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1 Objective

GRASP Laboratory research combines Active Perception and Robotics to produce intelligent de-
vices capable of performing sophisticated tasks. This research specifically concentrates on multi-
spectral image processing, 3-D shape identification, decision making and robot actuation. Percep-
tion via manipulation is combined with information obtained from a variety of sensors to establish
one or more features or properties of an unstructured environment. This links exploration of an
unknown environment by visual sensing, range measurement, manipulation and physical probing.
It is a direct application of our theoretical work in robust multisensor fusion and techniques for
integrating data from multiple modalities.

One of the primary objectives of this research is to investigate coordination and communication
of multi-agent systems. In particular, multiple agents explore and adapt to their surroundings

and organize and configure themselves to perform required tasks with possible assistance of human
agents.

2 Approach

Our approach is based on an “advice-based small-team” architecture. The agents are heterogeneous
in both their scope of applicability or functionality and their capabilities or competence. Their con-
nectivity depends on their shared versus independent domain of applicability and/or task/subtasks.
An example of a shared domain is an obstacle monitored by vision and acoustic sensors. These
two agents perform redundant or complimentary functions. On the other hand, an example of
independent agents would be the force sensors that monitor the contact and sliding/rolling of an
object held by two palms, while the acoustic sensors monitor the vehicles to avoid obstacles. The
advice-based small-team architecture is new in that it provides as much autonomy as possible to
individual agents, yet it makes all the possible information accessible to other agents in the spirit
of cooperation. All the agents know the common task of transporting an object from place A to
place B. Since all the agents are physical, the real time issue becomes apparent!
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3 Progress

Progress in the last year of the project has been made in the areas of control, the observer agent,
and multisensor fusion.

3.1 Control

The control of individual mobile manipulators has been investigated. The control of a mobile ma-
nipulator involves the coordination of locomotion of the mobile platform and manipulation of the
manipulator. The coordination of locomotion and manipulation is important for a number of rea-
sons including redundancy in mobility, difference in dynamic response, nonholonomic constraints,
and dynamic interactions. Modeling the mobile platform as a nonholonomic dynamic system, we
have developed and experimentally tested a control algorithm for coordinating locomotion and ma-
nipulation. Using this algorithm, while the manipulator is dragged by an operator in any direction
in a horizontal plane, the mobile platform is able to bring the manipulator into the configuration
with maximum manipulability measure.

In further research we will integrate the wrist force/torque sensor in the control algorithm, thus
enabling the mobile manipulator to maintain contact with and follow a moving surface rather than
being dragged.

iAccesion For
3.2 Observer Agent ' A

The function of the Observer Agent is to recognize the environment (in real time), in particular the
free path and the obstacles. While there are numerous algorithms in the literature describing how to
extract optical flow, range and motion parameters, most of them are too complex to run in real time
(15 frames per second) and not robust enough. For the real-time processing we have concentrated
on proper data reduction mechanisms (data selection) via the use of different optics, and model-
based tracking. For the robustness question, we have concentrated on removing the highlights
and shadows using color and active light. These algorithms are based on point transformations

(difference of two images), and hence are highly parallel. . Avail and/or
Dist Special

Al
Our multi-agent system employs the following sensors: multiple cameras which simultaneously
provide images from multiple fields of view and varying depths of field; digital compasses on the
mobile agents; odometry from the wheels of the mobile agents; acoustic range sensors on the mobile
agents; infrared proximity sensors on the mobile agents; and force and torque sensors on the end-
effectors of manipulator agents. These sensors provide information of different types and qualities.
One research issue is delineation of decision models for combining or fusing information with a
common type with differing qualities, as well as the fusion of information of different types with
varying quality. We have developed a mathematical model for fusing information of a common type
where one source provides coarse-grained information with good reliability and the other source
provides fine-grained information but may be subject to serious sporadic errors. For example, we
can use optics or infrared technology for coarse range determination. Within specified domains of
operation, these coarse range estimates will be reliable; we can use acoustic range sensing for fine-
grained range information — with the caveat that the acoustic range information may be seriously
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3.3 Multisensor Fusion

2



in error due to multipath or insufficient target cross-section. These models and techniques do not
rely on either highly refined sensor noise models or highly accurate sensor position information.
Both of these additional sources of errors are accounted for in this methodology.

4 Accomplishments

Accomplishments in the last year of the project include:

e Recognition of highlights for dialectric materials and metallic materials

o Recognition of shadows using active light.

e Simultaneous real-time (15 frames per second) model-based 2D tracking of multiple objects.
¢ Near-optimal robust fixed-size confidence procedures.

o Robustness with respect to noise distribution uncertainty, applicable to essentially any class
of noise distributions which have smooth (non-atomic) boundaries.

e Near-optimal performance obtained using easily computed non-monotone functions.
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An Active Observer

Ruzena Bajcsy*
GRASP Laboratory
Computer and Information Science Department
University of Pennsylvania

Philadelphia, PA 19104

1 Abstract

In this paper we present a framework for research into
the development of an Active Observer. The com-
ponents of such an observer are the low and intermedi-
ate visual processing modules. Some of these modules
have been adapted from the community and some have
been investigated in the GRASP laboratory, most no-
tably modules for the understanding of surface reflec-
tions via color and multiple views and for the segmen-
tation of three dimensional images into first or second
order surfaces via superquadric/parametric volumetric
models. However the key problem in Active Observer
research is the control structure of its behavior based
on the task and the situation. This control structure is
modeled by a formalism called Discrete Events Dynamic
Systems (DEDS).

2 Introduction

We are interested in the development of an Active Ob-
server. An Active Observer is an agent which has capa-
bilities to observe scenes, objects, situations and deliver
the observed information to human, manipulatory, and
mobile agents. Naturally there are more questions than
answers. We shall list a few which are of particular in-
terest to us. What are the components/modules that
such an observer must have? How are these components
interconnected, i.e. what is the architecture of such an
agent? Some of the modules correspond to certain vi-
sual cues. We take as a given that our observer has
several such cues. In that case, the subsequent ques-
tion is how are the results from these cues integrated?
When are they invoked? How is the selection process
conducted/guided? Which cue is employed and when?
Finally, what kind of information/messages is delivered
by the observer to other agents?

Towards this end, for the last two years we have con-
centrated on the development of theoretical and experi-
mental understanding of some of the cues/components,
some cues’ integration and selection, and control strate-
gies for observation capability. In particular, in cue de-
velopment we have tried to understand surface reflec-
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tions by color and multiple views. An important finding
of this work, which will be described in detail in Section
2, is that multiple view points provide useful information
for discriminating between specular and Lambertian re-
flections both from dielectrics and from metals. In Sec-
tion 3, we shall describe a system for the segmentation
of a three dimensional scene into components that can
be modeled by superquadric parametric fit. This system
uses, in cooperation, surface segmentation, contour seg-
mentation and gross volumetric segmentation in order to
arrive at the proper result. The scenes are of moderate
complexity (up to 10 parts), but no other assumptions
are made about objects or their parts. This work points
to the common fact that one module or cue or approach
cannot handle the perceptual variety of the data that
the real world, even in moderate complexity, represents.
Multiple cues are necessary and hence a great deal of
thought has to go into the integration policy and control
structure. In Section 4, we present a formal model of
an observer agent. This model is based on the theory of
Discrete Event Dynamic Systems (DEDS), which allows
us to unequivocally predict the observation capabilities
of an observer. In order for this to occur, the observer
must know the discrete events of the task. So far this
is done by the designer. Finally, in Section 5 we show
the recent development of a CCD chip (the Retina) with
space variant resolution. Details are described in this
section.

3 Understanding of Reflection
Properties Using Color and Multiple
Views

Recently there has been a growing interest in the detec-
tion of specularity in both basic and applied computer
vision research. In general, the detection of speculari-
ties from a single gray-level image is a physically under-
constrained problem, and more information needs to be
collected in physically sensible ways to solve the prob-
lem. Successful development of an algorithm for image
data collection and interpretation necessarily depends
on physical models that describe how surfaces appear
according to the illumination and reflectance properties
and sensor characteristics. Recently the computer vi-
sion field has increasingly incorporated methodologies
derived from physical principles of image formation and




sensing [7]. So far there have been three types of ap-
proaches to solving the problem of specularity detection
through the collection of more images: (1) with differ-
ent light directions. (2) with different sensor polarization
angles, and (3) with different color sensors.

The photometric-stereo-type approaches consider the
specular and Lambertian reflectance properties for ob-
taining object shape using more than two light directions
(4] [9) [11]. Since the direction and the degree of the
collimation of the illumination need to be strictly con-
trolled, application of the approach is restricted to dark-
room environments. The polarization method analyzes
the polarization of reflected light and detects specular-
ities from dielectrics and metals [12]. The polarization
approach places some restrictions on the incident illumi-
nation direction with respect to surface orientation.

The dichromatic model [10] proposed by Shafer has
been the key model to the recent specularity detection
algorithms using color 8] [5] [6] [3]. The basic limita-
tion of the color algorithms is that objects must be only
colored dielectrics to use the dichromatic model. For
color image segmentation, it is usually assumed that ob-
ject surface reflectance is spatially piecewise uniform in
color and that scene illumination is singly colored. We
have previously developed a color image segmentation
algorithm for the separation of diffuse, as well as sharp,
specularities and inter-reflections from Lambertian re-
flections (3].

Our recent research has focused on the development
of some specularity detection or separation methods that
only require modification of sensors but not any modifi-
cation of environments. In other words, they are meth-
ods that are active in modifying sensors but passive in
modifying environments. There are two kinds of modifi-
cation of environments: relocation and re-orientation of
objects by robot manipulation, and illumination change.
The prime example of the illumination change is the
light switching for the photometric-stereo-type meth-
ods. Since illumination lighting needs to be strictly con-
trolled, the photometric-stereo-type approaches are ap-
plicable only for inspection in dark rooms.

Strict illumination control is not always possible in
investigating surface reflection properties in many gen-
eral environments. Examples include outdoor inspec-
tion, indoor or outdoor navigation, and exploratory en-
vironments. Even for indoor inspection, a well controlled
dark room is not always available.

For general environments without strict illumination
control, only sensors are controllable, and color and po-
larization can be the possible cues. Another possibility
is to move the observer, which has not been used for in-
vestigating reflection properties in computer vision. The
idea of moving the observer was directly motivated by
the concept of active vision [2]. For low-level vision prob-
lems of shape or structure, it has been demonstrated that
many ill-posed problems become well-posed if more in-
formation is collected by active sensors [1]. Although
the paradigms for shape or structure based on feature
correspondence cannot be directly applied to the study
of reflectance properties, the idea of a moving observer
motivated the investigation of new principles by physical
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modeling in obtaining more information.

In this paper, we suggest the use of nmultiple views
for the detection of specularity by introducing two algo-
rithms. The first algorithm. called spectral differencing.
uses color information from a small number of multiple
views. The second algorithm is called view sampling.
Using many views of gray-level images collected tn wide
angle, the view sampling reconstructs object structure
and detects specularities. An important principle used
for the algorithms is the Lambertian consistency, which
is the well-known fact that the Lambertian reflection
does not change its brightness and spectral content de-
pending on viewing directions, but the specular reflec-
tion or the mixture of Lambertian and specular reflec-
tions can change.

A problem associated with the use of multiple views
with color is what kind of extra spectral information can
be obtained by moving a color camera without consid-
ering object geometry. If there is any, it may alleviate
the limiting assumptions imposed on the object and illu-
mination domain for the color segmentation approaches.
and provide higher confidence in detecting specularities.

The spectral differencing algorithm is based on the
observation that any presence of specular reflections can
be inferred by the difference in the distribution of pixel
colors between two color images. According to the Lani-
bertian consistency, the color distribution of pixels from
only Lambertian reflections should be consistent regard-
less of view points. On the other hand, specularities
or the mixture of specular and Lambertian reflections
can change the distribution of pixel colors between two
views.

The spectral differencing algorithm does not require
any assistance from image segmentation and geometri-
cal manipulation. Since the algorithm does not rely on
the segmentation and the dichromatic model, it is appli-
cable to dielectric objects with nonuniform reflectance
and metals under multiply colored illumination. Fig-
ures 1 and 2 show two dielectric objects with varia-
tion in reflectance and a metallic object in neutral re-
flectance color. Two fluorescent light tubes and a tung-
sten light bulb are used for illumination and there are
inter-reflections from the walls. MSD(0 — 1) shows the
regions of new color distribution in view 0 compared to
view 1, and MSD(1 « 0) the regions of new color dis-
tribution in view 1 compared to view 0. Under multiply
colored and extended illumination, it can be seen that
most of the specularities are detected by the spectral
differencing.

Another approach we introduce is to obtain reflection
properties using only multiple views without any color
information. With densely sampled views in wid: an-
gle and with known viewing directions, the view sam-
pling algorithm reconstructs object structure as well as
detects specularities from Lambertian reflections. The
view sampling algorithm is applicable to dielectrics and
metals. S

If object structure is reconstructed assuming the Lam-
bertian consistency for both Lambertian and specular re-
flections, the structure reconstructed from the specular
reflections would not in general represent the-real object
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Figure 1: Spectral differencing

surface, while the one reconstructed from the Lamber-
tian reflections does. By examining the differently recon-
structed object structures from specular and Lambertian
reflections, we can identify the reflection types and the
real object structure.

We adopted an algorithm for computerized tomogra-
phy through photometric modeling for the reconstruc-
tion of object structure. Figure 3 shows the camera con-
trol scheme and Figure 4 (a) shows 4 out of 30 view sam-
ples of a gray dielectric object from different view points.
Figure 4 (¢) and (d) show the reconstructed structures
at the cross sections I and 2 illustrated in Figure 4 (b),
respectively. As shown in Figure 4 (¢) and (d), the strue-
ture reconstructed from specularities at the cross section
2 is different from the real object surface reconstructed
by Lambertian reflections.

The future direction of our studies is the integration of
many cues in the light of active vision [2]. Active vision
involves not only the modeling of physical sensing and
data processing for vision modules (local model), but
also the control of the modules (global model). Global
models characterize the overall performance and make
predictions on how the individual modules will interact.,
which in turn determines how intermediate results are
combined. It is the global model that analyzes and com-
bines the information from many visual cues to assign
stable descriptors. For more stable descriptions of re-
flection properties in more general environments, it is
desirable to extract extra information from a synergistic
combination of multiple cues. The spectral differencing
algorithm demonstrates the svnergy from the combina-
tion of color and multiple views. There are also poten-
tials for extra information from the combination of color.
polarization and multiple views

Figure 2: Spectral differencing
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view 1

view 0 ,
view n
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Figure 3: View sampling

Figure 4: View sampling



4 Surface and Volumetric Segmentation
of Complex 3-D Objects Using
Parametric Shape Models

The problem of part definition, description, and decom-
position is central to shape recognition systems. In this
paper we present an integrated framework for segment-
ing dense range data of complex 3-D scenes into their
constituent parts in terms of surface (bi-quadrics) and
volumetric (superquadrics) primitives, without a priori
domain knowledge or stored models. Our objective is
to recover a structured description of complex 3-D ob-
jects, guided entirely by the geometric properties of the
shape modcls. The resulting decomposition into parts
is very useful for the high-level processes, which can at-
tach domain specific labels to the parts, and reason at a
level where the visual input is structured in terms of ge-
ometric primitives, rather than cope with the difficulties
of low-level vision and a huge amount of unstructured
data.

Since the shapes have to be recovered from raw data,
it is not possible to invoke complex models (models with
hundreds of degrees of frecdom) straight away. It is,
however, feasible and perceptually less ambiguous to use
simpler but powerful models that can capture the local
and global properties of the object shapes, and provide a
first approximation to the more complex models. With
computability. simplicity, and the utility of the shape
representation as our major concerns, we use bi-quadrics
and superquadrics as our surface and volumetric models
respectively. We develop SUPERSEG (SUPERquadric
SEGmentation), a control structure to effectively carry
out the decomposition of complex objects in range im-
ages. and address the numerous issues encountered in a
data-driven bottom-up approach [13; 14: 15].

The SUPERSEG system 5 has five major components:
namely. the bi-quadric surface segmentation module: the
module for extracting surface properties and adjacency
relationships: the superquadric model recovery module;
the residual generation and analysis module; and the
control module for superquadric-based segmentation.

4.1 Surface Segmentation: Bi-quadric Models

The surface segmentation is performed by a novel local-
to-global iterative regression approach of searching for
the best piecewise description of the data in terms of
bi-quadric models {16; 17]. The model-recovery mod-
ule consists of independently extrapolating all the seed-
regions and fitting the model using the least-squares re-
gression method. The region-growing is controlled by
a compatibility-constraint, whose value depends on the
noise due to sensor and quantization, as well as the al-
lowed tolerance between the shapes of the model and un-
derlying data. Seed-regions are placed in a grid-pattern
all over the image, and allowed to grow until they are ei-
ther completely grown or rejected by the model-selection
procedure (which maximizes a linear benefit-cost func-
tion). Instead of first growing all the regions and then
invoking the model-selection procedure (Recover-then-
select), the model-recovery and model-selection pro-
cesses are dynamically combined (Recover-and-select) to
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Figure 5: The SUPERSEG system: A framework for
surface and volumetric segmentation.

achieve a computationally feasible and robust method
capable of rejecting outliers and determining its domain
of applicability.

4.1.1 Refining Surface Segmentation &
Extracting Surface properties

The bi-quadric segmentation achieved by the above
procedure needs refinement before it can be used as an
intermediate segmentation by superquadric-based vol-
ume segmentation. Also, the coefficients of the second-
order surfaces have information about orientation and
surface-type (convex or concave) inherent in them. The
orientation information is tremendously useful in align-
ing the major axis of cylindrical superquadric models.
Further, due to the compatibility-constraint, regions n-
tersecting to form surface normal discontinuities (C1)
overlap in the vicinity of the discontinuity, thereby logal-
izing it. We developed a systematic method for tracing
the biquadric intersection curve, which is used to refine
the segmentation as well as to localize the discontinuitics
(edges) and to characterize them as convex or concave.
In addition, a surface adjacency graph (SAG) is con-
structed with surface patches as nodes and discontinuity-
type as edges between them. The information extracted
from the bi-quadric patches is used to generate and test
hypotheses by the volumetric segmentation module.

4.2 Superquadrics: Volumetric P_art-Models

Superquadric models are convex part-models (except the
bent models) that can be recovered for a given set ©
3-D points by minimizing a function based on the modi-
fied implicit inside-outside superquadric function [18: 1o




Concave edge
Convex edge

Figure 6: The NIST object: Top: The range image and its bi-quadric surface segmentation. Center: the 'y (surface
normal) edges marked at the overlapping parts of the surfaces. [ollowing a procedure similar to the intersection
cleaning. the edges are marked as convex or concave and a surface adjacency graph (SAG) is constructed. Bottom:
The three iterations of the global-to-local procedure to extract the part-structure.




15). This formulation enforces a minimum volume con-
straint as well as a surface constraint, but is incapable
of decomposing the data set if no appropriate convex
model can be found in the model vocabulary. Thus, the
superquadric model recovery module is adequate only
for recovering an optimal model (if oriented correctly)
given a data set, but not for segmenting it. To decide
whether a recovered model is adequate for the given data
set, we have developed an exhaustive set of criteria com-
prised of qualitative and quantitative measures. Quan-
titative measures are the normalized global deviation of
the model from data. The deviation can be the inside-
outside function value, or can be measured along the
direction of the viewpoint (Z-residuals for a range scan-
ner), or along the direction of the minimum distance of
a point from the model (Euclidean distance). The qual-
itative measures are the ‘local’ residuals characterized
by the clusters of 3-D points that are either inside the
model. or on the model, or outside the model. Both
qualitative and quantitative measures are necessary for
complete evaluation of a recovered model.

4.3 Volumetric Segmentation: The Control
Strategy

In view of the fact that volumetric models don’t have
good surface support (as opposed to bi-quadric models),
they cannot be recovered by following exclusively the ex-
trapolation method (local-to-global) used by bi-quadrics.
In order to obtain an optimal piecewise-convex volumet-
ric segmentation, it is necessary to proceed global-to-
local, where data is decomposed only if the global model
is inadequate. This allows controlled residual-driven de-
composition of 3-D data, as also introduction of an ob-
Jective evaluation criteria for an acceptable description.
However, the global-to-local method can be aided by the
bi-quadric segmentation in forming hypotheses about
convex combination of surfaces, which although is not
true in general (an L shape for example), can signifi-
cantly reduce the computational overhead if true for a
particular part. Previous researchers have assumed that
a 1-to-1 mapping exists between surface patches and su-
perquadric models, which is also not true in general. But
it does provide a planarity check for the patches, as well
as the orientation and shape of the individual patches in
3-space.

Thus, a strategy that combines the bi-quadric infor-
mation with the global-to-local residual-driven method
is most effective in recursively segmenting the scene to
derive the part-structure [13]. A set of acceptance crite-
ria based on the quantitative and qualitative measures
provide the objective evaluation of intermediate descrip-
tions, and decide whether to terminate the procedure,
or selectively refine the segmentation, or generate nega-
tive volume description. The control module generates
hypotheses about superquadric models at clusters of un-
derestimated data and performs controlled extrapolation
of part-models by shrinking the global model. The re-
cursive splitting of data results in a hierarchical part-
structure comprising of global and local models. The
results of complete processing of the range image of a
machined object (from NIST) is shown in Figure 6.
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We have tested the SUPERSEG systemn on real rane.
images of scenes of varving complexity, including object.
with occluding parts, and scenes where surface segmey.
tation is not sufficient to guide the volumetric segment..
tion. Some of the applications of our approach includ:-
data reduction, 3-D object recognition, geometric mod-
eling, automatic model generation, object manipulation,
qualitative vision, and active vision.

5 A Framework for Visual Observation

In this work we establish a framework for the gencral
problem of observation, which may be applied to dif.
ferent kinds of visual tasks. We define “intelligent”
high-level control mechanisms for the observer in order
to achieve efficiency in recognizing different processes
within a specific dynamic system. The intelligent ob-
server is able to recognize the visual tasks, understands
the meaning of the scene evolution and successfully re-
ports on the current visual state. It is obvious that there
is a need for high-level interpretation of actions within
the environment and to have guarantees for observation
capabilities and stability within the viewing mechanisni.
The framework is a predictable one that satisfies the fol-
lowing general requirements:

o Recognizes visual tasks and events.
Repositions itself adaptively and intelligently.

Operates in real time.

Asserts and reports on distinct and discrele visual
states.

Utilizes the continuous parametric evolution of the
visual system.

e Accommodates visual uncertainties.

We concentrate on observing a manipulation process
in order to illustrate the ideas and motive behind our
framework. The process of observing a robot hand ma-
nipulating an object is very crucial for many robotic and
manufacturing tasks. It is important to know in an au-
tomated manufacturing environment whether the robot
hand is doing the correct sequence of operations on an
object (or more than one object). It might be a fact that
the workspace of the robotic manipulator cannot be ac-
cessed by humans, as in the case of some space applica-
tions or some areas within a nuclear plant, for example.
In such a case, having another robot “look” at the pro-
cess is a very good option. Thus, the observation process
can be thought of as a stage in a closed-loop fully auto-
mated system where there are robots who perform the
required manipulation task and some other robots who
observe them and correct their actions when something
goes wrong. Typical manipulation processes inclide
grasping, pushing, pulling, lifting, squeczing, screv ‘ng
and unscrewing. In this work, we address the prob:»m
of observing a single hand manipulating a single obj-ct
and recognizing what the hand is doing. No feedback
will be supplied to the manipulating robot to correct its
actions. We divide the problem into three major com-
ponents. First, we identify. a high-level framework for
the visual states. Next, we define the events that cause




Figure 7. A Model for a Grasping Task

state transitions. Finally, we utilize visual uncertainties
to assert the state of the system.

5.1 State Space Modeling

We use a discrete event dynamic system as a high-level
structuring skeleton to model the visual manipulation
system. Discrete event dynamic systems (DEDS) are dy-
namic systems (typically asynchronous) in which state
transitions are triggered by the occurrence of discrete
events in the system. Our formulation uses the knowl-
edge about the system and the different actions in or-
der to solve the observer problem in an efficient, sta-
ble and practical way. The model incorporates differ-
ent hand/object relationships and the possible errors in
the manipulation actions. It also uses different tracking
mechanisms so that the observer can keep track of the
workspace of the manipulating robot. A framework is
developed for the hand/object interaction over time and
a stabilizing observer is constructed. The construction
process utilizes a task-dependent coarse quantization of
the manipulation actions in order to attain an active,
adaptive and goal-directed sensing mechanism. An ex-
ample of a DEDS automaton for a simple grasping task
is shown in Figure 7.

5.2 Event Identification

Low-level modules are developed for recognizing the
“events” that cause state transitions within the dynamic
manipulation system. To be able to observe how the
events evolve over time. we must be able to identify how
the hand moves and how the hand/object physical re-
lationship evolves over time. We use a mix of 2-D and
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Figure 8: Propagation of Uncertainty

3-D modules to recover a set of parameters that define
the continuous parametric evolution of the scene under
observation. Three dimensional evolution of the hand
motion is recovered by tracking a set of features and
two-dimensional cues to the number of objects and their
relative location; two dimensional motion with respect
to the manipulating hand is recovered in real-time. The
recovered events are then used to assert state transitions
within the DEDS automata. We also recover uncertain-
ties associated with the visual event recovery and utilize
them for navigating the observer automata.

5.3 Utilizing Uncertainties

This work examines closely the possibilities for errors,
mistakes and uncertainties in the visual manipulation
system, observer construction process and event identifi-
cation mechanisms. We divide the problem into a num-
ber of major levels for developing uncertainty models in
the observation process. The propagation of uncertainty
is shown in Figure 8.

The sensor level models deal with the problems in
mapping 3-D features to pixel coordinates and the errors
incurred in that process. We identify these uncertainties
and suggest a framework for modeling them. The next
level is the extraction strategy level, in which we develop
models for the possibility of errors in the low-level image
processing modules used for identifying features that are
to be used in computing the 2-D evolution of the scene
under consideration. In the following level, we utilize the
geometric and mechanical properties of the hand and/or
object to reject unrealistic estimates for 2- ) movements
that might have been obtained from the first two lev-
els. We transform the 2-D uncertainty models into 3-
D uncertainty models for the structure and motion of
the entire scene. The next level uses the equations that




Figure 9: Experimental Setting

govern the 2-D to 3-D relationship to perform the con-
version. We then reject the improbable 3-D uncertainty
models for motion and structure estimates by using the
existing information about the geometric and mechanical
properties of the moving components in the scene. The
highest level is the DEDS formulation with uncertainties,
in which state transitions and event identification is as-
serted according to the 3-D models of uncertainty that
were developed in the previous levels, and error recovery
is performed according to the ordering of the recovered
distributions.

5.4 Conclusions

The approach used can be considered as a framework for
a variety of visual tasks, as it lends itself to be a prac-
tical and feasible solution that uses existing information
in a robust and modular fashion. The work examines
closely the possibilities for errors and uncertainties in
the manipulation system, observer construction process
and event identification mechanisms. Ambiguities are al-
lowed to develop and are resolved after finite time; recov-
ery mechanisms are devised too. Details of the observer
system can be found in [20; 21; 22; 23]. Theoretical and
experimental aspects of the work support adopting the
framework as a new basis for performing task-oriented
recognition, inspection and observation of visual phe-
nomena. The observer and manipulating robots experi-
mental setup is shown in Figure 9.

6 Spatio-Variant Sensing

Traditional imaging for robotics vision has relied al-
most exclusively on common commercial imagers, no-
tably television format sensors. Their advantages are
clear: the cameras are inexpensive and readily available,
and the sampling of the data is on a "natural” carte-
sian (x,y) grid. These sensors have placed enormous de-
mands, however, on processing architectures. The prob-
lem is not only that image analysis is an ill-defined task
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m the real world, but that we have only very expensive
machines that can begin to process the dat.

Over the last seven years an international team, led by
Van der Spiegel at the University of Pennsylvania. San-
dini at DIST in Italy, and Claeys at IMEC in Belgium.
designed, built, and tested a new imaging chip called the
Retina [24]. The new camera serves as the foundation
to a new approach to robotics vision. We shift the focus
at the systems level from gathering better data and de-
signing machines to analyze it to gathering data for the
computing resources that exist. The result is a prototype
sensor that reduces the computational complexity of the
problem by three orders of magnitude and. if scaled to
commercial cameras, by six orders [25].

The Retina attempts to model the gross characteris-
tics of the primate visual system in a mathematically
elegant way. The computational savings arise from the
same mechanism the eye uses, namely. to maintain oue
area of high resolution on the focal plane and to drop
the resolution elsewhere. The mathematical expression
of this is a log-polar mapping. That mapping trans-
forms a polar data space, where a point £ has the polar
coordinates (r,theta), by taking the logarithm of the ex-
pression for the point:

P =yt — pin = m(r)+10 = u+qv

This mapping has the useful property of separating ro-
tations (changes in theta) from magnifications (changes
n 7). If the sensor has a uniform sampling grid in u (In
(), then the spatial grid in » will exponentially grow as
distance from the center grows. This models the growth
of the receptive fields in primate retinas.

The Retina layout in Figure 10 implements this map-
ping by sampling in (r,theta) at points matching a uni-
form (u,v) grid. The sensor clearly has rotational sym-
metry and exponentially decreasing resolution. The cir-
cular section contains only 1920 pixels (30 circles of 64
pixels/circle); at the center is a dense rectangular grid of
102 additional photosites [26]. The cells grow fast: the
outermost circle is over ten times as wide as the inner-
most. This leads directly to the small pixel count.

The chip, with its custom driving electronics, is now
working at the GRASP laboratory [27] and is producing
good pictures as shown in Figure 11.

Clearly visible in the data space is the large magni-
fication of the inner circles. The outer section provides
much poorer data, with pixels widely spaced and aver-
aging the incident light over a larger area. Still they do
not provide useless information.

The nature of the information has changed. however.
No longer do we get high quality data across the focil
plane. Indeed, we assume from the start that we do not
try to build a model of the world in one step  Instead,
we use the periphery to guide our atten:ion—where we
point the camera. Implicit here is the idea of an acti-e
observer. The Retina, just sitting on a bench waiting
for an object to enter its high-resolution spot, is useless.
We must actively build the world by moving the camera,
using the periphery to suggest candidates for attention.

The cost of using this sensor might be considered high.
The new data space will require rewriting or adapting

‘.
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Figure 10: The Retina CCD Imager

Figure 11: Picture of a mouse from the camera, centered between the buttons (to the left) and ball. The picture on
the left is in the mapped plane: the vertical axis is v (v, the angle of the point, increases moving down the axis) and
the horizontal is u (u. the log of the radial distance of the point. increases to the right). The triangle at the upper
left of the himage is data remapped back onto a cartesian grid.
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all our tools for the cartesian plane: this is the primary
cost outside the hardware development. The advantages,
however, suggest profit. The Retina has some one hun-
dred times fewer pixels than a standard television cam-
era, which drastically reduces the computational burden
of analysis, bringing it within the abilities of modern
machines. The gains also include the rich mathemati-
cal structure of the mapping. That structure simplifies
pattern matching by making rotations and magnifica-
tions linear shifts in the data space, and speeds time-to-
impact measurements by looking only at a radial flow.
Some distortions introduced by the mapping, such as
translational variance (which is linear translations be-
coming curves in the data space) also disappear in an
active observer, where for example attention and track-
ing automatically compensate for linear motion.

Since the sensor began working this summer, our focus
at the GRASP laboratory has been redeveloping tradi-
tional image processing tools. Our work has looked at
edge detection in the new data space, detecting lines us-
ing a Hough algorithm, calculating the centroid of an ob-
ject, and measuring time-to-impact. Each of these areas
requires an analysis of their mathematical basis under
the log mapping and coding the results on real images.
All algorithms must further be computationally simple
to work in a real-time environment.

This integration of sensor and computer is now the
fundamental area of research involving the Retina at
Penn. That the Retina works proves the concept of
the hardware, of designing custom imaging sensors for
robots. The integration itself will prove the concept of
the system. The Retina is the basic building block for a
real-time interactive observer.

7 Conclusions and future plans

The development of an Active Observer is underway
at the GRASP laboratory. Although future emphasis
will be placed on the control structure of such an ob-
server, its integration policies, and communication issues
with other observers and agents in general, there is still
a need for further studies, developments and improve-
ments of component technologies. For example, in the
case of understanding surface reflectance, we still have
not completed the theoretical underpinning of trans-
parency. With the problem of segmentation, while the
cooperation between surface and volumetric fittings is
necessary, and they help in resolving ambiguities, the
first and second order primitives are clearly not sufficient
for modeling a broad class of real life objects. Higher
order models will have to be invoked, but only selec-
tively and locally after the lower order fits have failed. If
this order of fitting data is violated then instabilities in
the fitting procedures can be expected. Finally, there is
the question of the control mechanism of the Active Ob-
server. As shown above, we have employed the Discrete
Event Dynamic System model. DEDS is a suitable for-
malism to model continuous processes of observation, as
well as events occuring in discrete intervals. As a result,
this model allows us to predict the observation capabil-
ity as defined by the control theory community. The
assumption here, however, is that the task of observa-

tion is a priort in terms of the discrete cvents. While in
the original theory the transitions from onc state/event
to another were discrete, we have extended the theory
to transitions with uncertainties. The next task should
be to loosen the requirements for explicit knowledge of
the desired observable events. These events should be
able to be generated from some rules of physics, geon-
etry and other conventions of the object’s and agent's
interactions. In conclusion, we are on our way to com-
plete an Active Observer which has a control structure
that allows us to predict observation capabilities. The
components developed here allow the Active Observer to
handle moderately complex scenes of shapes/materials.
their spatial arrangements and their illuminations. The
real time issue of processing is a crucial one and hence
our efforts in special purpose CCD chips and related
hardware. The open questions are many but we wish
to concentrate on the intercommunication of several ob-
servers and other agents, such as manipulatory, mobile
and human agents. Ultimately, the final issue is this:
who tells what and how much, and to whom.

References

[1) J. Aloimonos and A. Badyopadhyay. Active vi-
sion. In Proc. Ist Int. Conf. on Computer Vision.
pages 35-54, 1987.

[2] R. Bajcsy. Active perception. Proceedings of the
IEEE, 76(8):996-1005, 1988.

[3] R. Bajcsy, S.W. Lee, and A. Leonardis. Color ini-
age segmentation with detection of highlights and
local illumination induced by inter-reflections. In
Proc. 10th International Conf. on Pattern Recogni-
tion, Atlantic City, NJ, June 1990.

[4] E. N. Coleman and R. Jain.  Obtaining 3-
dimensional shape of textured and specular surface
using four-source photometry. Computer Graphics
and Image Processing, 18(4):308-328, 1982.

(5] R. Gershon. The Use of Color in Computational Vi-
sion. PhD thesis, Department of Computer Science,
University of Toronto, 1987.

[6] G.H. Healey and T.O. Binford. Using color for
geometry-insensitive segmentation. Journal of the
Optical Society of America, 6, 1989.

[7) T. Kanade and K. Ikeuchi. Introduction to the spe-
cial issue on physical modeling in computer vision.
IEEE Trans. PAMI, 13(7):609-610, 1991.

[8] G.J. Klinker, S.A. Shafer, and T. Kanade. Image
segmentation and reflection analysis through ¢ ior.
In Proceedings of the DARPA Image Understan .ing
Workshop, pages 838-853, Pittsburgh, PA, 1988.

[9] S. K. Nayar, K. Ikeuchi, and 1. Kanade. D-oter-
mining shape and reflectance of hybrid surface: by
photometric sampling. JEEE Trans. Robo. Autom.,
6(4):418-431, 1990. :

[10] S.A. Shafer. Using color to separate reflection
components. COLOR Research and Application,
10(4):210-218, 1985. : :

146




(11] H.D. Tagare and R. J. deFigueiredo. Photomet-
ric stereo for diffuse non-lambertian surface. IEEE
Trans. PAMI, 13():, 1991.

(12] L. B. Wolff. Polarization Methods in Computer Vi-
ston. PhD thesis, Department of Computer Science,
Columbia University, 1991.

[13] Gupta Alck, Surface and Volumetric Segmentation
of Complex 3-D Objects Using Parametric Shape
Models, Technical Report MS-CIS-91-45, Depart-
ment of Computer and Information Science, Uni-
versity of Pennsylvania, 1991.

(14] Gupta, Alok and Ruzena Bajcsy, Part description
and segmentation using contour, surface and volu-
metric primitives, in Proceedings of the Conference
on Sensing and Reconstruction of 8D Objects and
Scenes, pp. 203-214, SPIE, Santa Clara, CA, Feb
1990.

(15] Gupta, Alok, Luca Bogoni, and Ruzena Bajcsy,
Quantitative and qualitative measures for the eval-
uation of the superquadric models, in Proceedings of
the IEEE Workshop on Interpretation of 3D Scenes,
pp. 162-169, Austin, TX, November 1989.

(16] Leonardis, Ales, Alok Gupta, and Ruzena Bajcsy,
Segmentation as the search for the best description
of the image in terms of primitives, in Proceedings
of the Third International Conference on Computer
Viston. pp. 121-125. IEEE, Osaka, Japan, Decem-
ber 1990a.

[17] Leonardis, Ales, Alok Gupta, and Ruzena Bajcsy,
Segmentation of Range Images as the Search for
the Best Description of the Scene in Terms of Ge-
ometric Primaitives, Technical Report MS-CIS-90-
30, CIS Department, University of Pennsylvania,
1990b.

(18] Solina. Franc, Shape Recovery and Segmentation
with Deformable Part Models, PhD thesis, Univer-
sity of Pennsylvania. 1987, Technical Report MS-
CIS-87-111.

[19] Solina. F. and R. Bajcsy, Recovery of paramet-
ric models from range images: the case for su-
perquadrics with global deformations, IEEE Trans.
on Pattern Analysis and Machine Intelligence, 12,
131-147, February 1990.

[20] R. Bajcsy and T. M. Sobh, A Framework for Ob-
serving a Manipulation Process. Technical Report
MS-(C'1S-90-34 and GRASP Lab. TR 216, Computer
Science Dept.. School of Engineering and Applied
Science. University of Pennsylvania, June 1990.

[21] T. M. Sobh, A Framcwork for Visual Observation.
Technical Report MS-CIS-91-36 and GRASP Lab.
TR 261. Computer Science Dept., School of Engi-
neering and Applied Science, University of Pennsyl-
vania, May 1991.

(22] T. M. Sobh and R. Bajcsy. “Visual Observation of
A Moving Agent”. In Proceedings of the European
Robotics and Intelligent Systems Conference (EU-
RISCON '91). Corfu. Greece. June 1991 and pre-
sented at the 127 International Jomt Conference

147

[23]

[24]

[25]

[26]

[27]

on Artificial Intelligence (IJCAI), Workshop on Dy-
namic Scene Understanding, Sydney, Australia, Au-
gust 1991.

T. M. Sobh and R. Bajcsy, “A Model for Observ-
ing a Moving Agent”. In Proceedings of the Fourth
International Workshop on Intelligent Robots and
Systems (IROS ’91), Osaka, Japan, November 1991.

J. Van der Spiegel, G. Kreider, et al. “A Foveated
Retina-Like Sensor Using CCD Technology”. In
Analog VLSI Implementations of Neural Systems,
ed. C. Mead and M. Ismail, pp. 189-211, Kluwer
Academic Publishers, Boston, 1989.

G. Kreider, J. Van der Spiegel et al. “The De-
sign and Characterization of a Space Variant CCD
Sensor”. SPIE Vol. 1381 Intelligent Robots and
Computer Vision IX: Algorithms and Techniques,
Boston, November 1990.

G. Kreider, J. Van der Spiegel et al. “A Retina-Like
Space Variant CCd Sensor”. SPIE Vol. 1242 Charge
Coupled Devices and Solid State Optical Sensors,
pp. 133-140, Santa Clara, February 1990.

Z. Kalayjian. “A Driver Circuit for the Foveated
Retina-Like Optical Sensor”. Final Report, Under-
graduate Fellowship in Sensor Technologies, Univer-
sity of Pennsylvania, 1990.

Fad



IN REPLY
REFERTO

/995 J0R7 OOy

‘s

OFFICE OF THE UNDER SECRETARY OF DEFENSE (ACQUISITICN)
DEFENSE TECHNICAL INFORMATION CENTER
CAMERON STATION
ALEXANDRIA, VIRGINIA 22304-6145

DTIC-OCC

SUBJECT: Distribution Statements on Technical Documentls

OFFICE OF MAVAL RESEARCH
CORPORATE PROGRAMS DIVISION

TO: ONR 353
’ §00 MNORTH QUINCY STREET
ARLINGTON, VA 22217 - 56G0

1. Relerence; DoD Direclive 5230.24, Distribution Stalementls on Téchnical Documents,
18 Mar 87. /

2. The Defense Technical Informalion Center received the enclosed report (referenced

below) which Is not marked in accordance with the above reference.

FINAL REPORT
N00014-88-K-0630
TITLE: SEGMENTATION OF SCENES

IN EXPLORATORY MODE

3." We request the appropriale distribution stalement be assigned and the report relurned
to DTIC within & vyo[king days.

. Y
4, Approved distribllion stalements are listed on the reverse of this lelter. If you have any
questions regarding {hese statements, call DTIC's Calaloging Branch, (703) 274-6837.

FOR THE ADMINISTRATOR:

GOPALAKRISHNAN NAIR

1 Encl
Chiel, Cataloging Branch

FL-171
Jul 93



DISTRIBUTION STATEMENT A:
APPROVED FOR PUBLIC RELEASE: DISTRIBUTION IS UNLIMITED
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