
manipulator trajectory from one of these experiments. With
the pyramiding and search optimizations, the system was able
to track the corner of a book which was moving along a linear
path at 80 cm/sec. In contrast, the maximum speed reported
by Papanikolopoulos [11] was 7 cm/sec, representing an
order of magnitude increase in tracking speed. The dashed
line is the target and the solid line represents the manipulator.

Once system performance met our minimal requirements,
testing proceeded to a computer-generated target where the
trajectory and speed could be accurately controlled. The tar-
get was displayed on a video monitor and the MVRT tracked
the target. The target (a white box) traced a path on the video
monitor while the MVRT tracked the target.

The experiments traced a square and demonstrated robust
tracking in spite of the target exhibiting infinite accelerations
(at initial start-up) and discontinuities in the velocity curves
(at the corners of the square). The results in Figure 6 show the
oscillatory nature of the manipulator path at the points where
the velocity curve of the target is discontinuous.

6 Conclusion

This paper presents robust techniques for the operation of
robotic agents in uncalibrated environments. The techniques
presented provide ways of recovering unknown workspace
parameters using the Controlled Active Vision framework
[11]. In particular, this paper presents novel techniques for
computing depth maps and for visual tracking through con-
trolled active exploration with an eye-in-hand system.

For the computation of depth maps, we propose a scheme
that is based on the automatic selection of features and the
design of specific trajectories on the image plane for each
individual feature. Unlike similar approaches [5][7][8][12]
[14], this approach helps us design trajectories that provide
maximum identifiability of the depth parameter.

For the problem of visual tracking, we propose a technique
based upon earlier work in visual servoing [11] that achieves
superior speed and accuracy through the introduction of sev-
eral performance enhancing techniques. In particular, the

dynamic pyramiding technique provides a satisfactory com-
promise to the speed/accuracy trade-off inherent in static pyr-
amiding techniques. The method-specific optimizations pre-
sented also enhance overall system performance without
affecting worst-case execution times.

Issues for future research include the automatic selection
of the feature window size (an issue discussed in [9]) in order
to select a window that has some texture variations, and the
implicit incorporation of the robot dynamics.
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effectively searches every other pixel in a  pixel patch.
Consequently, the fourth and highest level searches every
fourth pixel in a  pixel patch.

3 Feature Point Selection
In addition to the system latency and the effect of large

displacements, an algorithm based upon the SSD technique
may fail due to repeated patterns in the intensity function of
the image or due to large areas of uniform intensity in the
image. Both cases can provide multiple matches within a fea-
ture point’s neighborhood, resulting in spurious displacement
measures. In order to avoid this problem, our system automat-
ically evaluates and selects feature points.

Feature points are selected using the SSD measure com-
bined with an auto-correlation technique in the neighborhood
Ω to produce a SSD surface [1][11]. Several possible confi-
dence measures can be applied to the surface to measure the
quality of a potential feature point. For discussion of our
approach and proposed confidence measures, see [13].

4 Modeling and Controller Design
Modeling of the system in question is critical to the design

of a controller to perform the task at hand. In our application
areas, the modeling and controller designs are similar. In par-
ticular, Smithet al. [13] provide the depth recovery modeling
and controller design. Papanikolopouloset al. [10] provide an
in-depth treatment of the modeling and controller design for
robotic visual tracking applications.

5 Experimental Design and Results

5.1 The MRVT System

We have implemented both the depth recovery and the
visual tracking on the Minnesota Robotic Visual Tracker
(MRVT) system (see Figure 2). The MRVT is a multi-archi-
tectural system which consists of two main parts: the Robot/
Control Subsystem (RCS) and the Vision Processing Sub-
system (VPS). A discussion of the MRVT appears in [2].

5.2 Derivation of Depth

The initial experimental runs were conducted using two
soda cans wrapped in a checkerboard surface as targets. The
leading edges of the cans were placed at 53 cm and 41 cm in
depth from the nodal point of the camera (see Figure 3 (a)).
The initial depth estimate was set to 25 cm in depth. The
reconstructed surfaces are shown in Figure 3 (b).

We duplicated the first set of experiments without the
checkerboard surfaces wrapped around the cans. Instead, we
used the actual surface of the soda cans under normal lighting
conditions. This reduced the number of suitable feature points
as well as produced a non-uniform distribution of feature
points across the surfaces of the cans. Additionally, the sur-
faces exhibited specularities and reflections which added
noise to the displacement measures. The targets and the
results of the experiment are shown in Figure 4.

For all experiments, the camera scaling factors and focal
length were taken directly from the documentation provided
by the manufacturer and controller gains were set to match
the specifications of the RCS. Neither camera calibration nor
gain adjustment was performed for these experiments.

The resulting data for the feature points was not subjected
to sub-pixel fitting nor multi-grid methods. The error in the
recovered depth of the majority of feature points was less
than the error expected for a measured displacement error of
one pixel.

5.3 Visual Tracking

We conducted multiple experimental runs for the tracking
of objects that exhibited unknown two-dimensional, transla-
tional motion with a coarse estimate of the depth of the
objects. The targets for these runs included books, batons,
and a computer-generated target displayed on a large video
monitor. During the experiments, we tested the system using
targets with linear and curved trajectories.

The first experiments were conducted using a book and a
baton as targets in order to test the performance of the system
both with and without the dynamic pyramiding. These initial
experiments served to confirm the feasibility of performing
real-time pyramid level switching and to collect data on the
performance of the system under the pyramiding and search
optimization schemes. Figure 5 shows the target path and
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tions both use the same basic visual measurements that are
based upon a simple camera model and optical flow measure-
ments in a sequence of images (see [11][13]). The visual
measurements are combined with search-specific optimiza-
tions and a dynamic pyramiding technique in order to
enhance the visual processing from frame-to-frame and to
optimize the performance of the system in our selected appli-
cations.

2.1 Camera Model and Optical Flow

The derivation of the model and optical flow may be found
in [13]. In this paper we only present the outcome of the deri-
vation for the Sum-of-Squared Differences (SSD) optical
flow [1]. For a pointp(k–1), the SSD algorithm selects the
displacement∆x = (u, v)T that minimizes the SSD measure

(2.1)

whereu,v ∈ Ω, N is the neighborhood ofp, m andn are indi-
ces for pixels inN, x andy are the indices ofp in an imageI,
andIk–1 andIk are the intensities in images(k–1) and(k).

The size of the neighborhoodN must be carefully selected
to ensure proper system performance. Too small anN fails to
capture large displacements while too large anN increases the
associated computational overhead and enhances the back-
ground. In either case, an algorithm based upon the SSD tech-
nique may fail due to inaccurate displacements. An algorithm
based upon the SSD technique may also fail due to too large a
latency in the system or displacements resulting from motions
of the object which are too large for the method to accurately
capture. We introduce several techniques related to search
optimizations and dynamic pyramiding to counter these con-
cerns.

2.2 Search Optimizations

The primary source of latency in a vision system that uses
the SSD measure is the time needed to compute  in
Equation (2.1). To find the true minimum, the SSD measure
must be calculated over each possible . The time
required to produce an SSD surface and to find the minimum
can be greatly reduced by employing two schemes that, when
combined, decrease the search time significantly in the
expected case.

The first optimization used is loop short-circuiting. During
the search for the minimum on the SSD surface (the search
for ), the SSD measure must be calculated
according to Equation (2.1). This requires nested loops form
andn. During the execution of these loops, the SSD measure
is calculated as the running sum of the squared pixel value
differences. If the current SSD minimum is checked against
this sum as a condition on these loops, the execution of the
loops can be short-circuited when the running sum exceeds
the current minimum. On average, this type of short-circuit
realizes a decrease in execution time by a factor of two.

The second optimization is based upon the heuristic that
the best place to begin the search for the minimum is at the

point where the minimum was found previously and to
expand the search radially from this point. This works well
when the disturbances being measured are relatively regular.

Under this heuristic, the search pattern in the  image is
altered to begin at the point on the SSD surface where the
minimum was located for the  image. The search pat-
tern then spirals out from this point, searching over the extent
of u andv. This is in contrast with the typical indexed search
pattern where the indices are incremented in a row-major
scan fashion. Figure 1 contrasts a traditional row-major scan
and the proposed spiral scan where the center position corre-
sponds to the position where the minimum was last found.
This search strategy may also be combined with a predictive
controller to begin the search for the SSD minimum at the
position that the predictive aspect of the controller indicates
as the possible location of the minimum. In the general case,
search time is approximately halved.

When combined, these two optimizations find the mini-
mum of the SSD surface ten times faster on average than the
unmodified search. Experimentally, the search times for the
unmodified algorithm averaged 136 msec over 5000 frames
under a variety of relative feature point motions. The com-
bined short-circuit/spiral search algorithm produced search
times which averaged 13 msec under similar tests.

2.3 Dynamic Pyramiding

Dynamic pyramiding is a heuristic technique which
attempts to resolve the conflict between accurate positioning
of a manipulator and high-speed tracking when the displace-
ments of the feature points are large. Previous applications
have typically depended upon one preset level of pyramiding
to enhance either the manipulator’s top tracking speed or its
positioning accuracy with respect to the target [11].

In contrast, dynamic pyramiding uses multiple levels of
pyramiding. The level of the pyramiding is selected based
upon the observed displacements of the target’s feature
points. If the displacements are small relative to the search
area, the pyramiding level is reduced; if the displacements are
large compared to the search area, then the pyramiding level
is increased. This results in a system that enhances the track-
ing speed when required, but is always biased in favor of the
maximum accuracy achievable.

During the search process, the SSD measurements are
centered upon particular pixels in the pyramided search area.
Which pixel positions are selected (  in Equa-
tion (2.1)) is dependent upon which of the four levels of pyra-
miding is currently active. The lowest level searches a square

 pixel patch of the current frame. The second level
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Figure 1: Traditional (a) and spiral (b) searches
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Abstract
Flexible operation of a robotic agent in an uncalibrated

environment requires the ability to recover unknown or par-
tially known parameters of the workspace through sensing. Of
the sensors available to a robotic agent, visual sensors pro-
vide information that is richer and more complete than other
sensors. In this paper we present robust techniques for the
derivation of depth from feature points on a target’s surface
and for the accurate and high-speed tracking of moving tar-
gets. We use these techniques in a system that operates with
little or no a priori knowledge of the object- and camera-
related parameters to robustly determine such object-related
parameters as velocity and depth. Such determination of
extrinsic environmental parameters is essential for perform-
ing higher level tasks such as inspection, exploration, track-
ing, grasping, and collision-free motion planning. For both
applications, we use the Minnesota Robotic Visual Tracker (a
single visual sensor mounted on the end-effector of a robotic
manipulator combined with a real-time vision system) to
automatically select feature points on surfaces, to derive an
estimate of the environmental parameter in question, and to
supply a control vector based upon these estimates to guide
the manipulator.

1 Introduction

In order to be effective, robotic agents in uncalibrated
environments must operate in a flexible and robust manner.
The computation of unknown parameters (e.g., the velocity of
objects and the depth of object feature points) is essential
information for the accurate execution of many robotic tasks
(e.g., manipulation, inspection, and exploration) in unstruc-
tured settings. The determination of such parameters has
traditionally relied upon the accurate knowledge of other
related environmental parameters. For instance, traditional
approaches to the problem of depth recovery [3][4][7] have
assumed that extremely accurate measurements of the camera
parameters and the camera system geometry are provideda
priori , making these methods useful in only a limited number
of situations. Similarly, previous approaches [4][6] to visual
tracking assumed known and accurate measures of camera
parameters, camera positioning, manipulator positioning, tar-
get depth, target orientation, and environmental conditions.

This type of detailed information is not always available
or, when it is available, not always accurate. Inaccuracies are

introduced by positioning, path constraints, changes in the
robotic system, and changes in the operational environment.
In addition, camera calibration and determination of camera
parameters can be computationally expensive and error
prone. In particular, depth derivation and tracking techniques
that rely upon stereo vision systems require careful geometry
measurements and the solution of the correspondence prob-
lem, making the computational overhead prohibitive for real-
or near-real-time systems. Furthermore, many structure-from-
motion algorithms use simple accidental motion of the cam-
era that does not guarantee the best possible identifiability of
the depth parameter.

One solution to these problems can be found under the
Controlled Active Vision (CAV) framework [11]. Papanikolo-
poulos [11] gives an overview of CAV; the techniques pre-
sented are useful under many situations, including the appli-
cation areas we have selected: depth recovery and robotic
visual tracking.

Instead of an accidental motion of the eye-in-hand system
commonly used in depth extraction techniques [7][12][14],
we propose a controlled exploratory motion that provides
identifiability of the depth parameter. To reduce the influence
of workspace-, camera-, and manipulator-specific inaccura-
cies, an adaptive controller is utilized to provide accurate and
reliable information regarding the depth of an object’s feature
points. This information may then be used to guide operations
such as tracking, inspection, and manipulation [3][11].

We also propose a visual tracking system which does not
rely upon accurate measures of environmental and target
parameters. An adaptive controller is used to track feature
points on a target’s surface in spite of the unconstrained
motion of the target, possible occlusion of feature points, and
changing target and environmental conditions. Relatively
high-speed targets are tracked with only rough operating
parameter estimates and no explicit target models. Tracking
speeds are ten times faster and have similar tracking errors to
those reported by Papanikolopoulos [11].

We first present an enhanced SSD surface construction
strategy through search optimizations. We then briefly discuss
the motivation for our feature point selection scheme. Finally,
we discuss results from experiments in both the selected
applications using the Minnesota Robotic Visual Tracker.

2 Visual Measurements
Our depth recovery and robotic visual tracking applica-
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