs.

The type of surfaces that a PADL2 model can have
are the surfaces of its primitives: planes, spheres, cylin-
ders, cones and tori. To represent these surfaces PRE-
MIO uses the same representation that PADI2 uses:
an implicit mathematical expression that represents
the corresponding primitive in a “natural” coordinate
system that makes this expression as simple as possi-
ble. An object modeled with PADL2 can only present
boundary arcs that result from the intersection of its
primitives. To represent these curves we also f{ollowed
PADL?2 choice: a parametric expression for each coor-
dinate, with a range interval for each parameter, that
represents the curve in a “natural” coordinate system
that makes these expressions as simple as possible.

To create the topological object model {rom the
PADL2 model, PREMIO uses the boundary file rou-
tines provided by PADL2. These routines give access
to all the information concerning the face surfaces and
the boundary arcs of the objects, but do not provide
a direct way to extract the boundary, edge and vertex
information that we need. To find the boundaries of a
face, its arcs must be grouped together to form closed
loops. This can be done using the algorithm developed
by Welch [31] to find closed loops in an undirected
graph. At the same time the edge and the vertex in-
formation can be updated. The edge relation provides
a way to relate two faces that have an arc in common,
while the vertex relation relates all the arcs that have a
vertex in common. These two relations are very useful
in the prediction of image features.
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3.2 Object Surface Model

Given the physical properties of a material, it is possi-
ble to predict the properties of images of this material.
Different materials reflect the light in different ways,
producing different intensity values in the image. A
reflection model of a surface is a series of equations
designed to predict the intensity values of points in a
scene. Given the light sources, the surface, and the po-
sition of the observer, the model describes the intensity
and spectral composition of the reflected light reach-
ing the observer. The intensity of the reflected light
depends on the intensities, sizes, and positions of the
light sources and on the reflecting ability and surface
properties of the material. The spectral composition of
the reflected light depends on the spectral composition
of the light sources and on the wavelength-selective re-
flection of the surface.

The light reflected by a small region of a material can
be broken down into three components: ambient, dif-
fuse and specular. The ambient component describes
the amount of light reaching the surface by reflection
or scattering of the light sources or other background
illuminators. Usually, ambient light can be assumed to
be equal for all points on the surface and is reflected
equally in all directions.

Most real surfaces are neither ideal specular (mirror-
like) reflectors nor ideal diffuse (Lambertian) reflectors.
Buchanan [7] has evaluated several reflectance models
and concluded that Cook and Torrance’s model [10] is
the most accurate when the incident light is completely
unpolarized. Iowever, in general light is partially po-
larized. Yi [32] derived an extension of Cook’s model
for polarized light. PREMIO uses this model.

3.3 Light Sources and Sensors Models

Image formation occurs when a sensor registers radia-
tion that has interacted with physical objects. Hence,
it is important to include the light sources and sen-
sor models in our vision model. A light source model
must describe its position in space, its size and shape,
and its wavelength components. A sensor model must
describe its position in space, its response to the radi-
ation input, and its resolution. In the offline system
of PREMIO, the sensor and the light source positions
are known. The sensor and light sources are placed on
the surface of a sphere centered at the origin of the
object coordinate system, called the reference sphere.
The points on the reference sphere constitute a con-
tinuous viewing space. The viewing space is sampled
[32] in a way such that the distance between any two
neighboring points in the discrete viewing space is ap-
proximately the same.

The image intensity of a given point P in a given
surface is given by [32]:

I= / CSQ)dw N - L(Ry(N)Ji(X) + RL(N)IL(A)dA
(1)

where N is the unit normal to the given surface at P,
L is the unit vector in the direction of the light source
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from P, C is the lens collection factor, S is the sensor
responsivity, @ is the spectral distribution of the illu-
mination source, w is solid angle, Jl‘i and Ji are the
illumination intensities of the parallel and perpendic-
ular polarized incident light, and R) and R, are the
bi-directional functions for the parallel and perpendic-
ular polarized incident light.
The lens collection factor, C, is given by [32]:

(2)

2
C= %(%) cosa .

where f is the focal distance of the lens, a is the diame-
ter of the lens, and « is the angle between the ray from
the object patch to the center of the lens. The sensor
responsivity S, is in general a function of the wave-
length of the incident light. However, for monochro-
matic sensors it can be approximated to one, regardless
of the wavelength of the incident light.

4 Feature Prediction Module

Given a vision model representing the world, the goal
of the prediction module is threefold: (1) it has to
predict the features that will appear on an iinage taken
from the object from a given viewpoint and under given
lighting conditions; (2) it has to evaluate the usefulness
of the predicted features, and (3) it has to organize
the data produced by (1) and (2) in a efficient and
convenient way for later use. OQur approach to this is
analytic.

4.1 Predicting Features

There are two different approaches to the use of CAD-
Vision models for feature prediction: synthetic-image-
based prediction and model-based feature prediction.

Synthetic-image-based feature prediction consists of
generating synthetic images and extracting their fea-
tures by applying the same process that will be applied
to the real images. Amanatides [1] recently surveyed
different techniques used in realistic image generation.
A particularly powerful technique used to achieve re-
alism is ray casting: cast a ray from the center of pro-
jection through each picture element and identify the
visible surface as the surface that intersects the ray
closer to the center of projection. Bhanu et al [3] used
ray casting to simulate range images for their vision
model.

Model-based feature prediction uses models of the
object, of the light sources and of the reflectance prop-
erties of the materials together with the laws of physics
to analytically predict those features that will appear
in the image for a given view without actually generat-
ing the gray-tone images. Instead, only data structures
are generated. This is a more difficult approach, but
it provides a more computationally efficient framework
suitable for deductive and inductive reasoning. This is
the approach used by PREMIO.
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4.2 Model-Based Feature Prediction

The model-based feature prediction task can be di-
vided into three steps: The first step is to find the edges
that would appear in the image, taking into account
only the object geometry and the viewing specifica-
tions. The result is similar to a wireframe rendering of
the object, with the hidden lines and surfaces removed.
The second step is to use the material reflectance prop-
erties and the lighting knowledge to find the contrast
values along the edges in a perspective projective im-
age, and to predict any edge that may appear due to
highlighted or shaded regions on the image. The third
and last step is to interpret and group the predicted
edges into more complex features such as triplets, cor-
ners, forks, holes, etc.

4.2.1 Wireframe Prediction

The problem of determining which parts of an object
should appear and which parts should be omitted is
a well-known problem in computer graphics. A com-
plete survey of algorithms to solve the “Hidden-Line,
Hidden-Surface” problem can be found in [29]. A par-
ticularly efficient way of solving this problem is using
an analytical approach, by projecting the object sur-
face and boundary equations onto the image plane and
determining whether the resulting edges are visible or
not. This approach obtains the edges as a whole, as
opposed to the ray casting approach, which finds the
edges pixel by pixel. The aim of the solution is to com-
pute “exactly” what the image should be; it will be
correct even if enlarged many times, while ray casting
solutions are calculated for a given resolution. Hence
this is the preferred method for our application.

In order to analytically predict a wireframe we need
to introduce the following definitions:

Def. 4.1 A boundary is a closed curve formed by
points on the object where the surface normal is dis-
continuous.

Def. 4.2 A limb is a curve formed by points ou the
surface of the object where the line of sight is tangent
to the surface, i.e. perpendicular to the surface normal.

Def. 4.3 A contour is the projection of a limb or a
boundary onto the image plane.

Def. 4.4 A T-junclion is a point where two contours
intersect.

Def. 4.5 A cusp pointis a limb point where the line
of sight is aligned with the limb tangent.

The edges in an image are a subset of the set of
contours. A piece of a contour will not appear in the
image if its corresponding boundary or limb is part of a
surface that is partially or totally occluded by another
surface closer to the point of view. Since the visibil-
ity of a contour only changes at a cusp point or a T-
junction point, it follows that to find the edges on the
image the following steps have to be taken: (1) find all
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the limbs and cusp points, (2) project the boundaries
and limbs to find the contours and all the T-junctions
and (3) determine the visibility of the contours by find-
ing the object surface closest to the point of view at
each T-junction and cusp point.

Finding Limbs and Cusp Points

To find the analytical expressions for the limbs and
cusp points, PREMIO uses an approach similar to the
one used in [22], but designed for PADL2-modelable
objects instead of generalized cylinders.

Let Py with object coordinates (X, Yy, Zp) be the
projection center and let P with object coordinates
(X,Y,Z) be a point on a limb on the surface S defined
by the implicit equation f(X,Y,Z) = 0. Then, the
vector of sight ¢ from Py to P is given by:

T=(X-X0,Y -Yo,Z - Zp) (3)
and the normal N to the surface S is given by:

- (8f of 6f)

=\ax v 3z (4)

In order for P to belong to the limb curve, P must
be on the surface S and the line of sight must be per-
pendicular to the normal N at P. Hence the limb

equations are given by:
{ 7-N
f(X,Y,2)

Once the limb equations are solved, a limb can be
expressed 1n a parametrized form:

i

0 (5)

{ Y = Y(t) tmin S t S tma.r (6)
7 = Z(t)

Then, the tangent vector T to the limb is given by:

~ 8X 8y 87
T=|—-——, = 7
( at " ot ot ) (7)
Since a cusp point C is a limb point where the line of
sight is aligned with the limb tangent, its coordinates
must satisfy the following equations:

Txé = 0
X = X()
Y = },(t) tiin S t S Lnar (8)
Z = Z()

This procedure is performed in O(s) time where s is
the number of curved surfaces of the object.

Finding the contours and T-junctions

To find the contours, the limbs and boundaries of
the object are projected onto the image plane; to find
the T-junctions the intersections of the contours are
found. The intersection detection problem for n pla-
nar objects has been extensively studied and it can be
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solved in O(n log n+s) time [23], where s is the number
of intersections. In our case, the objects are the set of
contours. For PADL2 primitives, the limb curves are
either circles or straight lines, while the boundaries can
be either straight lines, conics or more complex curves.
Since the perspective projection of a straight line is an-
other straight line, and the perspective projection of a
conic is another conic, we can find a closed form so-
lution for the intersections between the contours that
result from projecting straight lines and conics. To find
other type of T-junctions, a numerical approach must
be used.

Determining Visibility

The next step is to determine the edges and surfaces
that are hidden by occlusion. Appel [2], Loutrel [19],
and Galimberti and Montanari [11] have presented sim-
ilar algorithms for analytical hidden line removal for
line drawings. They define the guantitative invisibil-
ity of a point as the number of relevant faces that lie
between the point and the camera. Then, the prob-
lem of hidden line removal reduces to computing the
quantitative invisibility of every point on each relevant
edge. The computational effort involved in this task is
dramatically reduced by the fact that an object’s visi-
bility in the image can change only at a T-junction or
at a cusp point. At such points, the quantitative in-
visibility increases or decreases by 1. This change can
be determined by casting a ray through the point and
ordering the corresponding object surfaces in a “tooth-
pick” manner along the ray. Hence, if the invisibility
of an initial vertex is known, the visibility of each seg-
ment can be calculated by summing the quantitative
invisibility changes.

The quantitative invisibility of the initial vertex is
determined by doing an exhaustive search of all rel-
evant object faces in order to count how many faces
hide the vertex. An object face is considered relevant
if it “faces” the camera, i.e. its outside surface normal
points towards the camera. A face hides a vertex if
the line of sight to the vertex intersects the face sur-
face and if the intersection point is inside the boundary
of the face. To propagate the quantitative invisibility
from one edge to another edge starting at its ending
vertex, a correction must be applied to the quantita-
tive invisibility of the starting point of the new edge.
The complication arises from the fact that faces that
intersect at the considered vertex may hide edges ema-
nating from the vertex. This correction factor involves
only those faces that intersect at the vertex. For an
object with e edges, f faces, and with an average of 3
faces meeting at each vertex, the computational time
needed to remove its hidden lines using this algorithm
isO(f+2x3xe).

4.2.2 Using Material and Lighting Knowledge

Boundaries of objects show up as intensity discontinu-
ities in an image. A line segment that is potentially
visible in a set of views of an object may appear as a
whole, disappear entirely, or break up into small seg-
ments under various lighting assumptions depending
upon the contrast along the edges and the detector
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Figure 3: Feature and relationships example

characteristics. Hence, to complete the prediction pro-
cess PREMIO needs to calculate the intensity values
along the predicted wireframe.

The contrast at an edge point is computed as the
difference in the intensity of the reflected light from
two small neighboring patches at each side of the edge.
These intensities, in turn, are obtained by using ray
casting and the surface reflection model at a finite
number of points along the edges. To represent the
contrast along the edge, a contrast graph is fitted with
piece-wise continuous polynomials using a regression
analysis technique [32].

4.2.3 Interpreting and Grouping Features

A feature is an entity that describes a part of an ob-
ject or an image. Simple features such as edges can
be interpreted by themselves, or can be grouped to be
considered as higher-level features. Matching percep-
tual groupings of features was suggested first by Lowe
[20]. Henikoff and Shapiro [15] have found nseful for
object matching arrangements of triplets of linc seg-
ments called inieresting patterns. Other uselul high-
level features are junctions, and closed loops [21].

In PREMIO a feature is an abstract concept; it can
be a point, an edge, a triplet, a hole, a junction, or
a higher-level combination of any of these. A feature
has a type that identifies it, a vector of aitributes that
represent its global properties, and a real number be-
tween 0 and 1 called its strength. The strength is a
measurement of the confidence of the feature being of
a particular type.

A feature participates in spatial relationships with
other features. Each such relationship is represented
by a relational tuple, which consists of a typc specify-
ing the relationship and a vector of related fealures that
participate in that relationship. Associated with every
relational tuple of features there is a real number be-
tween 0 and 1 called the strengih of the relational tuple.
The strength is a measurement of the confidence of the
feature vector satisfying the specified relationship.

As a simple example, consider the parallelogram
shown in figure 3. It caun be described in terms of
its four sides and the relationships among them. In
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this case, the features are the four sides of the par-
allelogram 1y, I3, I3 and l4. Each side has associated
the attribute length and it is related to the other three
features by the relationships adjacent and parallel.

4.3 Evaluating Predicted Features

After a feature is predicted its potential utility must be
evaluated. PREMIO uses the concepts of detectability,
reliability and accuracy of a feature. The detectabil-
ity of a feature is defined as the probability of finding
the feature using a given detector on an image taken
with a given sensor. Therefore, its value depends not
only on the feature, but also on the sensor and detector
models. The reliability of a feature is the probability
of correctly matching the detected feature to the cor-
responding one in the model. Two features that look
very similar to each other, should not be considered as
very reliable since each of them can be mistakenly iden-
tified as the other. In general, the reliability is closely
related to the distinguishability power of the feature;
i.e. a unique feature immediately matches the model,
and therefore is highly reliable. The feature accuracy
is a measure of the error or uncertainty propagated
from the detected feature to a geometric property of
the object. This means that if, for example, we delect
a straight line in the image, we want to bound the error
of its location and orientation. Hence, the accuracy is
calculated taking into account the sensor and detector
models.

4.4 Output of the Predictor Module

For a given object and a given configuration of light
sources, and sensors, the output of the predictor mod-
ule is a hierarchical relational data structure similar to
the one defined in section 3. This structure is called a
prediction of the object. Each prediction contains a set
of features, their attribute values such as detectability,
reliability, and accuracy, and their originating three-
dimensional features. The prediction has at least five
levels: the image level, an object level, one or more fea-
ture levels, an arc level and a 1D piece level. The image
level at the top of the hierarchy is concerned with the
imaging conditions that generated the prediction, the
general object position, and the background informa-
tion. The object level is concerned with the different
features that will appear on the image and their inter-
relationships. The feature levels describe the features
in terms of simpler features, down to the arc level. The
arc level describes the arcs in terms of 1D pieces. Ti-
nally, the 1D-piece level specifies the elemental picces
that form the arcs.

5 Using Prediction in
Matching

The predictions that PREMIO produces are powerful
new tools in recognizing and determining the pose of a
3D object. In order to take advantage of these tools, we
have developed an entirely new matching algorithm, a




branch-and-bound search that explicitly takes advan-
tage of the probabilities obtained during the predic-
tion stage to guide the search and prune the tree. The
matching algorithm represents a large theoretical ef-
fort that is actually independent of the PREMIO sys-
tem, and it is fully described in [9]. The algorithm has
been implemented as a C program and tested indepen-
dently on data specifically generated to fit the abstract
paradigm for the probabilistic search.

The matching algorithm can be thought of in two

ways, as a relational matching algorithm and as a con-
strained branch-and-bound search. The theory behind
branch-and-bound search is well known [18]. Rela-
tional matching has been expressed in several different
formalisms. Early papers concentrated on graph or
subgraph isomorphisms [30]. This led to many algo-
rithms for discrete relaxation and the introduction of
probabilistic relaxation [24]. The exact matching prob-
lem was generalized to the consistent labeling plob]em
[14] and to the inexact matching problem [26]. This
was extended further to the problem of determining the
relational distance between two structural descriptions
[28, 25]. Some recent related work includes structural
stereopsis using information theory [5] . The present
algorithm differs from all of these in its attempt to pro-
vide a solid theoretical probabilistic framework for the
matching problem and the search.

5.1 Definitions and Notation

Models and images are represented by their features,
the relationships among them, and the measurements
associated with them. As in the consistent labeling
formalism [14], we will call the image features units
and the model features labels. The matching algorithm
must determine the correspondences between the units
and the labels. Formally, a model M is a quadruple M
=(L,R, fr, gr) where L is the set of model features or
labels, R is a set of lelatlonal tuples of labels, [ is the
attribute-value mapping that associates a value with
each attribute of a label of L, and gpg is the strength
mapping that associates a strength with each relational
tuple of R. Similarly, an image Iis a quadruple T =
(U,S, fu,gs) where U is the set of image features or
units, S is a set of relational tuples of units, fy is the
attribute-value mapping associated with U, and gs is
the strength mapping associated with S.

The relational matching problem is a special case of
the pattern complex recognition problem [13]. An im-
age 1s an observation of a particular model. Let M =
(L, R, fr,9r) be the model, and T = (U, S, fis, 45) be
the observed image. Not all the labels in /. partici-
pate in the observation, only a subset of labels // C L
is actually observed. Furthermore, only the relational
tuples of labels representing rclationships among labels
in H can be observed, and only a subset of them are
actually observed. The set U consists of the unrecog-
nized units. Some of the units observed in U come from
labels in H; others are unrelated and can be thought
of as clutter objects.

The relational matching problem is to find an un-
known one-to-one correspondence h: L — U between a
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subset of L, H, and a subset of U, associating some la-
bels of L with some units of U. The mapping A is called
the observation mapping, and it must satisfy that the
number of labels associated with units and the num-
ber of relations preserved in the observation are max-
imized. Notice that the matching process consists not
only of finding the model M, but also of finding the
correspondence h and its domain H, which are the ex-
planation of why the model M is the most likely model.
In general we seek to maximize the a posteriori prob-

ability P(M, h I).
probability of the model being M and the observation
mapping being h, given that the image I is observed.

The relational matching problem requires a search
procedure that can identify the model M and the map-
ping h such that P(M, h‘l

lational maiching cost of an observation mapping h,
C(M, h,I) is defined by,

That is, we want to maximize the

) is maximized. If the re-

c(M,h,1) = ~log P(M,h,1) , (9)

then maximizing P(]\I, h, I) is equivalent to minimize

the relational cost of h.

The relational cost C can be broken down into five
terms, each one representing a different aspect of the
cost of the mapping [9]:

c(m, h,I) =Cp+Cy+Cs+Cpy +Cps, (10)

where
Cn = —logP(M )
Cy = —logP(UhM)
Cry = —logP(fulU, M),
Cs = —logP( UM, h),
Cps = —logP(g5|U,fU,M,h).

The cost Cps 1s the model cost. This is the cost
associated with the model being considered, and it pe-
nalizes the selection of models whose prior probability
of occurring, P(M), is low.

The costs Cyr and Cy,, are the label-unit assignment
costs, and they evaluate how well the labels and units
match through the mapping h. Cy is the part of the
cost that penalizes for the differences of sizes between
the set of observed features U and the set of features of
the model L. Cy, is the part of the cost that penalizes
the “differences” between labels and their correspon-
dent units. The costs Cy and Cy,, are given by [9]:

Cy
Cfu

—logky — Nylogksqy
—tog (P(olfu o, fuy,)[M)) (1)




where Ny = #L +#U - 2#H, k; >0and 0 < gy < 1
are constants and are determined for each model from
the predictions using regression analysis techniques, p
is a suitable metric function, fy o h is the composition
of fy with h, and fr|,, represents the attribute-value
mapping fr restricted to the labels in the domain H.

The costs Cs and Cyg are the relational structural
costs and they evaluate how well the relationships
among the labels are preserved by the mapping h. Cg
is the part of the cost that accounts for the differences
between the set of observed relationships S and the
set of relationships of the model R. Cy is the part of
the cost that penalizes the “differences” between the
relational tuples of labels and their correspondent rela-
tional tuples of units. The costs Cs and C are given

by [9]:
Cs
Cgs

Il

—log k, — N, logq, ,
—log (P(P(h °gs, zm)lM)) ;o (12)

where N, = #(R~Soh ™)+ #(S—Roh), k, >0
and 0 < ¢» < 1 are constants and are determined for
each model from the predictions using regression anal-
vsis, So h~1 is the composition of S with the inverse
mapping of h, h=, Ro I is the composition of 1?2 with
h, p is a suitable metric function, and gs o /i is the
composition of gg with h.

5.2 Partial Matching

Finding the full mapping h would require a [ull tree
search. But, only a few correspondences between units
and labels are needed to hypothesize a match between
an object and a model and to estimate the object’s
pose. The number of correspondences needed is de-
termined by the number of degrees of freedom that
the matched features fix. Instead of finding the entire
mapping h, we would like to find a partial match m
that is a restriction of h, in the following sense:

Def. 5.1 Given two one-to-one mappings & and m,
such that Dom(m) C Dom(h), and m(l) = h(l) for all
1 € Dom(m), we say that the function h is an ezten-
sion of the function m, and that the function m is a
restriction of the function h. The order of the exten-
sion h with respect to m is the difference between the
cardinalities of the sets Dom(h) and Dom(m).

Let m: L — U be a partial mapping assigning some
labels to some units. The mapping m partitions the
sels of features L and U into the set of used features in
the match and the set of residual features - i.c., those
not used In the match. Figure 4 gives a diagram of
the sets L and U showing the partitions induced by a
partial match m.

Let L¥ be the set of used labels, L™ the set of resid-
ual labels, U¥ the set of used units, and U" the set
of residual units induced by the partial mapping m.
Consider the set E; = {ext;(m)}, of all the possible
extensions of m of order j that assign some labels to
some units. The maximum possible order of an exten-
sion of m is given by: J = min{#L", #U"} . The set
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ual

Figure 4: Partition of the sets of features induced by
a partial match.

E = {ext(m)} of all possible extensions of m can be
expressed as the union of all the extensions of different
orders: E = o¢jcy Ej, and its cardinal is given by:

#L7 ) [ #UT )
j j I
The probability that the “true” observation mapping

h is an extension of a partial mapping m — that is the
probability that the observation mapping h that max-

imizes the probability P(M, h,I) belongs to the set

i=J

#E=)

j=0

E = {ext(m)} of all possible extensions of the partial
mapping m 1s given by [9]:

Py -Ps Py, - Py
P(M,(m,L“),heE,I): M TSty s

Py*
(13)
where,
Py = P(M)
ji=J
Py = k) #Ejq™
ji=0
i=J
PS = kjk,.quNfJ' Z q,.N"
j=0 hi€E;
i=J
Pr, = ky Zq/NU Z P(/’(fuOhi,fr.|,,')1M)
7 =0 hi€E;
i=J
P“;5 - kuQlej Z P(P(hiogSygﬂ)’A/I)
j=0 hi€E;
Ny = #LT+#U" =25
Ny = #(R—Sohi')+#(S—Roh;).

Although the terms Ps, P;,, and P,. cannot be
calculated unless all the possible extensions h; € E

rm I ' I



Figure 5: Partition of the sets of relational tuples in-
duced by a partial match.

are considered, they can be upper bounded by values
depending only on m and not on its extensions [9].
These upper bounds can be found by noticing that
the partial mapping m induces a partition of the sets
of relational tuples S and R into three types of sets:
the set of used relational tuples, the set of partially
used relational tuples, and the sets of residualrelational
tuples, depending on whether all, some, or none of the
features in the feature vector of the tuple have been
associated a correspondent through the mapping m.
Figure 5 gives a diagram of the sets R and S showing
the partitions induced by a partial match m. Then, it
can be shown [9] that

P(M, mh€E, I) < Pras (14)

where
=] N N
Pmar:PMkfer#E]qu]q; rmess (15)
j=0

where Nrmaa:j = #R+#S_Rmaxj "Smaa:j , and Hmarxj
and Spar; are the total number of relational tuples of
labels and units with at most j labels or units without
a correspondent in the mapping m.

5.2.1 Matching by Tree Search

The matching process can be thought of as a state
space search through the space of all possible interpre-
tations . The state space ¥ is called the maiching
space and it is defined as follows:

Def. 5.2 The maiching space, &, is the state space ol
all possible interpretations, in which each state ¢ 1s
defined by an observation mapping h, with degree of
match k, = #Dom(h,).

The search through the state space X can be
achieved by doing an ordered search on a tree 7 such
as the one shown in figure 6. Each node in 7 rep-
resents a unit and each of its branches represents an
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Search Space: All possible interpretations
Search State: A path in the tree

Figure 6: Search tree 7.

assignment of the unit to a label. A search state o in
¥ is represented by a path P in the tree 7. In the rest
of th~ paper, the terms “path” and “partial mapping”
will be used interchangeably.

A path P defines an observation mapping mp, and
it has an associated cost Cp = C(mp, M, I) defined in
equation (9). The matching process consists of find-
ing the path P* such that its associated observation
mapping mp- has the least cost.

A match can be found by using the well known
branch—and-bound tree search technique. In the stan-
dard branch and bound approach during search there
are many incomplete paths contending for further con-
sideration. The one with the least cost is extended one
level, creating as many new incomplete paths as there
are branches. This procedure is repeated until the tree
is exhausted.

5.2.2 Improved Branch—and-Bound Search

Branch and bound search can be improved greatly if
the path to be extended is selected such that a lower
bound estimate of its the total cost is minimal. Those
branches that have an estimated total cost greater than
the maximum cost allowed can be pruned.

Let m be a partial mapping and m; be an extension
of m. The relational matching cost of m, is given by

Cp, = —log P(M, my, I). An underestimate of C),,

is found by finding an upper bound of P(M,ml,l).

Let h* be the true observation mapping. Since h™ €
E is one of a set of disjoint events, the probability

P(M, m,h* € E, 1)

the probabilities of these events:

can be expressed as the sum of

P(M,m,h* € E,I) = P(M, h,~,1) .
h,€E

Hence, for an extension m; we have

P(M, ml,I) < P(M,m,h* € E, 1) < Pras . (16)




Step 1: Initialization.
Form a queue Qp of partial matches, and let Py be the
initial partial match.
Step 2: Iterate over current paths.
Until Qp is empty, do
Begin
P := FRONT(Qp)
m := partial mapping associated with P
Cyn := relational cost of m
Step 2.1: Test if P can be extended.
If the path P can be extended,
Begin
Step 2.1.1: Select next label.
LooE for two tuples, one from R and one
from S whose components are not all
matched, that are compatible. Two relational
tuples are compatible if they have the same
number of features and they agree on the
features that have been already matched.
The relational tuples that are partially
matched should be checked before than those
that are not.
Step 2.1.2 Extend the path
For eachu € UT, do

Begin
hy = patih m extended with the pair
,u).
P’ := path associated with the
mapping hi.
Ch, := relational cost of hy.
[p, := underestimate of the

cost of the extensions of h;.
Step 2.1.2.1 Compare with ¢.
If Ty <e
Begin
Step 2.1.2.1.1 Finished?
If FP(P'y =6 and Cp, <¢
Begin
P’ is a satisfactory match.
Exit .
End if.
Step 2.1.2.1.2 Add P’.
BACK(Qp) :=P'.
End if.
End for.
Step 2.1.3 Resort the queue.
Sort Qp by underestimated cost.
End if.
End until.
Step 3: End of Algorithm
Announce failure,

Figure 7: Matching Algorithm

The matching algorithm is given in figure 7. The al-
gorithm is being independently tested using controlled
experiments designed under a rigorous experimental
protocol [9]. So far, it has been tested on more than
4000 runs for models with five and seven labels, and
with ordered binary and ternary relational tuples. Fig-
ure 8 is a plot of the ratio of the number of paths
pruned to the total number of paths opened during
the search. The graph shows that the use of the un-
derestimate bound of the cost results in a high pruning
ratio (from 30% to nearly 80% of the tree), and hence
greatly reduces the computational time.

6 Summary and Future Work

Our research consists of two parallel activities: theoret-
ical developments, and test of the resulting theory by

B
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the implementation of the PREMIO system, which
is implemented as a set of routines with over 39000
lines of C language on a SUN system running Unix.
PREMIO has two major subsystems: an offline sub-
system and a online subsystem. The offline subsystem,
in turn, has three modules: a vision model genera-
tor, a feature predictor, and an automatic procedure
generator. We have proposed the use of a complete
model of the world, the Vision Model, that incorpo-
rates PADL2 CAD models, surface reflectance proper-
ties, light sources, sensors, and processing models to
symbolically predict the features that will appear on
the images of the objects being modeled. The pre-
dictions are organized in a Prediction Model that pro-
duces the knowledge base of the probabilistic matching
algorithm.

For the vision model, we have implemented a hier-
archical, topological representation of the objects in
the world, using as input their PADL2 CAD models.
The prediction module can now predict line segments
feature for objects with planar surfaces. The prob-
abilistic matching algorithm is being tested indepen-
dently using artificial data generated under a rigorous
experimental protocol. The results obtained so far are
promising in that a large percentage of the tree be-
ing searched is pruned by the matching procedure pro-
posed. The remaining work is to integrate the parts
of the system and test it on real image data. On the
basis of our results so far, we expect PREMIO, when
fully integrated, to solve many of the difficulties that
most CAD-based vision systems encounter.
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Abstract

This paper describes model-based methods to deter-
mine the region where a camera and light source should
be placed. We present new techniques that determine
the region of light placements that guarantee specified
object edges will be detected. These methods use geo-
metric models of the objects and the characteristics of
the camera, lens, digitizer, and edge detector to deter-
mine the region of acceptable camera and light-source
locations. Other recent work in automatic camera and
light-source placement is also described.

1 Introduction

One of the main limitations in applying machine vision
to industrial automation is the high cost of designing,
installing, and debugging each system. Developing a
successful vision system for a given task is as much
art as science, because it often depends on poorly un-
derstood “rules of thumb.” Furthermore, in current
practice it is all too common that a system must be
redesigned due to initial failure on installation.

To address these concerns, a few researchers
have recently begun investigating the relationship be-
tween a vision task and acceptable sensor configura-
tions for executing it. The ultimate goal of this line
of research is the ability use models of the objects and
a description of the vision task to generate a complete
vision system, including placement of the required sen-
sors and light sources and selection of appropriate im-
age analysis procedures (e.g., object recognition pro-
grams). Such a capability will form the core of future
systems for vision system design. For example, a vi-
sion system engineer could interactively evaluate many
alternative designs, each one of which is guaranteed
to satisfy the task requirements. Such operation is in
contrast to the current trial-and-error practice where
task requirements are sometimes overlooked, requiring
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costly system redesign. A second potential application
of this research is to control sensors on an autonomous
vehicle—e.g., to determine the appropriate sensor and
light-source locations for performing a visual inspec-
tion in the presence of environmental obstacles that
were not known a priori (and therefore could not have
been accounted for in any preplanned strategy).

Given computer-aided design (CAD) models of
a set of objects, a camera model and viewpoint, and
a light-source model and location, it is possible to cal-
culate the expected appearance of the objects. This is
precisely the approach taken in graphical simulation.
In contrast, we are developing techniques that use the
desired characteristics of the resulting image and a par-
tially specified sensor system to solve for the remaining
sensor parameters. In particular, this paper describes
methods for using models of polyhedral objects in con-
junction with models of the camera, light-source, and
surface reflectance to determine the three-dimensional
(3-D) regions where a camera and light source can be
placed to satisfy the requirements of a vision task. The
camera and light-source regions are calculated by find-
ing their bounding surfaces, thereby describing their
3-D shape. The remainder of this section describes
important considerations for CAD-based sensor place-
ment and summarizes prior work in the field. Section
2 describes methods for placing a given camera for a
vision task. Section 3 describes a method that inte-
grates camera and light-source placement and presents
a method for selecting the camera lens aperture set-
ting.

Limitations and Special Considerations

An important consideration in this research area is
the accuracy of model-based vision system configura-
tions. In particular, no model-based technique can
be expected to evaluate configurations to arbitrarily
fine accuracy because geometric models are not per-
fectly accurate. Imperfect models are even more of a




problem for predicting radiant flux from light sources,
surface reflectance, and camera sensitivity. There-
fore, precise and time-consuming calculations for sen-
sor placement are less important than fast, conserva-
tive approximations.! For example, it would not be
appropriate to use computationally intensive graphi-
cal rendering techniques, such as ray tracing, for ex-
haustive examination of all possible light-source and
camera locations.

When selecting an “optimum” camera or light-
source location, many criteria may need to be con-
sidered, such as convenient mounting, traffic patterns,
and access for maintenance. It would be extremely dif-
ficult to construct a system that accounted for all such
criteria. Consequently, we prefer techniques that cal-
culate entire regions where the camera and light source
may be placed, from which one or two are automati-
cally or interactively selected.

Related Work

A system for determining unoccluded camera locations
for a visual task was developed by Sakane et al. [1, 2].
Their technique is to choose the radius of a sphere cen-
tered on the object that is to be observed and to tes-
selate the sphere such that the centroids of the regions
on the spherical surface represent all possible camera
locations. For each location, graphical projection is
used to determine if the object is occluded. Groups of
adjacent tessels are combined into regions. The center
of the largest region is chosen as the desired viewpoint.

A method to synthesize the entire 3-D region
of acceptable camera locations for a visual task were
described by Cowan et al. [3, 4, 5. The technique
first generates a 3-D region satisfying each of the vi-
sual requirements: spatial resolution, field of view, fo-
cus, and visibility. A special-purpose representation is
then used for fast intersection of these regions to de-
termine the space of possible viewpoints for the visual
task. Improved methods for calculating the visibility
region using hierarchical object models were developed
by Tarabanis and Tsai [6]. These authors also devel-
oped methods to directly calculate the optical settings
for satisfying the spatial resolution for a vision task [7}.

Methods to automatically determine the loca-
tion for a light source based on the camera dynamic
range were developed by Cowan and Bergman [8].
These techniques are described in Section 3 of this pa-
per.

Sakane et al. developed a method for selecting
each location for a mobile light source in a photometric

!Conservative approximations guarantee that any calculated
solution is valid. Some valid solutions may exist outside the
region of calculated solutions.
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stereo system [9]. The technique constrained both the
camera and light source to enumerated locations on a
sphere. Pairs of light-source and camera locations were
evaluated to determine the best combination.

The ICE system was developed by Yi et al. [10]
to determine an optimal sensor and light-source config-
uration for a vision task. Their approach is to constrain
the sensor and light source to a sphere and formulate
the vision task as an optimization problem. Mathe-
matical programming techniques are used to maximize
the length of an edge that appears in the resulting im-
age.

2 Model-Based Camera
Placement

In this section we summarize our method to deter-
mine the region of acceptable camera locations using
CAD models of the objects. For a given set of ob-
ject surfaces, called the farget surfaces, the 3-D view-
point regions that satisfy the resolution, field of view,
focus, and visibility (nonocclusion) requirements are
determined. The 3-D region for each requirement is
found by calculating the locus of viewpoints where the
achieved performance equals the requirement. This lo-
cus is a surface forming the boundary of the region of
acceptable viewpoints. The intersection of these re-
gions is the space where the camera can be placed to
simultaneously satisfy all requirements.

Spatial Resolution

Given a minimum required spatial resolution on each
target surface, the camera must be placed within a re-
gion defined by the intersection of spheres. For each
sphere the diameter depends on the required resolu-
tion for the surface, and its center lies along the nor-
mal vector located at each vertex of the surface’s con-
vex hull [5]. For example, the viewpoint region that
satisfies the resolution constraint for a square surface
is simply the intersection of the resolution spheres for
the square’s four vertices. The region that simultane-
ously satisfies the resolution requirement for multiple
surfaces is the intersection of the resolution regions for
each surface.

Field of View

Since cameras have a limited field of view, there is a
surface of minimum distance, called the field-of-view
constraint surface, outside of which the camera’s field




of view is sufficient to contain all of the target sur-
faces. For the simple case of an orthogonal view of a
fixed planar surface, we determine the minimum cam-
era distance by observing that the image pixel array
and the minimum rectangle that bounds the surface
form similar triangles with respect to the lens center.
If we ignore perspective effects, which is appropriate to
do when using a telephoto lens, the minimum camera
distance is also valid for viewing directions that are not
orthogonal to the surface.

For target surfaces whose orientation is not
fixed, we calculate their minimum circumscribing
sphere and then find the field-of-view constraint such
that the entire sphere lies in the field of view. This
guarantees that the target surfaces will lie in the cam-
era field of view irrespective of their orientation.

Focus

For any camera and lens setting there is only one dis-
tance, called the focus distance, at which a point is
perfectly focused on the image plane. In addition, we
consider points within a range of distances to be in ac-
ceptable focus if the diameter of their blur circle is less
than the minimum pixel dimension [5]. This range of
distances is known as the depth of field (DOF). The
locus of viewpoints for which the extent of a target
surface S equals the DOF forms a constraint surface
in three dimensions—any viewpoint that lies farther
than the constraint surface also has sufficient DOF to
contain all of S. We use a simple iterative procedure
to calculate the constraint surface such that all of the
target surfaces are in focus.

Visibility

The visibility constraint is the requirement that all tar-
get surfaces must be completely visible from the se-
lected sensor location. The 3-D region of viewpoints
where an object, O, occludes a portion of a target sur-
face, S, is bounded by a set of planes generated by
combining the edges of O with the vertices of S. For
multiple occluding objects, we find the occluded view-
point region for each of these objects and then take the
union of the resulting occluded regions to obtain the
entire set of occluded viewpoints with respect to tar-
get surface S. The set of viewpoints that satisfies the
visibility constraint for observing S is the complement
of the set of the occluded viewpoints.
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Camera Placement Example

As an example task, consider the dimensional inspec-
tion of the 3 slots (10mm x 30mm) in the base of the
bracket shown in Figure 1(a) to a minimum spatial res-
olution of 1.5 pixels per millimeter. In this case, the
target “surfaces” are in fact rectangular holes in the
sheet metal. We compute the viewpoint regions that
satisfy the resolution, focus, field-of-view, and visibil-
ity constraints for the three slots. At run time a bi-
nary vision module provides the bracket location, and
the system then calculates the viewpoint region that
satisfies all of the constraints. The image obtained
from one such viewpoint is shown in Figure 1(k). The
polyhedral appearance of the regions is due to display
quantization.

3 Model-Based Light-Source
Placement

In this section we summarize our method for integrated
camera and light-source placement, then present new
light-placement techniques that guarantee that speci-
fied object edges will be detected by the image pro-
cessing system.

3.1 Lens Aperture Selection

The methods described in the previous section used a
given lens aperture (for calculating the focus require-
ment). In practice, however, we must relate the lens
aperture to the required illumination. We have there-
fore developed a four-step method for selecting an ac-
ceptable lens aperture.

1. Calculate the viewpoint region that satisfies the
resolution, field-of-view, and visibility require-
ments, as described in the previous section.

2. Find the maximum aperture diameter, anqz, for
which the focus constraint intersects region R, as
shown in Figure 2. This may be found by ex-
amining the quantized polar representation of re-
gion R, determining the largest aperture for each
ray through R, and keeping the global maximum.
Since @mqc is the largest usable aperture, it is re-
lated to the minimum scene brightness, or radi-
ance.

3. Determine the diffraction-limited aperture, ag,
that occurs when the angular separation of the
two first minima of the diffraction pattern corre-
sponds to the pixel size. That is, for pixel size, p,




(a) Bracket photograph. (b) Bracket model. (¢) Resolution constraint region.

/ A
[ \
)
(e) Field-of-View (f) Viewpoints satisfying
constraint region. constraints (c), (d), and (e).

(3

(g) Viewpoints from (f) (h) Bracket placed beside (i) World model and viewpoints
occluded by sides of bracket. obstacle in world. occluded by obstacle.

() World viewpoints that (k) Sample image obtained (1) Bracket, obstacle, and
satisfy all constraints. (looking over obstacle). camera for sample image.

Figure 1: Viewpoint Constraints for Inspecting the Dimensions. of Three Slots of a Bracket.
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TARGET

Figure 2: Choosing the Maximum Lens Aperture

and image plane distance, v, the following relation
holds:

v
ag = 2.44) - 1
d > (1)

This criterion is illustrated in Figure 3. Note its
magnitude is twice that of the Rayleigh criterion,
which is also arbitrary.

Because the actual camera location is not yet
known, the focus distance and hence the image
plane distance are also not known. A conserva-
tive estimate for a4 is found by assuming that the
camera is placed at the viewpoint in R closest to
the target (thus maximizing v).

Also of interest is aperture ag, the one for which
the focus region contains all of R. If ap is larger
than ag, then it is a good choice for the minimum,
@min, since smaller apertures do not result in addi-
tional freedom for locating the camera. Otherwise,
set amin to aq4.

4. Choose aperture a in the interval [@min, Gmaz)-
Since any value in the range will suffice, the actual
aperture is usually chosen on the basis of other
criteria. For example, larger apertures have less
stringent light requirements, but smaller apertures
have greater depth of field and typically reduce
the effects of some lens aberrations, e.g., spherical
aberrations. In our example cases, we choose the
largest possible lens aperture because of the low
power of the light source used.

After choosing an aperture, the final step in
camera placement is to calculate the region satisfying
the focus requirement for the chosen aperture and to
intersect it with the other requirements to find the re-
gion of acceptable camera viewpoints.
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Figure 3: Image Diffraction of a Distant Point

3.2 Light Placement for Camera Dy-
namic Range

Our current approach is to use a single point light
source and to model reflectance from each surface as
having a diffuse component that follows Lambert’s co-
sine law and a specular component forming a lobe
within an angular tolerance, v, of the perfect spec-
ular angle. That is, for each surface a fraction, p, of
the incident light is absorbed (heating the surface), a
fraction, pr, is reflected diffusely, and a fraction, pg, is
reflected specularly, where p4 + pz + ps = 1.

The 3-D region where a point light source can
be placed to achieve adequate illumination depends on
the dynamic range of the camera (the allowable interval
of irradiance at the camera, [E¢ min, FC,maz), In watts
per square meter). The scene radiance (brightness),
Ls, at every point is related to the image irradiance
(for the projection of that point) as follows:

4 Ec v\?
Ls= kw costa (E) ’ @)

where k is the fraction of light transmitted by the lens,
« is the angle from the camera’s principal axis, and a
and v are the lens aperture and image plane distance,
respectively.

Diffuse Reflectance

For a Lambertian surface, the scene radiance at ev-
ery point is proportional to the irradiance at that
point [11]. For an infinitesimal patch of such a sur-
face, it has been shown [8] that the distance of the
light source, r, is related to the camera irradiance:

Piotal kprL cosa a
=4 —————— (=) V )
A VA Ty (3) Veos ’

®3)



Figure 4: Region of Acceptable Light Locations for
Illuminating a Single Point.

where @441 is the total flux of the point source (in
watts) and 6 is the incident angle.

Note that minimum and maximum light source
distances at a given incidence angle are independent of
the distance between the camera and the target sur-
face. This is because the target surface area that each
camera pixel “sees” increases with the square of the
distance, cancelling the decrease in light intensity.

One may also observe that only 1 term in Equa-
tion 3 depends on the camera-to-target geometry—the
off-axis angle, . When using a long telephoto lens
the off-axis angle is negligible. For such a case, the
light-source distance must lie in the interval [ry, ry):

ry = KiVcos 8 , (4)
ry = KaVeos , (5)

where KX; and K are the same for all camera positions.
That is, the camera may be positioned independently
of the light source when a telephoto lens is used.

In summary, the 3-D region where a point light
source may be placed so that the diffuse reflection from
an infinitesimal surface patch is within the camera’s
dynamic range lies between 2 closed curves that are
proportional to the square root of the incident angle,
as shown in Figure 4.

For properly illuminating an entire surface, the
light-source region, R diffuse’ is the intersection of the
regions for all the infinitesimal patches on the surface.
This region can be calculated by intersecting the inte-
rior regions of the r; curves for the vertices of the sur-
face and subtracting the convex hull of the r, curves
for the vertices — as long as the light source is placed
within the intersection of the r; curves, all surface
points will receive sufficient illumination; as long as
the light source is outside of all the ry curves, no sur-
face point will appear too bright.

- T
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LIGHT-SOURCE
SPECULAR REGION

TARGET
Figure 5: Light Location Region where Specular Re-
flection Is Seen by Camera.

Specular Reflectance

Although specular reflections can sometimes be used to
advantage in machine vision tasks, we currently wish
to avoid specular reflection into the camera. Therefore,
we wish to calculate the light-source region, Rspecular’
where specular reflection is seen by the camera so that
we may subtract it from Rd:’ﬂuse' Consider the illu-
mination of a perfect mirror surface with a point light
source. The entire surface would appear dark from
the camera viewpoint, except that for some light po-
sitions a single bright point will appear in the image.
As previously described, we model the specular com-
ponent of reflection as a cone whose axis is the perfect
specular angle and has apex half-angle ¢. Figure 5
shows a cross-section of a specular surface, with re-
gion Rspecular shown as the shaded region. The dot-
ted lines illustrate the region that would result if ¢
were zero. Note that for any polygonal surface, re-
gion Rspecular can be found by connecting the spec-
ular light source directions of the polygon’s vertices,
including the angular tolerance .

3.3 Experiment

In order to test these methods, we have developed
a system having a camera on one robot arm and a
small incandescent light source (approximating a point
light source) on a second. The example object used to
demonstrate these methods is shown in Figure 6. This
object was chosen because it contains several gray lev-
els and because the surface reflectance has a significant
specular component. We model the top of the object
as a set of 4 polygonal surfaces. Although the sur-
faces have different spectral properties (i.e., they are
different colors), we currently treat them as grayscale
only. Similarly, we do not currently take account of the
spectral properties of the light source or of the camera.
The surface reflectance properties have been measured
as follows:




Figure 6: Example Object

TARGET
SURFACES
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Figure 7: Camera Viewpoint Region Satisfying the
Resolution, Field-of-View, and Focus Requirements.

¥
Light Gray .704 15°
Medium Gray  .563 15°
Dark Gray .469 15°

The camera viewpoint region shown in Figure 7
simultaneously satisfies the resolution, field-of-view,
and focus requirements for the object. For this ex-
ample, we simply choose the viewpoint at the centroid
of the region and use it to determine the possible loca-
tions for placing the light.

As described in the previous section, we deter-
mine the light location region by finding the lighting
regions for the vertices of the target. The light loca-
tion regions for three target surfaces are superimposed
in Figure 8. The size of the bounding shapes follows
the diffuse surface reflectance: the largest shape is the
“r1” curve for one vertex of the light-gray surface; the
medium-sized shape corresponds to all vertices of the
medium-gray background; the smallest “r1” shape cor-
responds to the vertices of the dark-gray surface. The
“r2” shapes for the three target surfaces are superim-
posed in the lower portion of the figure.

The region R diffuse is calculated by intersecting
all the minimum-brightness regions and then subtract-

LAl
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Figure 8: Superimposed Light-Location Regions for
Three Target Surfaces: Light Gray (largest light-
location region), Medium Gray (mid-size region), and
Dark Gray (smallest region).

ing the union of the maximum-brightness regions. For
this example, it was not necessary to form the convex
hull of the maximum-brightness regions (as previously
described) because the light region shapes are much
larger than the target surfaces. We calculate region
Rspecular and subtract it from region Rdiﬁuse’ leav-
ing the region of acceptable light positions, as shown
in Figure 9.

To test these results we positioned the camera
as described above and placed the light source on the
surface of maximum brightness. The image obtained
at one such light position is shown in Figure 10. As ex-
pected, one vertex (the lower-right vertex of the light-
gray surface in this image) appears to be saturated. As
a further test we then calculated the distance such that
the medium-gray vertex (adjacent to the light-gray one
used above) would saturate and moved the light source
there (see Figure 11). As expected, there is a loss of
contrast along the edge between the surfaces.

3.4 Light-Source Placement for Edge
Detection

The light-source placement techniques described
above, while a necessary first step, do not provide
all the functionality required for vision system design.
One key aspect of this type of design is enabling the
detection of particular object features, such as object
edges. The next two subsections describe our model
of image digitization and the relevant characteristics
of edge detection. The last subsection describes how
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Figure 9: Region of Light Locations

Figure 10: Image with Light on Surface of Maximum
Brightness

Figure 11: Image with Light on Surface of Maximum
Brightness for Medium Gray Surface

lighting placement takes these into account to guaran-
tee that specified object edges will be detected.

Image Digitization

An image is formed by light that passes through the
camera lens, irradiating the pixels in the camera image
plane. The light falling on the pixels generates an elec-
tric charge, and the camera periodically transfers the
accumulated charge at each pixel to generate an ana-
log signal. This signal is then sampled by the digitizer
to produce a “gray level” for each image pixel. Such
gray levels are typically encoded in 8 bits, resulting in
a range of gray level values from 0 through 255. The
transformation between image irradiance and digitized
pixel values for our system was determined experimen-
tally, producing the data shown in Figure 12. Based
on these data, we use a linear model to relate image
irradiance (/) to pixel value (P):

P =(205)I+15 (6)

Sobel Edge Operator

One of the most common and simplest methods to de-
tect edges in an image is to calculate the gradient at
each pixel and then threshold its magnitude. We are
currently using a version of the gradient known as a
Sobel operator. The relevant characteristic of such an
operator is that, given an ideal step-edge of height AP
(a pixel-to-pixel difference AP at the edge, with con-
stant gray level on each side of the edge), the gradient
magnitude is approximately proportional to AP. For
the Sobel operator the proportional constant is 4.0 if
the edge is aligned with the image rows and columns;
the constant is 4.2 if the edge is diagonal to the image.
Thus, the threshold on gradient magnitude for edge
detection can be converted into a required difference
in pixel values across an edge.

Pixel Contrast and Light Locations

Consider a straight, dihedral edge, having included an-
gle ¢, and two small surface patches, A and B, on ei-
ther side of the edge, as shown in Figure 13. Further
assume that the reflectance properties of both patches
are identical. If the light source is placed along the
average surface normal of A and B, then the incident
angles for the patches will be equal and they will ap-
pear equally bright, preventing detection of the edge
between them. The contrast across the edge increases
as the light source is moved farther from the average
normal, until a limiting case is reached, where the light
source becomes coplanar with one of the surfaces.



Figure 14 shows the two infinitesimal surface
patches from Figure 13 with surface normals labeled
N4 and Np, respectively. Consider a point source lo-
cated at an arbitrary location, L, forming incident an-
gles 84 and fp. Let R be the distance from L to the
infinitesimal patches, £ be the projection of L onto the
plane formed by N4 and Npg, a be the angle of £ mea-
sured from Np, and 8 be the angle of L out of the
plane of N4 and Np.

Since we need only consider the diffuse compo-
nent of reflection (we are avoiding locations causing
specular reflection into the camera), the pixel gray lev-
els of the two patches are proportional to the cosine
of the incident angles, and inversely proportional to
the square of the point-source distance. Therefore, the
pixel difference requirement is

K
AP = Vo Jcos@4 — cosfp| )
Substituting and solving for the point-source distance
as a function of angle,
R? (8)

=Ap |cos B |cos(y — @) ~ cos &}

Figure 15 shows a perspective plot of distance
(R) versus angle (a, ) for Equation 7, when the dihe-
dral angle () is 90 degrees and AP is 30 gray levels.
Vertical lines denote the limiting angles, @ = 0 and
a = 9, at § = 0. An orthographic projection of these
data appears in Figure 16. These data form two fam-
ilies of curves; each family forms a boundary between
the regions of acceptable and unacceptable light loca-
tions. The unacceptable light locations, where insuffi-
cient contrast would result, lie between the two families
of curves (see Figure 16). When a = ¢/2, no value of
R provides sufficient contrast (however, due to quanti-
zation error in the sampling of o angles for generating
the display, the minimum data values in these figures
are not zero).

In the future we plan to use the relationship in
Equation 8 to remove the unacceptable light locations
for each target edge by sweeping this shape along the
edge and removing the locations that lie between the
families of curves. We will then verify these techniques
by detecting edges on a variety of objects and extend
this analysis to other types of edge detectors.
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Figure 12: Experimental Data Relating Image Irradi-
ance and Digitized Pixel Values
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Figure 13: Infinitesimal Patches along a Dihedral Edge

Figure 14: Light Placement for Dihedral Edge
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Figure 15: Point-Source Distance versus Angle
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Figure 16: Projection of Distance versus Angle



