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Abstract

Flexible operation of a robot in an uncalibratedismnment requires
the ability to receer unknavn or partially knavn parameters of the
workspace through sensing. Of the senswalable to a robotic
agent, visual sensors pide information that is richer and more com-
plete than other sensors. In this paper we preseostraéchniques
for the denvation of depth from feature points on agetis surbce
and for the accurate and high-speed tracking ofimgotaigets. V¢
use these technigues in a system that operates with littleagoriari
knowledge of the object-related parameters present in thieoan
ment. The system is designed under the Controlledvédfision
framework [16] and robistly determines parameters such el®city

for tracking meing objects and depth maps of objects with umkmo
depths and suaite structure. Such determination xtrisic erviron-
mental parameters is essential for performing highed kasks such
as inspection, »@loration, tracking, grasping, and collision-free
motion planning. Br both applications, we use the Minnesota
Robotic Visual Tracker (a visual sensor mounted on the erfdetbr

of a robotic manipulator combined with a real-time vision system) to
automatically select feature points on agds, to deve an estimate
of the enironmental parameter in question, and to supply a control
vector based upon these estimates to guide the manipulator

1. Introduction

In order to be déctive, robotic agents in uncalibratedveon-
ments must operate in a Xible and rolist manner The
computation of unknen parameters (e.g., thelacity of objects

and the depth of object feature points) is essential information for
the accuratex@cution of may robotic manipulation, inspection,
and eploration tasks in unstructured settings. The determination
of such parameters has traditionally relied upon the accurate
knowledge of other related eimonmental parameters. oF
instance, traditional approaches to the problem of depthegco
[4][5][11] have assumed thak&emely accurate measurements of
the camera parameters and the camera system geometry are pro-
vided a priori, making these methods useful in only a limited
number of situations. Similarlyprevious approaches to visual
tracking assumed kme and accurate measures of camera param-
eters, camera positioning, manipulator positioninggetadepth,
target orientation, and gimonmental conditions [5][9].

This type of detailed information is notnalys aailable or when

it is available, not avays accurate. Inaccuracies are introduced by
path constraints, changes in the robotic system, and changes in
the operational efronment. In addition, camera calibration and
the determination of camera parameters can be computationally
expensve and error prone. In particuladepth desiation and
tracking techniques that rely upon stereo vision systems require
careful geometry measurements and the solution of the correspon-
dence problem, making the computationaérhead prohibitie

for real- or neareal-time systems. Furthermore, mastructure-
from-motion algorithms use simple accidental motion of the cam-

era that does not guarantee the best possible identifiability of the
depth parametefo be efective in uncalibrated efronments, the
robotic agent must perform under ariety of situations when
only simple estimates of parameters (e.g., depth, focal length,
pixel size, etc.) are used and with little oranpriori knovledge
about the taget, the camera, or thevdérmnment.

One solution to these problems can be found under the Controlled
Active Msion framevork [16]. Instead of relying he#dy on a pri-

ori information, this framork provides the flgibility necessary

to operate under dynamic conditions where ynamvironmental

and taget-related dctors are unkmen and possibly changing.
The framevork is based upon adaygi controllers that utilize the
Sum-of-Squared Di¢érences (SSD) optical flo measurement

[1]. The SSD algorithm is used to measure the displacements of
feature points in a sequence of images where the displacements
may be induced by manipulator motion,gir motion, or both.
These measured displacements are then used as an input into the
robot controllers, thus closing the control loop. Adaptontrol
techniques are useful under ariety of situations, including our
application areas: depth reemy and robotic visual tracking.

Instead of an accidental motion of theén-hand system used in
mary depth etraction techniques [11][18][22], we propose a con-
trolled eploratory motion that prades identifiability of the
depth parametefio reduce the influence oforkspace-, camera-,
and manipulatespecific inaccuracies, an adapticontroller is
used to preide accurate and reliable informatiorgaeding the
depth of an objeat’ features. This information may then be used
to guide tracking, inspection, and manipulation operations
[4][16].

Additionally, we propose a visual tracking system that does not
rely upon accurate measures ofiemnmental and taget parame-
ters. An adaptie controller is used to track feature points on a
target’s surfice in spite of the unconstrained motion of thgegr
possible occlusion of feature points, and changirgetand evi-
ronmental conditions. Relagly high-speed tgets are tradd
with only rough operating parameter estimates andplicé tar-

get models. flacking speeds are ten timestier and ha similar
performance to those reported tgpBnilolopoulos [16].

In this paperwe present techniques for controlled robosiple-

ration. We first formulate the equations for visual measurements,
include enhanced SSD sack construction strages and optimi-
zations, and present the automatic feature point selection scheme.
Next, we denve the control and measurement equations used for
the adaptie controller and elaborate on the selection of the fea-
tures’ trajectories for the application of depth ey Finally,

we discuss results fronxgeriments in both of the selected appli-
cations using the Minnesota Robotisval Tracker (MRVT).

2. Visual measurements

Our depth receery and robotic visual tracking applications both



use the same basic visual measurements that are based upon atoo lage a lateng in the system or displacements resulting from

simple camera model and the measure of opticalifica tempo-

ral sequence of images. The visual measurements are combined
with search-specific optimizations and a dynamycamiding
technique in order to enhance the visual processing and to opti-
mize the performance of the system in our selected applications.

Camera model and optical flov

We assume a pinhole camera model withoaldvframe, Ry cen-
tered on the optical axis.&\also assume a focal lendtt\ point

P = X, Yo ZW)T in Ry, projects to a poirp in the image plane
with coordinategx, y). We can define tw scale &ctorss, and

to account for camera sampling andgpigize, and include the
center of the image coordinate syst@y c,) given in frame g
[16]. This results in the follwing equations for the actual image
coordinategxa, Ya):

f X

Xp = W+cx = X+, (2.1)
SxZW
fYyw

Ya = tc, = y+c,. (2.2)

SyZw
Any displacement of the poif can be described by a rotation
about an axis through the origin and a translation. If this rotation
is small, then it can be described as three independent rotations
about the three &sXy, Yy, andzZ,y [3]. We will assume that the
camera mees in a static eironment with a translationaklocity

(Ty, Ty, T, and a rotationalelocity (R, Ry R). The \elocity of
point P with respect to {§ can be gpressed as:

dP _

o = ~T-RxP. (2.3)

By taking the time devatives and using equations (2.1), (2.2),
and (2.3), we obtain:

' :[XL o Tx ]+ [Xysyfo_ 1. 2R+ ygiRz} (2.4)

Zy  ZwSx

1.7, Ty of 25y, Sx Sy

% —[yZW— fzwsy] + [Egy +y : %Rx—xyf Ry—xsyRZ]. (2.5)
We use a matching-based technique vikmoas the Sum-of-
Squared Diferences (SSD) optical flo[1]. For the pointp(k—1)
= (x(k-1), y(k-1)} in the image(k—1) wherek denotes thdth
image in a sequences of images, vantio find the poinp(k) =
(x(k-1)+u, y(k-1)+Vv}. This pointp(k) is the nev position of the
projection of the feature poiftin image k). We assume that the
intensity \alues in the neighborhoddof p remain relatiely con-
stant wer the sequende We also assume that for argink, p(k)
can be found in an ar€éaaboutp(k—1) and that the elocities are
normalized by timd to get the displacements. Thus, for the point
p(k—1), the SSD algorithm selects the displacentent (u, v)'
that minimizes the SSD measure

e(p(k-1),Ax) =
[1—1(x(k=1) +m), y(k-1) +n)—

m,%N L (x(k=1) + m+u, y(k=1) + n+v)]°
whereu,vO Q, N is the neighborhood @f, mandn are indices for
pixels inN, andl,_; andl, are the intensity functions in images
(k=1)and(Kk).

The size of the neighborhodd must be carefully selected to
ensure proper system performanaa $mall arN fails to capture
enough contrast while too g anN increases the associated
computational werhead and enhances the background. In either
case, an algorithm based upon the SSD techniqueailaué to
inaccurate displacements. Such an algorithm may aikdife to

(2.6)

motions of the object that are toodarfor the method to accu-
rately capture. W include techniques related to search
optimizations and dynamig/mmiding to counter these concerns.

Search optimizations

The primary source of lateymdn a vision system that uses the
SSD measure is the time needed to identiﬂyv)T in equation
(2.6). To find the true minimum, the SSD measure must be calcu-
lated aver each possibléu, v)T . The time required to produce an
SSD surdce and to find the minimum can be greatly reduced by
employing search-specific optimizations that, when combined,
divide the search time significantly in thepected case. These
search-specific optimizations are presented in [20]. These optimi-
zations allav the vision system described later in the paper to
track three to four features at RS-170 video rates (16 msec per
field, two fields per frame, 33 msec total withrtical blanking)
without video undesampling.

Dynamic pyramiding

Dynamic pyramiding is a heuristic technique that attempts to
resole the conflict between accurate positioning of a manipulator
and high-speed tracking when the displacements of the feature
points are lage. Preious applications hee typically depended
upon one preset\el of pyramiding to enhance either the top
tracking speed of the manipulator or the positioning acguréc

the end-dector abee the taget [16]. W& use the dynamicypa-
miding method described in [20] to reselthis conflict.

3. Feature point selection

In addition to lateng and the déct of lage displacements, an
algorithm based upon the SSD technique nadlydiie to repeated
patterns in the intensity function of the image or due telareas
of uniform intensity in the image. Both cases cawig®multiple
matches within a feature poistheighborhood, resulting in incor-
rect displacements measures. In ordenvtmdathis problem, our
system automaticallyvaluates and selects feature points.

Feature points are selected using the SSD measure combined with
an auto-correlation technique to produce an SSDaseir€orre-
sponding to an auto-correlation in the af@g1][16]. Several
possible confidence measures can be applied to thaceutd
measure the suitability of a potential feature point.

The selection of a confidence measure is critical since siach
measures lack the rostness required by changes in illumination,
etc. W& use a tw-dimensional displacement parabolic fit that
attempts to fit the parabola(Ax ) = anr2+ber+c to a
cross-section of the sade desed from the SSD measure [16].
The parabola is fit to the sade at predefined directionsap-
nikolopoulos [16] selected a feature if the minimum directional
measure was suficiently high, according to equation (2.6).

For the purpose of depthteaction, we gtend this approach in
response to the aperture problem [10]. Briefly stated, the aperture
problem refers to the motion of points that lie on a feature such as
an edge. An suficiently small local measure of motion can only
retrieve that component of motion orthogonal to the edge; An
component of motion due to mement other than rvement per-
pendicular to the edge is unreeoable due to multiple matches
for ary given feature point [10].

The impraved confidence measure for feature points permits the
selection of a feature if it has a fciently high correlation with

the parabola in a particular directiorarfinstance, a feature point
corresponding to an edge will onlyveaa high correlation in the
direction perpendicular to the edge.

This directional information is used during depth kexy to con-



strain the motion of the manipulator such that the displacements
of the feature point only occur orthogonal to the directional fea-
ture. This ensures that the only component of motion is precisely
that which be reoered under consideration of the aperture prob-
lem. This ideal motion is not \ahys achieable; therefore,
motions will occur that are approximatelut not completely
orthogonal to the directional feature. In response to this uncer-
tainty, SSD matches that lie closer to the direction of the ideal
manipulator motion will be preferred.

Directionally constrained features are not used during the tracking
of moving objects since the motion of such objects cannot be
characterized until after the selection of tracking features. If used,
multiple features with dissimilar directional measure are needed,
increasing verhead by at least adtor of two. Therefore, only
features that are determined to be omnidirectional (e.g., a corner
point) should be used for tracking applications.

4. Modeling and controller design

Modeling of the system is critical to the design of a controller to
perform the task at hand. In our application areas, the modeling
and controller designs are simjldut distinct. W present only

the depth reagery modeling and controller designagnilolo-
poulos et al. [15] pndde an in-depth treatment of the modeling
and controller design for robotic visual tracking applications.

Several robotic seming problems require accurate information
regarding the depth of the object of interest. When this depth is
not pravided a priori, it must be recgered from obsestions of

the ewironment via sensing. raditional vision-based depth
recovery techniques in robotic systems mayfesufrom \arious
problems, including computationaVerhead, ®pensve calibra-
tion, frequent recalibration, obstruction, and solution of the
correspondence problem.evpresent an alternedi algorithm for
depth recwery using the Controlled Aeg Mision framevork.

Consider an object at an unkwo depth with a feature poing,

on the suidce of the object. By mving the visual senspra
sequence of images and the respectirojections ofP can be
effected. By observing the changesRd$ projections in succes-
sive images, an estimate of the depthPofis derved. Ower
multiple images, this estimate can be refined using agajgth-
niques [19].

Previous work in depth receery using actie vision relied upon
random camera displacements tovide displacement changes in
thep(k)’s [7][12][18][22][23]. In our approach, we select features
automatically produce feature trajectories (afelient trajectory

for every feature), and predict future displacements using the
depth estimate [19]. The errors in these predicted displacements,
in conjunction with the estimated depth, are included as inputs in
the control loop of the system. Thus, thetnealculated mee-
ment of the camera will attempt to eliminate thgést possible
portion of the obsemd error while adhering toavious con-
straints. This purposeful mement of the visual sensor pides
more accurate depth estimates aastdr comergence.

For depth receery, we use the SSD optical floto measure dis-
placements of feature points in the image plare. & single
feature pointp, we assume that the opticaMiat time instankT
is (u(kT), v(kT)), whereT is the time between twsuccesse
frames. At time instarkT, the optical flav is given by:

U(KT) = ug(KT) + u (kT) 4.1)
V(KT) = vy (KT) + v (KT). 4.2)
Since we are reeering the depth of feature points on a static

object, the components of opticahfi@ue to the meement of the
object (,(KT) and v, (KT)) are zero. Also, equations (4.1) and

(4.2) do not account for the computational delayslired with
the calculation of the optical flo By taking these delays into
account, and by eliminating the flocomponents due to object
motion, these equations become

u(kT) = U ((k—=d+1)T) (4.3)

V(KT) = v ((k=d+1)T) (4.4)
whered is the computational delagdtor @ O {1,2,...}). In order
to simplify the notation, the inatek will be used instead dT.

By utilizing the relations
x(k + 1) —x(k)
T
vy = WerD=y(
and including the inaccuracies of the model (e.glewted accel-

erations, inaccurate robot control) as white noise, equations (4.3)
and (4.4) become

X(k+1) = x(k) + Tug(k—d+1) + vy (k)
y(k+1) = y(K) + Tv (k=d + 1) + v,y(k)
wherev,(K) andv,(k) are white noise terms withaxiancesoy
ando,? respectiely.
The abee equations may be written in state-space form as
p(k+1) = A(k)p(k) +
B(k—d+1)udk—d+1)+H(k)v(k)
where A(k) = H(k) =L, p() and v(k) OR?,
u(k—d+1)0 R® . The matrix B (k) O R is given by:

u(k) =

(4.5)

(4.6)
2

4.7
and
—f o x(k)

x(y(K)s, +X2(k)sx|] y(K)s,

ZW(k)SX Zw(k) f |:$: f D Sx .
—f y(k) _f.+y2(k)sy —x(k)y(k)sx x(k)s><
2y (K)s, Zy(K) S f f Sy
(4.8)
The \ector p(k) = (x(k), y(k)) is the state evctor

Ug(k=d+1) = (T, (k= d+1)T(k d+1),0,0,0,0) is
the control input gctor (only maement in the x-y plane of the
end-efector frame is used), and/(k) = (v,(k), v2(k)) is the
white noise ector

The term, B(k—d + 1)u (k—-d +1) O R® can be simplified to
—LT (k—d+1)

B(k-d+1)u (k-d+1) =T W Sx

T (k d+1)

ZW y

sinceZyy, does not ary over time and only thd',(k—d +1) and
Ty(k—d + 1) control inputs are used. By substitution into equa-
tion (4.7) and simplification, we ded the follaving:

f
=1 (k~d
E(m 1)} _ E(k)] ot — S Tk=d+1) +{V1(k)1.
k+1 k —f k
N P S WU TN AL

W

NI

4.10
The preious equation is used under the assumption th(at thé opti-
cal flov induced by the motion of the camera does not change
significantly in the time inteal T. Additionally, the interal T
should be as small as possible so that the relations thatigro



Tk—d+1) and T,(k—d+1) are as accurate as possible.
The parametel has as its lwer bound 16 msec (the sampling
rate of standard video equipment). If the upper bountl can be
reduced such that it isier than the sampling rate of the manipu-
lator controller (28 msec for the PUMA 560), then the system will
no longer be constrained by the speed of the vision fzaedw

The objectie is to design a specific trajectory (a set of desired
pt(k) = (xH(k), yEKk))I for successie k's) for every indi-

vidual feature in order to identify the depth param&tgrThus,

we have to design a controlWathat forces theye-in-hand system

to track the desired trajectory fovezy feature. Based on the

information from the automatic feature selection procedure we

select a trajectory for the featurarfexample, the ideal trajectory

for a corner feature is depicted in Figure 1. If the feature belongs

to an edge parallel to the y-axis, theik) is held constant at

ykhit - Then, the control objest function is selected to be

Fo(k+d) = EQ(py(k+d)—plk+d)) Q
0 (4.11)

where E{ Y{~ dénotes thiexgected alue’ 5 thé rdtdomaviable

Y, Pn(K)is the measured stateator and Q, Ly are control
weighting matrices. Based on the equation (4.10) and the minimi-
zation of the control objest functionF (k+d) (with respect

to the \ectorug(k)), we can devie the follaving control lav:

ug(k) = B (k)QB(k) +Lg4] B (KQ

. :
(P(K) =Pk + d)) + 5y B(k—i)ug(k—i)T
O = O

where E}Tk) is the estimatedalue of the matrixBQk) . The

matrix B(k) depends on the estimatedine of the deptlzyy.

The estimation of the depth parameter is performed by using the

procedure described in [16]. In order to use this procedure, we

must revrite equation (4.10) as folles (for one feature point):

(4.12)

Apm(k) = ZW ucnew(k_d) +n(k)
where

bp, (k) = p,,(k)-p,,(k-1)
Ly = f/(s,Zyy)
n(k) ON(0,N(k))

—T(k)

(4.13)

The objectie of the estimation scheme is to estimate the parame-
ter ¢,y for each indiidual feature. When this computation is
completed, it is tsial to compute the parametér Z,, that is
needed for the construction of the depth maps. It is assumed that
the matrixN(k) is constant N(k) = N ). We use the estimation
scheme described in [11][13] (for one feature point):

Lk = "Twk-1) (4.14)
) ok
X ax Y pax
X init Y¥init \
| P
ki ko ke ki ky ke

Figure 1: Desired trajectories of the features
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Figure 2: Tvo can taget

Por(k) = "pr(k=1) +s(k—1) (4.15)
O -1
“ork) = OFprik
pr(k) 5(;%( )+ 4.16)
WT 1 L, i L
g (k) = “pr(k)ul . (k—d)N" (4.17)
“Twtk) = ") +g' (k)
(4.18)

E}Apm(k) (kYo (k—d))

where the superscriptdenotes the predicteclue of a ariable,
the superscript denotes the updatedlue of a ariable, and (k)

is a cowariance scalaiThe initial conditions are described in [16].
The term”pr(0) can be vieed as a measure of the confidence
that we hae in the initial estimater{yy(0).

The depth reoeery process does not require camera calibration
nor precisely knan ervironmental parameters. Camera parame-
ters are tain directly from the manatturers documentation for
both the CCD array and the lens. Experimental results under this
process do not sigh significantly due to these estimates, as
shawn in the follaving sections.

5. Experimental design and results

The MRVT system

We hae implemented both the depth reen/ and the visual
tracking on the Minnesota Robotigsval Tracker (MRVT) sys-

tem [2]. The MR/T is a multi-architectural system that consists
of two main parts: the Robot/Control Subsystem (RCS) and the
Vision Processing Subsystem (VPS).

Derivation of depth

The initial xperimental runs were conducted using soda cans
wrapped in a cheekboard sudce as tayets. The leading edges

of the cans were placed at 53 cm and 41 cm in depth (see Figure
2). The majority of the errors in the calculated depths were on the
order of sub-pigl in magnitude. &r these runs, the initial depth
estimate was 25 cm. The reconstructed sweds of the dual can
experiment are shwn in Figure 3. The reconstructed sunés
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Figure 3: Reconstructed saces



Figure 4: Dual cans with realxteire

Figure 5: Reconstructed saces

shaw that the process has captured the @ume of both cans in
this experiment.

We duplicated the first set okgeriments without the cheek
board suréces wrapped around the cans. Instead, we used the
actual surdces of the soda cans under normal lighting conditions.
This reduced the number of suitable feature points as well as pro-
ducing a non-uniform distrision of feature points across the
surface of the cans. Additionajlyhe suraices of the cansiib-

ited specularities and reflections that added noise to the
displacement measures. Thegs (Figure 4) and the result (Fig-
ure 5) demonstrate that the additional noise and the ditribof
suitable feature pointsfatted the reogery of the curature on

the two surfices. The errors in these depth measures were typi-
cally on the order of a single gikin nature.

Visual tracking

We conducted multiple runs for the tracking of objects tkiibe
ited unknevn two- and three-dimensional motion with a coarse
estimate of the depth of the objects. Thegdts for these runs
included books, batons, and a compgtenerated taet dis-
played on a laye video monitar During the &periments, we
tested the system usingdets with linear and cued trajectories.

The first &periments were conducted using a book and a baton as
targets in order to test the performance of the system both with
and without the dynamicypamiding. These initial >@@eriments
sened to confirm the feasibility of performing real-timgramid

level switching and to collect data on the performance of the sys-
tem under theyramiding and search optimizing schemes. Figure
6 shavs both the tayet trajectory and manipulator path and the

mm mm
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200 300 400
600
400

200
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1 2 3 4 5

Figure 6: Spatial plot and distance vs. time plot

distance ersus time plot from one of theseperiments. Wh the
pyramiding and search optimizations, the systeas vable to
track the corner of a book thaa® mwing along a linear trajec-
tory at 80 cm/sec. In contrast, the maximum speed reported by
Papanilolopoulos [16] vas 7 cm/sec, representing an order of
magnitude impreement. The dashed line is thegeir trajectory
and the solid line represents the manipulator trajectdrg start

of the xperiment is in the upper left corner and the end is where
the taget and manipulator trajectories come together in tverlo
right. The oscillation at the bening is due to the switch to
higher gyramiding levels as the system compensates for the speed
of the taget. The oscillations at the end are produced when the
target slavs to a stop and theymmiding drops den to the lov-

est leel. This results in the manipulator centering \&hahe
feature accurately due to the higher resolutivailable at the
lowest fyramid level.

Once system performance met our minimal requirements, testing
proceeded to a compuigenerated tget where the trajectory
and speed could be accurately controlled. Treetaa white box)
traced either a square or a circle on the video monitor while the
PUMA tracled the taget

The first &periments traced a square and demonstrategstob
tracking in spite of the tget exhibiting infinite accelerations (at
initial start-up) and discontinuities in thelacity cunes (at the
corners of the square). The results in Figure 7 clearlw she
oscillatory nature of the manipulator trajectory at the points where
the \elocity cune of the taget is discontinuous. The speed of the
target in thesexgeriments approached 15 cm/sec.

Another set of gperiments vas conducted using the same setup,
only with a taget that traced a circle andhgbited Z-axis rota-
tions. In thesex@eriments, an appropriate controlleaswsed to
track both the translational and the rotational motion. A descrip-
tion of this controller can be found in [16].

The resulting data has been separated into the three components
of motion. Figure 8 shws the components of translational motion
along the X-axis and -#xis, and the rotational component of
motion about the Z-axis.

The tapget increases speeda the first 3 circular m®lutions to
lessen the &ct of the infinite accelerations mentioned earlier
Also, there is no rotational component of motion during this
“wind-up” The horizontal scale in these plots has a unit of
“cycles; corresponding to the 28 mseycte of the PUMAs Uni-
mate Computer/Controller

6. Conclusion

This paper presents rogt techniques for the operation of robotic
agents in uncalibrated @ronments. The techniques presented
provide ways of recaering unknavn workspace parameters using
the Controlled Actie Vision framevork [16]. In particulay this
paper presents mel techniques for computing depth maps and
mm mm
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Figure 7: Biget and manipulator paths
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Figure 8: Components of motion
for visual tracking through robotixploration with a camera.

For the computation of depth maps, we propose a scheme that is
based on the automatic selection of features and design of specific

trajectories on the image plane for eachvittlial feature. Unlik
similar approaches [8][11][12][18][22], this approach helps to
design trajectories that pride maximum identifiability of the
depth parameteDuring the gecution of the specific trajectory
the depth parameter is computed with the help of a simple estima-
tion scheme that tals into consideration the preus mawements

of the camera and the computational delays. The approach has

been tested andsal experimental results va been presented.

For visual tracking, we propose a technique based upon earlier
work in visual serging [16] that achiees superior speed and
accurayg through the introduction of geral performance enhanc-
ing techniques. In particulathe dynamic pramiding technique
provides a satisfctory compromise to the speed/accyraade-

off inherent in static yramiding techniques. These optimizations
apply to \arious rgion-based vision processing applications and
in our application, prade the speedup required to increase
directly the efiectiveness of the real-time vision system.

Issues for future research include the automatic selection of the
feature windw size (an issue discussed in [14]) in order to select
a windav that has some xeure \ariations, and the implicit incor-
poration of the robot dynamics.
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