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Abstract
Most early research in robotic visual tracking, especially
prior to 1990, separated the vision processing and robot
control aspects of the system. Recent attempts to solve the
problem close the control loop by incorporating the output of
the vision processing as an input to the control subsystem.
The Controlled Active Vision framework describes one such
approach wherein dynamic target, camera, and environmen-
tal factors are incorporated via adaptive controllers that uti-
lize the Sum-of-Squared Differences (SSD) optical flow
measurements as an input to the control loop. This paper
describes recent work at the University of Minnesota’s Artifi-
cial Intelligence, Robotics, and Vision Laboratory in devel-
oping the Minnesota Robotic Visual Tracker (MRVT), a
Controlled Active Vision robotic testbed. In addition,
enhancements to the basic SSD algorithm are presented that
produce order-of-magnitude improvements over previously
reported results.

1 Introduction

Fast and simultaneously accurate tracking is critical for
many real-time and near-real-time robotic and image pro-
cessing applications. While much work has been done on the
image processing and image understanding aspects of this
problem, relatively little work has been done to truly inte-
grate the vision processing with robot control. Typical
approaches implement the “look-and-move” paradigm
[1][2][11][14][22], in which the vision and control portions
of the system are separate. A static image is processed, the
manipulator is moved, another image is captured and pro-
cessed, etc. In addition, many approaches use detaileda pri-
ori knowledge of the camera model, the environment, and
the target to supplement the vision processing [4][13].

Recent solutions to the problem involve closing the con-
trol loop by incorporating the output of the vision processing
as an input to the control subsystem [8][17]. One example of
this type of approach is the Controlled Active Vision frame-
work [17]. Instead of heavily relying ona priori information,
this framework provides the necessary flexibility to operate
under dynamic conditions where many environmental and
target-related factors are unknown and possibly changing.
The Controlled Active Vision framework is based upon
adaptive controllers that utilize Sum-of-Squared Differences
(SSD) optical flow measurements [3] as an input to the con-
trol loop. The SSD algorithm is used to measure the dis-

placements of feature points in a sequence of images where
the displacements may be induced by manipulator motion,
target motion, or both. These measured displacements are
then used as an input into the robot controllers, thus closing
the control loop.

This paper describes the University of Minnesota Robotic
Visual Tracker (MRVT), a complete robotic visual servoing
testbed, and our implementation of a Controlled Active
Vision system. The MRVT provides a flexible environment
for the implementation of visual servoing tasks such as target
tracking and recovery of depth (see [18] for a discussion of
depth recovery). In developing the system, we enhanced and
significantly extended the vision subsystem over similar pre-
vious implementations, achieving order-of-magnitude
improvements in processing speed and system performance
over previously reported results.

In this paper, we first briefly discuss previous work in the
area. Then, we discuss the computation of the visual mea-
surements used in the tracking system, including an
enhanced SSD surface construction strategy and several opti-
mizations. Finally, we describe the MRVT hardware and
software architecture and present results from tracking
experiments using the MRVT.

2 Previous Work

Research into robotic visual tracking began in the early
1980’s. Initial research efforts in this area assumed a static
camera (as compared with one mounted on the robot itself)
[2][10] and performed only simulations [23]. Almost no
work took into account the dynamics of the robot in comput-
ing the control signal. Since then, various researchers have
expanded the problem to incorporate robot dynamics, mov-
ing camera models, or both, and several have focused on
using vision information in the dynamic feedback loop
[6][7][21]. Koivo and Houshangi [12] presented an adaptive
method of visual servoing using a static sensor. Hunt and
Sanderson [11] described robotic visual tracking techniques
applicable to slow-moving objects wherein the centroid of
the object is determined. Feddema [8][9] concentrated on the
control aspects of the problem. Papanikolopoulos [16][17]
developed the Controlled Active Vision approach that forms
the basis for the work described in the rest of this paper.



3 Visual Measurements

The visual measurements are based upon a simple camera
model and a measure of optical flow in a sequence of
images. They are combined with search-specific optimiza-
tions and a dynamic pyramiding technique in order to opti-
mize the performance of the system both in terms of the
speed of the vision subsystem and the maximum tracking
rate achieved.

3.1 Optical Flow Calculations

We use a matching-based technique known as the Sum-
of-Squared Differences (SSD) optical flow [3]. For the point
p(k–1) = (x(k–1), y(k–1))T in the image (k–1) where k
denotes thekth image in a sequence of images, we want to
find the pointp(k) = (x(k–1)+u, y(k–1)+v)T. This pointp(k)
is the new position of the projection of the feature pointP in
image(k). We assume that the intensity values in the neigh-
borhoodF of p remain relatively constant over the sequence
k. We also assume that for a givenk, p(k) can be found in an
areaA aboutp(k–1) and that the velocities are normalized by
time T to get the displacements. Thus, for the pointp(k–1),
the SSD algorithm selects the displacement∆x = (u, v)T that
minimizes the SSD measure

(1)

whereu,v∈ A, F is the neighborhood ofp, m andn are indi-
ces for pixels inF, andIk–1 andIk are the intensity functions
in images(k–1) and(k).

Feature points are selected using the SSD measure com-
bined with an auto-correlation technique to produce an SSD
surface corresponding to an auto-correlation in the neighbor-
hoodA [3] [17].

The size of the windowF must be carefully selected to
ensure proper system performance. Too small anF may pro-
vide insufficient information for accurate tracking while too
large anF increases the associated computational overhead
and enhances the background. 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
that are too large for the method to accurately capture. The
search optimizations and dynamic pyramiding techniques
are introduced to counter these latter concerns.

3.2 Search Optimizations

The primary source of latency in a vision system that uses
the SSD measure is the time needed to identify  in
equation (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 several schemes that,
when combined, reduce the search time significantly.

The first optimization used is loop short-circuiting. Dur-
ing the search for the minimum on the SSD surface (the
search for  and ), each SSD measure must be cal-
culated according to equation (1). This requires nested loops
for them andn indices. During the execution of these loops,
the SSD measure is calculated as the running sum of the
squared pixel value differences. If the running sum is
checked against the current SSD minimum as a condition on
these loops, the execution of the loops can be short-circuited
as soon as the running sum exceeds the current minimum.
This optimization has a worst-case performance equivalent
to the original algorithm plus the time required for the addi-
tional condition tests. On average, this optimization
decreases 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 last found on the surface and
to expand the search radially from that point. This heuristic
works well when the disturbances being measured are rela-
tively regular. In the case of target tracking, this corresponds
to targets that have locally smooth velocity and acceleration
curves. If a target’s motion does not exhibit such relatively
smooth curves, then the target is untrackable due to the
inherent latency in the video equipment and the vision pro-
cessing system. Furthermore, the manipulator trajectory
required to track such a target would likely be mechanically
unachievable by the system.

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
pattern then spirals out from this point, searching over the
extent ofu andv. This is in contrast with the typical indexed
search pattern where the search begins at the desired feature
location and indices are incremented in a row-major scan
fashion. Figure 1 contrasts a traditional row-major scan with
the spiral scan where the center position in each corresponds
to the position where the minimum was last found. This
search strategy may also be combined with a predictive con-
troller to begin the search for the SSD minimum at the posi-
tion that the controller indicates is the most likely location of
the minimum. Since the structure that implements the spiral
search pattern contains no more overhead than the loop
structure of the traditional search, worst-case performance is
identical. When combined with loop short-circuiting, this
optimization produces execution times 8-10 times better than
initial results.
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Figure 1: Traditional and spiral search pattern



The third optimization arose from the observation that
search times for feature points varied significantly, by as
much as 100%, depending upon the shape/orientation of the
feature. In determining the cause of the problem and explor-
ing possible solutions, we realized that by applying the spiral
image traversal pattern to the calculation of the SSD measure
we could simultaneously fix the problem and achieve addi-
tional performance improvements. Spiraling the calculation
of the SSD measure yields best-case performance that is
independent from the orientation of the target by changing
the order of the SSD calculations to no longer favor one por-
tion of the image over another. In the traditional calculation
pattern (a row-major traversal of the feature region) informa-
tion in the upper portion of the region is used before that in
the lower portion of the region, thus skewing the timing in
favor of those images where the target or the foreground por-
tion of the feature being tracked appears in the upper half of
the region. Additional speed gains are achieved because the
area of greatest change in the SSD measure calculations typ-
ically occurs near the center of the feature window, which
generally coincides with an edge or a corner of the target,
resulting in fewer calculations before the loop is terminated
in non-matching cases. Speed gains from this optimization
are approximately 40%.

When combined, these three optimizations (the loop
short-circuiting, the spiral search pattern, and the spiral SSD
calculation) interact cooperatively to find the minimum of
the SSD surface as much as 17 times faster on average than
the unmodified search.

Experimentally, the search times for the unmodified algo-
rithm averaged 136 msec over 5000 frames under a variety
of relative feature point motions. The modified algorithm
with the search-loop short-circuiting alone averaged 60-72
msec search times over several thousand frames with arbi-
trary relative feature point motion. The combined short-cir-
cuit/spiral search algorithm produced search times that
averaged 13 msec under similar tests and the combined
short-circuit, dual-spiral algorithm produced search times
that averaged 8 msec. Together these optimizations allow the
vision system to track three to four features at RS-170 video
rates (33 msec per frame) without video under-sampling.

3.3 Dynamic Pyramiding
Dynamic pyramiding is a heuristic technique that

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
(via subsampling) to enhance either the top tracking speed of
the manipulator or the positioning accuracy of the end-effec-
tor above the target [17].

In contrast, dynamic pyramiding uses multiple levels of
pyramiding (see Figure 2). The level of the pyramiding is
selected based upon the observed displacements of the tar-
get’s feature points. If the displacements are small relative to
the search area, the pyramiding level is reduced; if the dis-

placements are large compared to the search area, the pyra-
miding level is increased. This results in a system that
enhances the tracking speed when required, but is always
biased in favor of the maximum accuracy achievable. The
dynamic level switching thus allows the tracker to effectively
adjust to accelerations and decelerations of the target (when
the feature locations diverge from the expected) and then to
increase accuracy when the tracking adapts to the new,
higher or lower speed or when the target is at rest.

During the search process, the SSD measurements are
centered upon particular pixels in the pyramided search area
A. The size of the search area and which pixel positions are
selected (  in equation (1)) is dependent upon
which of the four levels of pyramiding is currently active.
The lowest level selects every pixel in a square  pixel
region of the current frame. Subsequent levels increase the
search and feature areas to cover a larger percentage of the
image, but subsample the images to achieve the same num-
ber of calculations (and consequently the same processing
time). Therefore, the second pyramid level searches every
other pixel in a  pixel region, the third pyramid level
searches every third pixel in a  pixel region, etc. The
current implementation uses a total of four pyramid levels.

4 The Minnesota Robotic Visual Tracker

The MRVT, shown in Figure 3, is a multi-architectural
system that consists of two main parts: the Robot/Control
Subsystem (RCS) and the Vision Processing Subsystem
(VPS).

The RCS is comprised of a PUMA 560 manipulator, its
associated Unimate Computer/Controller, and a VME-based
Single Board Computer (SBC). The manipulator’s trajectory
is controlled via the Unimate controller’s Alter line and

Level 1: 32x32
Level 2: 64x64

Level 3: 96x96

Level 4: 128x128

Figure 2: Dynamic pyramiding
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requires path control updates once every 28 msec. Those
updates are provided by an Ironics 68030 VME SBC running
Carnegie Mellon University’s CHIMERA real-time robotic
operating system [20]. A Sun SparcStation 330 serves as the
CHIMERA host and shares its VME bus with the Ironics
SBC via BIT-3 VME-to-VME bus extenders. BIT-3 extend-
ers are also used to allow shared-memory communications
between the RCS and the VPS.

The VPS receives input from a Panasonic GP-KS102
miniature camera that is mounted parallel to the end-effector
of the PUMA and provides a video signal to the Datacube
system for processing. The Datacube system is the main
component of the VPS and consists of a Motorola MVME-
147 SBC running OS-9, a Datacube MaxVideo20 video pro-
cessor, a Datacube Max860 vector processor, and a BIT-3
VME-to-VME bus extender. The bus extender allows the
VPS and the RCS to communicate via shared memory, elim-
inating the need for slower and more complex serial commu-
nication. The VPS performs the optical flow, calculates the
desired control input, and supplies the input vector via
shared memory to the Ironics processor for inclusion as an
input into the control software. The image processing is per-
formed under a pipeline programming model using Data-
cube’s ImageFlow libraries. The calculations required to
produce the desired control input are executed on the 147
SBC and transferred to the RCS via the BIT-3 shared mem-
ory using a simple handshake technique for synchronization.

5 Visual Tracking Results

We conducted multiple experimental runs for the tracking
of objects that exhibited unknown 2-D translational motion
with a coarse estimate of the depth of the objects. The targets
for these runs included books, batons, and a computer-gener-
ated 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 (see Figure 4) as targets in order to test the perfor-
mance of the system both with and without the dynamic pyr-
amiding. 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 optimizing schemes. Figure 5

shows the target trajectory and the manipulator path from
one of these experiments. With the pyramiding and search
optimizations, the system was able to track the corner of a
book moving along a linear trajectory at 80 cm/sec (see Fig-
ure 6). In contrast, the maximum speed reported by Papa-
nikolopoulos [17] was 7 cm/sec, representing an order of
magnitude increase in tracking speed. The dashed line is the
target trajectory and the solid line represents the manipulator
trajectory. The start of the experiment is in the upper left cor-
ner and the end is where the target and manipulator trajecto-
ries come together in the lower right. The oscillation at the
beginning is due to latency in the system and the switch to
higher pyramiding levels as the system compensates for the
acceleration of the target and the oscillations at the end are
produced when the target slows to a stop and the pyramiding
drops down to the lowest level. This results in the manipula-
tor centering above the feature accurately due to the higher
resolution available at the lowest pyramid level. The tracking
inaccuracies in the middle of the plot are due to inaccuracies
caused by the pyramiding, which loses data at the higher lev-
els. This results in poorer, but faster, tracking at higher
speeds and accelerations.

Once system performance met our minimal requirements,
testing proceeded to a computer-generated target where the
trajectory and speed could be accurately controlled. For
these experiments, the setup of the PUMA and the video
monitor to display the targets is shown in Figure 7. The tar-

Figure 4: Example targets
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get (the white box) traced either a square or a circle on the
video monitor while the PUMA tracked the target.

The first experiments traced a square and demonstrated
robust tracking in spite of the target exhibiting infinite accel-
erations (at initial start-up) and discontinuities in the velocity
curves (at the corners of the square). The results in Figure 8
show the oscillatory nature of the manipulator trajectory at
the points where the velocity curve of the target is discontin-
uous. The speed of the target in these experiments
approached 15 cm/sec.

The next set of experiments was performed using a target
that traced a circular path on the video monitor. This path
produces a smoothly varying velocity curve while retaining
the infinite acceleration of the target at start-up. We allowed
the experiments to continue for many loops of the target in
order to determine the response of the system over time. The
results demonstrated an initial oscillation due to the accelera-
tion at start-up followed by smooth tracking once the con-
troller compensated for the extreme initial disturbances. The
results of the circular tracking are shown in Figure 9. The
multiple manipulator paths demonstrate the repeatability
achieved using the controller, algorithms, and optimizations.
The target in this experiment moved with a speed of 35 cm/
sec. The oval-shaped manipulator trajectory visible in the
figure is caused by start-up conditions in the system. The last
three loops of the manipulator plotted in Figure 10 show the
nearly circular trajectory achieved once the system has stabi-
lized.

6 Future Work

There are several areas where this work can be extended
to improve the performance of the system and the range of
possible applications. One such area involves the enhance-
ment of the robot controller to improve the predictive aspect
of the tracking system. Better predictions of the feature loca-
tions will enable faster, more robust tracking by helping the
vision processing subsystem find the minimal SSD measures
sooner (thus enhancing the gains from the loop short-circuit-
ing) and by allowing the system track at a lower pyramid
level (thus improving the tracking precision). In addition,
further experimentation is needed both with controllers we
have implemented to track objects exhibiting 2-D transla-
tional motion with rotation and with planned controllers that
track 3-D translational motion and full six degree-of-free-
dom motion.

Other areas for improvement exist in the vision portion of
the system. One such area involves the selection of feature
points. In some cases features may be lost above certain pyr-
amid levels. Automatic evaluation of the feature points can
screen feature points for this property and either disqualify
these points for selection or flag them with a maximum pyra-
mid level for use in actual tracking. A similar issue is the size
of the feature window. The current implementation uses a
fixed window size (an issue discussed in [15]), but variable
sized windows selected on a feature by feature basis may
allow for more robust tracking.

One possible improvement to the pyramiding is in the
area of accuracy at higher pyramid levels. The current imple-
mentation trades accuracy for tracking speed by processing

Figure 7: Experimental setup
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at a higher pyramid level when the target is moving fast or
accelerating. By doing a full-resolution search in a small
area around the best-match at higher pyramid levels, it
should be possible to locate the target with a high degree of
accuracy for very little extra computational expense.

7 Conclusion

The Controlled Active Vision [17] framework provides a
robust yet flexible method for integrating vision processing
with robot control. The Minnesota Robotic Visual Tracker
supports the implementation of prototype applications using
the Controlled Active Vision framework. One such applica-
tion is the robotic visual tracker presented in this paper.

Several optimization techniques were presented that
greatly enhance the performance of the tracker. Dynamic
pyramiding, a technique for increasing the overall tracking
speed of the system, results in order-of-magnitude speed
improvements over results previously reported by Papaniko-
lopoulos [17]. In addition, several search and SSD optimiza-
tions were presented that result in considerable
improvements in the vision subsystem speed. Search spiral-
ing and one-frame predictive filtering, combined with loop
short-circuiting, allow the system to rapidly find minimal
SSD measures (indicating a close match to the feature tem-
plate) and limit the number of calculations. Spiraling of the
SSD measure calculations results in independence of the
processing speed from feature shape and/or orientation and
yields further improvements in processing speed.
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