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dynamic fyramiding technique prades a satisictory com-
promise to the speed/accwydctade-of inherent in static yr-
amiding techniques. The method-specific optimizations pre-
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Figure 5: Linear target path and manipulator trajectory
manipulator trajectory from one of theseperiments. Wh
the prramiding and search optimizations, the systeas able
to track the corner of a book whictagrmaing along a linear
path at 80 cm/sec. In contrast, the maximum speed reporteciEn
by Papanilolopoulos [11] vas 7 cm/sec, representing an
order of magnitude increase in tracking speed. The dashe
line is the taget and the solid line represents the manipulator

Once system performance met our minimal requirements
testing proceeded to a compufemerated tget where the
trajectory and speed could be accurately controlled. The tar-
get was displayed on a video monitor and the M\racled
the taget. The taget (a white box) traced a path on the video g
monitor while the MVR traclked the taget.

The &periments traced a square and demonstratagtrob (1]
tracking in spite of the tget exhibiting infinite accelerations
(at initial start-up) and discontinuities in thelecity cunes
(at the corners of the square). The results in Figsies8 the
oscillatory nature of the manipulator path at the points where
the welocity cune of the taget is discontinuous. (3]

6

7

ate

(2]

Conclusion

This paper presents nost techniques for the operation of (4

robotic agents in uncalibratedveronments. The techniques
presented prade ways of recwering unknavn workspace
parameters using the Controlled AetiVision framevork
[11]. In particular this paper presents vel techniques for
computing depth maps and for visual tracking through con- 6]
trolled actve exploration with an ge-in-hand system.

For the computation of depth maps, we propose a scheme
that is based on the automatic selection of features and th%]
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 thatigeo
maximum identifiability of the depth parameter

For the problem of visual tracking, we propose a technique (9]
based upon earlierark in visual serging [11] that achiees
superior speed and accwyabrough the introduction of ge
eral performance enhancing techniques. In particuls

m mm
150

(5]

(8]

[10]

150

100 100

[11]

50

mm
100

-100 -50 50 100 50 50 [12]

-50

(13]

-100

- 150

(14]

Figure 6: Target and manipulator paths

sented also enhancevevall system performance without
affecting worst-caseecution times.

Issues for future research include the automatic selection
of the feature windw size (an issue discussed in [9]) in order
to select a winde that has some xture \ariations, and the
implicit incorporation of the robot dynamics.
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Figure 2: MRVT system architecture
effectively searchesvery other piel in a64 x 64 pixel patch.
Consequentlythe fourth and highestJel searcheswery
fourth pixel in a128x 128 pixel patch.

3 Feature Point Selection

In addition to the system latgnand the déct of lage

(b)

Figure 3: Single can target and surface

We duplicated the first set okgeriments without the
checlerboard sudces wrapped around the cans. Instead, we
used the actual sade of the soda cans under normal lighting
conditions. This reduced the number of suitable feature points
as well as produced a non-uniform digttibn of feature
points across the sades of the cans. Additionallhe sur-
faces ehibited specularities and reflections which added

displacements, an algorithm based upon the SSD techniqueoise to the displacement measures. Thgetarand the

may fail due to repeated patterns in the intensity function of
the image or due to Ige areas of uniform intensity in the
image. Both cases can pide multiple matches within a fea-
ture points neighborhood, resulting in spurious displacement
measures. In order te@d this problem, our system automat-
ically evaluates and selects feature points.

results of the xperiment are shvn in Figure 4

For all experiments, the camera scaliragctfors and focal
length were taén directly from the documentation pided
by the manudcturer and controlleragns were set to match
the specifications of the RCS. Neither camera calibration nor
gain adjustment as performed for these@eriments.

Feature points are selected using the SSD measure com- The resulting data for the feature poin@swmot subjected

bined with an auto-correlation technique in the neighborhood
Q to produce a SSD sade [1][11]. Seeral possible confi-
dence measures can be applied to theasarfo measure the
quality of a potential feature point.oF discussion of our
approach and proposed confidence measures, see [13].

4  Modeing 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 sinilgrar-
ticular, Smithet al. [13] provide the depth reaery modeling
and controller design.apanilolopouloset al. [10] provide an
in-depth treatment of the modeling and controller design for
robotic visual tracking applications.

5  Experimental Design and Results

51 TheMRVT System

We hare implemented both the depth reeny and the
visual tracking on the Minnesota Robotidsial Traclker
(MRVT) system (see Figure).2The MR/T is a multi-archi-
tectural system which consists ofawnain parts: the Robot/
Control Subsystem (RCS) and thésign Processing Sub-
system (VPS). A discussion of the MRappears in [2].

5.2 Derivation of Depth

The initial experimental runs were conducted using tw
soda cans wrapped in a chedtoard sudce as tayets. The
leading edges of the cans were placed at 53 cm and 41 cm i
depth from the nodal point of the camera (see Figure)3 (a)
The initial depth estimate ag set to 25 cm in depth. The
reconstructed suates are shen in Figure 3 (b).

to sub-piel fitting nor multi-grid methods. The error in the
recovered depth of the majority of feature pointasmess
than the errorxpected for a measured displacement error of
one piel.

5.3 Visual Tracking

We conducted multiplexperimental runs for the tracking
of objects that hibited unknevn two-dimensional, transla-
tional motion with a coarse estimate of the depth of the
objects. The taets for these runs included books, batons,
and a computegenerated tget displayed on a Ige video
monitor. During the gperiments, we tested the system using
targets with linear and cued trajectories.

The first eperiments were conducted using a book and a
baton as tayets in order to test the performance of the system
both with and without the dynamigmmiding. These initial
experiments seed to confirm the feasibility of performing
real-time fyramid level switching and to collect data on the
performance of the system under theamiding and search
optimization schemes. Figure shaws the taget path and

(b)

Figure 4: Single can with real texture and surface




tions both use the same basic visual measurements that angoint where the minimum as found preiously and to
based upon a simple camera model and opticalrfleasure- expand the search radially from this point. Thisrks well
ments in a sequence of images (see [11][13]). The visualwhen the disturbances being measured arevelatiegular.
measurements are combined with search-specific optimiza— Under this heuristic, the search pattern in ([k])g image is
tions and a dynamic ypamiding technique in order to altered to bgin at the point on the SSD sack where the
enhance the visual processing from frame-to-frame and tominimum was located for thék —1) image. The search pat-
optimize the performance of the system in our selected appli-tern then spirals out from this point, searchimgradhe &tent

cations. of u andv. This is in contrast with the typical inkked search
. pattern where the indices are incremented inve-major
2.1 CameraModel and Optical Flow scan &shion. Figure 1 contrasts a traditional-nmajor scan

and the proposed spiral scan where the center position corre-

in [13]. In this paper we only present the outcome of the deri- SPONdS to the position where the minimuraswast found.
vation for the Sum-of-Squared Bifences (SSD) optical This search strafly may also be combined with a predieti

flow [1]. For a pointp(k-1), the SSD algorithm selects the controller to bgin the search for the SSD minimum at the
displacementx = (u, v)! that minimizes the SSD measure position that the predieste aspect of the controller indicates

The denation of the model and optical flomay be found

as the possible location of the minimum. In the general case,

e(p(k=1),8x) = search time is approximately hab\.
[L_g(x(k=1) +m),y(k—1) +n) — 1 When combined, these ooptimizations find the mini-
Z L (x(k—1) +m +u, y(k—1) + 1 +2) 21 mum of the SSD suate ten timesaster on gerage than the
mTON K 4 unmodified search. Experimentallhe search times for the
whereu,v Q, N is the neighborhood q@f, m andn are indi- unmodified algorithm vseraged 136 msecver 5000 frames
ces for piels inN, x andy are the indices gf in an imagd, under a ariety of relatve feature point motions. The com-
andl,_; andl, are the intensities in imag@s-1) and(k). bined short-circuit/spiral search algorithm produced search

The size of the neighborhoddmust be carefully selected  times which geraged 13 msec under similar tests.
to ensure proper system performanae $mall arl fails to . -
capture lage displacements while too ¢granN increases the ~ 2-3 ~ Dynamic Pyramiding
associated computationaVerhead and enhances the back-
ground. In either case, an algorithm based upon the SSD tech

nigue may &il due to inaccu_rate displac_ements. An algorithm ¢ o manipulator and high-speed tracking when the displace-
based upon the SSD technique may ailailie to too lage a ments of the feature points aredar Prgious applications

lateny in.the sy;tem or displacements resulting from motions 5o typically depended upon one preseelef pyramiding
of the object which are too e for the method to accurately 14 enhance either the manipulasotop tracking speed or its
capture. W introduce seeral techniques related to search positioning accuracwith respect to the tget [11].
optimizations and dynamicypamiding to counter these con- In contrast, dynamicysamiding uses multiple Vels of

cems. pyramiding. The leel of the yramiding is selected based
2.2 Search Optimizations upon the obseed displacements of the gat's feature
points. If the displacements are small rekatio the search

The primary source of lateyin a vision system that uses area, the yramiding level is reduced; if the displacements are

Dynamic pramiding is a heuristic technique which
attempts to resobsthe conflict between accurate positioning

the SSD measure is the time needed to computef in large compared to the search area, then ¥hanpiding level
Equation (2.1). @ find the true minimum, the SSD measure is increased. This results in a system that enhances the track-
must be calculatedver each possiblg(u, v§ . The time ing speed when requiredythis alvays biased indvor of the
required to produce an SSD sagé and to find the minimum  maximum accuracachiezable.

can be greatly reduced by emyilyg two schemes that, when During the search process, the SSD measurements are
combined, decrease the search time significantly in thecentered upon particular s in the pramided search area.
expected case. Which pixel positions are selected\¢ = (1,0} in Equa-

The first optimization used is loop short-circuiting. During tion (2.1)) is dependent upon which of the fowels of pyra-
the search for the minimum on the SSD acef (the search  miding is currently actie. The lavest lavel searches a square
for (4 ¥min) ), the SSD measure must be calculated 32x 32 pixel patch of the current frame. The secongkle
according to Equation (2.1). This requires nested loopsifor

andn. During the gecution of these loops, the SSD measure :: i :t
is calculated as the running sum of the squaredl padue I~ 1 s
differences. If the current SSD minimum is ctegtlaginst - T IK[ =
this sum as a condition on these loops, tkeretion of the :t &3 *
loops can be short-circuited when the running swoeeds == = Y w((]|
the current minimum. Onvarage, this type of short-circuit | e . v
realizes a decrease iregution time by adctor of two. = -

The second optimization is based upon the heuristic that @ Q)

the best place to b the search for the minimum is at the Figure 1: Traditional (a) and spiral (b) searches
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Abstract introduced by positioning, path constraints, changes in the
Flexible opeation of a pbotic ajent in an uncalibated robotic system, and changes in the operationat@ment.
environment equires the ability to @cover unknown or par- In addition, camera calibration and determination of camera
tially known paametes of the workspace tbugh sensingOf parameters can be computationallypensve and error
the sensa available to aabotic aent, visual senserpio- prone. In particulardepth desiation and tracking techniques

vide information that is ricer and moe complete than other that rely upon stereo vision systems require careful geometry
sensos. In this paper we psent obust tebiniques for the measurerrrents and the S(_)Iutlon of the correspondence prob-
derivation of depth &m featue points on a taet's surface lem, maklng_the computationaverhead prohibitie for real-

and for the accuate and high-speedaeking of ming tar- or n_earreal-tl_me systems_. Furthermore, mzmru_cture-from-

gets. V¢ use these thoiques in a system that opées with motion algorithms use simple accidental motion of rhe cam-
little or no a priori knowledg of the object- and canzer era that does not guarantee the best possible identifiability of

related paametes to obustly determine sicobject-elated the depth parameter

parametes as velocity and depth. Sudletermination of One solution to these problems can be found under the
extrinsic evironmental paametes is essential for perform- ~ Controlled Actve Vision (CA/) framework [11]. Fapanilolo-

ing higher level tasks sut as inspection, xploration, track- poulos [11] gves an werview of CAV; the techniques pre-
ing, grasping and collision-fee motion planningFor both serrted are useful under nyasituations, including the applr-
applications, we use the Minnesota Robotgu¥! Tracker (a cation areas we ke selected: depth reeery and robotic
single visual sensor mounted on the erfdlegér of a obotic ~ Visual tracking. _ _ _

manipulator combined with aeal-time vision system) to Instead of an accidental motion of thesen-hand system

automatically select featarpoints on surfaces, to derive an €Ommonly used in depthxaction techniques [7][12][14],
estimate of the eironmental paameter in question, and to W€ Propose a controlledxgloratory motion that prades
supply a conwl vector based upon these estimates to guide identifiability of the depth parametélio reduce the influence

the manipulatar of workspace-, camera-, and manipulagpecific inaccura-
cies, an adapte controller is utilized to prade accurate and
1 Introduction reliable information rgarding the depth of an objestfeature

points. This information may then be used to guide operations
In order to be déctive, robotic agents in uncalibrated such as tracking, inspection, and manipulation [3][11].

ervironments must operate in axiele and robist manner We also propose a visual tracking system which does not
The computation of unkmmn parameters (e.g., thelocity of rely upon accurate measures ofviesnmental and taet
objects and the depth of object feature points) is essentialparameters. An adapé controller is used to track feature
information for the accuratexecution of man robotic tasks points on a tayet's surhce in spite of the unconstrained
(e.g., manipulation, inspection, angpration) in unstruc-  motion of the taget, possible occlusion of feature points, and
tured settings. The determination of such parameters hashanging tayet and evironmental conditions. Relagly
traditionally relied upon the accurate kvledge of other high_speed tgets are tragd with on|y rough Operating
related ewironmental parameters.oF instance, traditional  parameter estimates and nxlicit target models. facking

approaches to the problem of depth wery [3][4][7] have speeds are ten timesster and he similar tracking errors to
assumed thatxéremely accurate measurements of the camerathose reported byapanilolopoulos [11].
parameters and the camera system geometry avelgda We first present an enhanced SSD aef construction

priori, making these methods useful in only a limited number strateyy through search optimizationsewhen briefly discuss
of situations. Similarlyprevious approaches [4][6] to visual  the motation for our feature point selection scheme. Finally
tracking assumed kmm and accurate measures of camera we discuss results fromxgeriments in both the selected
parameters, camera positioning, manipulator positioning, tar- gpplications using the Minnesota Robotisal Tracker.
get depth, tayet orientation, and gimonmental conditions. .

This type of detailed information is nowalys aailable 2 Visual Measurements
or, when it is &ailable, not akays accurate. Inaccuracies are Our depth receery and robotic visual tracking applica-



