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Abstract—Any given task can be solved in a number of
ways, whether through path-planning, modeling, or control
techniques. In this paper, we present a methodology for
natural task decomposition through the use of intrinsically
meaningful potential elds. Speci cally, we demonstrate that
using classical conditioning measutes in a concurrent control
framework provides a domain-generalmeansfor solving tasks.
Among the conditioning measueswe useare manipulability [1],
localizability [2], and range of motion. To illustrate the value of
our approachwe demonstrateits applicability to an industrially
relevent inspection task.

I. INTRODUCTION

Nikolai Bernsteinde ned dexterity in termsof an organ-
ism's versatility—bothphysically and cognitively—to adapt
to a rich and unpredictableervironment[3]. In this paper
we demonstratethe usefulnessof conditioning kinematic
chainsto respondcompetentlyunder such uncertainty As
a result, we shav how traditional conditioning measures
can be usedin a non-traditionalway: as plans to solve
behaioral problems.Suchtechniquesare not specic to a
task, but insteadprovide intrinsic elds that canbe applied
in manipulationand recognitiontasks.

Onesuchplanfor posturinga systemis throughisotropic
conditioning which allows for a tradeof in the ability to
perceve (input) errors and to impart (output) movements.
In such a way, isotropic conditioning exhibits a principle
of exibility and least commitment for unknavn future
circumstancesSucha methodologyis thereforeusefulwhen
programmingdexterousrobots that must achieve a variety
of complex behaior in uncertainreal-world ernvironments.
We also presentkinematic constaints—such as keeping
a manipulatoraway from its joint range limits—as con-
ditioning elds. All conditioning elds presentedin this
paper however, are similar in that they provide a system
with a potentialfunction that directsthe mechanisntoward
desirablekinematiccon gurations.

In this work, conditioning elds areuseddirectly aspoten-
tial elds which conditioningcontrollerscanfollow toward
“sweet-spots’wherethe device canyield optimal kinematic
properties.When emplgyed in a concurrentcontrol frame-
work, subordinateconditioningcontrollersmay increasethe
efciency of higherpriority, task-speci c, position or force
controllers.For example,in the presenceof uncertainty it
is bene cial to keep a manipulatorkinematically isotropic
whenmoving to graspanobjectof unknovn geometryWhen
conditioningcontrollersareusedassuperiorobjectives,such
as moving an acquiredobjectto a well-conditionedvisual
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sweet-spotthey provide goalsthat may increasethe effec-
tivenessand accurag of a task, suchasfeaturerecognition.
Conditioning controllersare formulatedin this paperusing
the contmol basisframevork for multi-objective control.

Il. RELATED WORK

The condition numberof the manipulatorJacobianwas
introducedby Salishury and Craig [4] to evaluatethe kin-
odynamicstateof a mechanismYoshikava extendedthese
ideasto provide a meansof optimizing the manipulability
of a mechanisnwhile performinga task[1]. The proposed
methodbiasesthe stateof the manipulatorto moreisotropic
con gurations where forces and velocities can be applied
equallyin ary direction.Examplesof mechanismemploying
kinematicandisotropicconditioningtechniquedasedon the
manipulatorJacobiancan be found in [5], [6], [7], [8], [9].
The conceptof isotropic conditioning is equally effective
for ary linear transformationand was later generalizedto
acceleratiorand inertial measureg10], [11], [5], [12], and
also to evaluate viewpoint quality in a stereosystemin
orderto maximize localization precision[2]. In this paper
we demonstratéhow kinematic conditioning underliesboth
the manipulabilityandlocalizability conceptsn the previous
literatureandthe role of both of theseconceptsn dexterous
inspectiontasks.

Using the sametechniques,anisotropic conditioning of
a mechanismcan be emplojed when the task is well-
speci ed aheadof time. Chiu demonstratechow to utilize
the redundang of a manipulatorto posturean end-efector
to optimize the application of velocities and forces along
known task directions [13]. In this work, it was showvn
how to increaseeither ampli cation or precisionalong a
speci ed task-directionln this paper we assumdittle prior
task knowledgeand focus on isotropic conditioningonly.

Section IV provides a descriptionof the control basis
framework for concurrentcontrol[14], [15]. This framewnork
has beenusedin mary domainsincluding grasp-control,
multi-robot mappingand localization,and walking gait for-
mulation [14], [16], [17]. SectionV presentsa meansof
representingconditioning metrics in terms of the control
basis.

I11. 1SOTROPIC CONDITIONING

The “condition” of a linear transformation,y = AX,
can be describedin termsof the deformationA causesto
input signals,x. The inuence of transformationA can



be visualized by mappingan m-dimensionalhypersphere
“test pattern” kxk? = x3 + x2 + :::+ x2, 1 through
ann m transformA to seehow it is distortedinto an
n-dimensionahyperellipsoid This “conditioning” ellipsoid
revealsthe directionaldependencef the transformation A
[5]. Figure 1 portrayssuchan analysisin two dimensions.
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Fig. 1. The distribution of inputs de®nedby the circle in the x plane,
xTx 1, mapsthrough A to an ellipsein the y plane de®nedby the
singularvaluesand singularvectorsof A, or equivalently, the eigervalues
andeigervectorsof AA T,

If output movementsare unknavn for a particular task
a priori, isotropic conditioning can improve the ability
of the manipulatorto responduniformly to unpredictable
eventsin unknovn geometrieslsotropicconditioningcanbe
accomplishedby examining the volume of the conditioning
ellipsoid. The volume of the ellipsoid can be appreciable
evenwhenthe matrix A is neara singularity but in general,
volumeincreasessthe conditioningellipsoidbecomesgnore
spherical.

In order to derive an analytical descriptionof the con-
ditioning ellipsoid's volume, note that the singular vectors
of A arethe eigervectorsof AA T and the singularvalues
of A are the squareroots of the eigervalues of AA T.
The ellipsoid is expressedin terms of its singular values

=[1 2 ml, in desce@lingorder of magnitude.
Theproductof thesingularvalues, inll i, yieldsameasure
proportionalto the volume of the ellipsoid. If A is singular
its volume is zero. Alternatively, the samemeasurecan be
computed

(A) = det(AA T):

A. Measue of Manipulability

Yoshikava appliedthe above analysisto the manipulator
JacobianJ,, and proposeda measue of manipulability
(MoM) that evaluatesthe kinematic “condition” of a robot
mechanism.Effectively capturing the distancethe mech-
anism is from a singularity this measurecan keep the
systemwell-conditionedto impart velocitiesor forcesin ary
direction. By Equation 1, the measureof isotropy of the

manipulatorJacobians de ned as:
q__
m = det(J,,Ih):

B. Measue of Localizability

We can also posethe stereoreconstructionof a unique
featureon two imageplanesasa kinematicsproblemandap-
ply the abore conditioninganalysis.The stereotriangulation
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equationsare usedto transforman oculomotorcon guration
into a Cartesiancoordinateof the feature.We can compute
the principal kinematic transformationsto evaluate visual
acuity as a function of the relative position of the feature.
We can constructan oculomotor Jacobianfor the stereo
triangulationequationsdr = J,d , thetransformatiorfrom

oculomotorto Cartesianvelocities.As such,the oculomotor
Jacobiarmay be usedto estimatethe sensitivityto errorsin

the obsered con guration, [ | r]. Applying Equation1

to the oculomotorJacobianJ, we can computethe visual

conditionof a stereocon guration:
q_——
det(J,J7

®3)

The oculomotor conditioning ellipsoid representghe error
covariancein stereolocalizationand consequentlythe spa-
tially anisotropicuncertaintyof the sterecimaginggeometry
We will thus de ne the measue of localizability MoL as
|. Figure 2 shavs the MoL for a stereocamerapair in
2-dimensions.This scalar eld is white where the stereo
geometryis well conditionedfor precisefeaturelocalization.

Fig. 2. The Relatve Localizability Scalar Field: for the 2-D case
det(J, J7 )72, Examplesof the localizability ellipsoid at several positions
marked by crosshairsare overlaid onto the ®eld.

Superimposedn the localizability eld in Figure 2 are
ellipsoids derived from J,J] at several positions marked
by crosshairsThe ellipsoidsillustrate the shape(if not the
magnitude)of the Cartesiarerror covariance.Generally the
lateral error is relatively small and the radial error canvary
dramaticallydependingon the position of the feature.

IV. THE CONTROL BASIS

The conditioning elds presentechbore will be useddi-
rectly asarti cial potentials.Controlinputsin the quasistatic
casecan be computedas the gradientof theseconditioning
potentials We will formulatethesecontrollersusingthe con-
trol basisframework for discretesventdynamicsystemg14],
[15], [18]. Controlleri is denoted ;.

Concurrentcontrol commandsare constructedby pro-
jecting the output of a subordinatecontrollet ,, into the
nullspaceof a higher priority controller ;1 The nullspace
N1 of the control commandof 1 is (I Jf J1) whereJ;
is the Jacobianmatrix of the objective with respectto the
con guration variables and Ji# is its pseudoimerse [5].



Nullspaceprojectionscan be chainedtogetherto capturean
arrayof prioritized control objectves.Our shorthandor this
nullspaceprojectionis written usingthe “subject-to” operator
“/" [14]. For example, o/ i—read,” , subject-to ;"—
capturesthe casewhere subordinatecontroller , projects
outputsinto the nullspaceof the superiorcontroller ;.

V. CONTROLLER DEFINITIONS

In this section, we de ne controllers that allow for a
mechanisnto optimizethe systems con guration according
to the conditioningmetricsdescribedabove.

A. Isotropic Conditioning Contmollers

For anisotropic manipulatorconditioning eld, we de ne
a potential eld accordingto its gradient:
g9

Peo(@) = go Gt IF)

@)
We de ne a kinematicconditioningcontroller . thatcom-

putesan error accordingto the gradientof this eld, and

movesto maximizethe systems isotropic conditioning.

For the oculomotor Jacobiand, ( ) , we can describea
potential eld accordingto the gradientof the corresponding
relative localizability scalar eld:

q

. ©)

We de ne a visually conditioning controller . that com-
putesan error accordingto this gradient,and movesto max-
imize the systems isotropicvisualacuity The ¢ controller
canbe’dexterous”—itcanengageeithermanipulatoror head
degreesof freedomto ascendhe eld.

Pve( ) = det(J,Jy

B. Constaint Posturing Contmollers

In additionto conditioningobjectivesthatfollow gradients
de ned by the shapeof the Jacobiantransformationswe
canapply other objective elds that posturethe mechanism
towardsdesirablekinematiccon gurations.In particular we
will describea metricthat measuregroximity to joint range
limits anda metricthatmeasureproximity to self-collisions.

For an n-dimensionalmechanism,we can de ne a n-
dimensionalcosine eld aroundthe centerof eachjoint's
range of motion. The eld for a set of joint anglesq is
de ned by:

X
Crom (@) = cogri(g)) (6)
[
where
G G
ri(g)= ———— 7
|(Q) Cmax Omin ( )
In this equation,gnax and gmin  representthe upper and
lower limits of ¢'s range of motion, and ¢ = (Cmax

Omin )=2. This eld providesa corvex potentialthatis cen-
tered halfway betweeneachjoint's upperand lower limits.
We cande ne a controller oy that movesa setof joints
accordingto the gradientof this eld:

9 o (@) ®)

Prom(Q) = aq

It may also be useful to de ne an objectve function
that preventsa mechanisnfrom self-collisions.ldeally, this
function fops may be harmonic or sub-harmonic.In the
experimentgresentedn this paperwe usea simplepotential
eld approach19] andde ne the controller gps.

C. REACH Contwller Composition

In this section,we describethree REACH compositecon-
trollers that allow a robot to optimize the conditioningmet-
rics describedabore in the presencef othertaskobjectives.

1) Reading to a Target Location: Often, we desire a
manipulator to move to a desired location in Cartesian
spaceA controllaw canbe de ned usingoperationakpace
motion control to bring a systemto a given reference[20].
We will de ne sucha controlleras pos. We optimize the
metrics describedabore as much as possibleby projecting

the conditioning objectives into the nullspaceof os. We
de ne the rst REACH controlleras:

R1= rom/! «ke¢/ pos/ obs 9)

2) Multi-Objective Conditioning Contollers: Further

more, we can describeintrinsic goals of the systemthat
bring the manipulatorto well-conditioned locations. The
following two controllaws bring the systemto kinematicand
oculomotor“sweet-spots’while still preventing collisions.

R2= rom/! «kc! obs (10)

and

R3= rom/! kc! wve! obs (11)

Thesethree control laws provide useful actionsthat can be
assemblednto policies basedon task requirementslt is
importantto note the prevalenceof conditioningmetricsin
thesepolicies which we will see examplesof in the next
section.

VI. EXPERIMENTS

We now presentdemonstrationsn which isotropic and
constrainttonditioningcontrollersareassembleéh a concur
rent control framewnork. The demonstrationsvere performed
on the the bimanual humanoid robot “Dexter,” seenin
Figure 3. This robot has a 2-DOF pan/tilt head equipped
with two Sory camerascapableof stereotriangulationand
two 7-DOF Whole-Arm Manipulators(BarrettTechnologies,
CambridgeMA). EachWAM is equippedwith a 3- nger, 4
DOF BarrettHand and 6-axis nger-tip load cells.

In the rst demonstrationmanipulability is optimizedin
the courseof reachingto an objectof unknavn shapesuch
that a grasp controller may achieze wrench closure. Next,
a concurrentcontrol law is usedto condition the state of
the mechanisnsubjectto maintaininga graspon the object.
Lastly, it is shavn how thelocalizability metric may be used
to inform action selectiondependingon the characterof
the visual featuresto be inspected Salientfeaturesof some



objectsare inspectablémmediately othersmustbe grasped
and moved to conditionthe stereovision systemfurther

Concurrentontrollaws describedn SectionV-C, areused
to reachto well-conditionedlocationseither exclusively or
subjectto reachingto a target location. The kinematiccon-
straintcontrollersare alsoemployed to ensurecollision-free
movementsand limitations with respectto joint rangesof
motion. The resultis that conditioningcontrolis subordinate
to every control task submittedto the robot.

A. Graspingan Object

Previous work by Coelho[18] and Platt [17] provided a
control formulation for achiezing a wrench closure grasp
on an object with shapeunknavn a priori. The resulting
controller . minimizesthe net wrenchresidualbetween
the ngers in contactwith the object.This controllerrequires
the dexterous application of movementsand forces, and
demonstrateshe necessityfor conditioningthe mechanism
before and during grasp controller execution when these
movementsand forcesare not knovn aheadof time.

In our rst setof experimentsthe robotbeginsin a start
con guration determinedby the execution of oy . This
positionis corvenientbecauset placesboth armsabove the
tableasseenin Figure 3(a), but doesnot obstructthe stereo
heads view of ary objectplacedon thetable.Therobotthen
reachesothof its armstowardsa box placedin its reachable
workspace.The position of the box is recovered through
stereotriangulationand backgroundsubtractiontechniques.
Whenlocalizationcompletesthe robot employs control law

r1 to bring its armscloseto the box, asseenin Figure3(b).
At this point, . takesover to achieve wrenchclosure.

Fig. 3. (a)and(b) shawv therobotafterlocalizingthe box beforeandafter,
respectrely, having completeda bimanualreachto its location.

B. Conditioningthe Grasp

Oncewrenchclosureis achieved, the arm con gurationis
optimizedfor the averagemanipulabilityof botharmssubject
to maintainingthe grasp.The initial graspis governedby
complianceto the objectgeometry However, aftera graspis
achieved, the robot may recon gure to better kinematically
isotropic,arm postureswhile preservingthe wrenchclosure.

Figures4(a) and 4(b) shav the robot beforeand after the
executionof the new control combination:

cg ~— (12)

Figures4(c) and4(d) shav the trajectoryof the robot's arms
and the box for two instancesof this control law. Figure 5

r2/  we

shawvs theincreaseof the MoM averagedover six executions
of g performedon the robot after graspingthe box from
different starting positions and orientations,all within the
robot's reachablevorkspaceShawn in the graphis the MoM
for each arm individually, as well as their average.The
averageMoM was the metric optimized,as can be seenby
the signal’s monotonicincrease.

MoM for Left Arm
~ — — MoM for Right Arm
Average MoM for Both Arms

Measure of Manipulability (MoM)

0.15F

100 150 200 250 300 350 400 450 500
Control lterations

0 50

Fig.5. Thisgraphshavs theincreasan manipulabilitythatoccursthrough
the executionof g after the box hasbeengrasped.The plot shavs the
measureof manipulability (MoM) for eacharm individually, and averaged
over 6 trials performedon the robot after graspingthe box from different
startingpositionsand orientations.

C. Objectldenti cation

In the nal exampleof the usefulnessof kinematic con-
ditioning, we demonstrate controllerdesignedo move the
graspedbijectinto a visually conditioned*‘sweet-spot”such
thatabarcodepatternonthe object’s surfacecanbeinspected
and classi ed. This task requiresa visual perspectie com-
patible with the required spatial precisions.The robot can
achiere stereocon gurations that provide the appropriate
visual acuity by ascendinghe localizability eld. Figure 6
showvs how the measureof localizability metric | increases
accordingto controllaw g3 for both one-andtwo-handed
grasps.Figure 7 shavs the robot after the executionof this
control law while maintaininga two-handedgrasp.

For theseexperiments a barcodepatternbelongingto one
of three different setswas placedon the robot-facing side
of the box usedin the previous demonstrationsEach set
of patternscontainsthree test-patternghat have the same
maximumspatialfrequeny bandwidth,designatedas either
“high,” “low,” or “medium” Figure 9 shaws the three sets
of three patterns.Table | shavs the width of the smallest
period T of eachbarcodepattern,aswell astheir expected
pixel resolutionon the robot's camerasand the MoL metric
at three different depthsxq. Thesevalueswere calculated
for the 640x480imagesusing a pinhole cameramodelwith
a focal length of 837 mm. The depthscorrespondto the
location of the box 1) in the centerof the tablein front of
the robot, after localizing it, 2) after the robot hasgrasped
the box using control law  r2>/ ¢ (using a two handed
grasp),and 3) after the executionof controllaw r3/ we.
The views from the robot's left cameraat eachstageof the
policy are seenin Figure 8.



(@) (b)

Fig. 4.

()

01 02 03 04 05

05 04 03 02 -01 0

©

01 0z 03 04 05 05 04 03 02 -01 0

(d)

(a) and(b) shav picturesof the robot beforeand after the executionof cg. (c) and(d) shav top-dovn representationsf two sampletrajectories

the robot follows during executionof the samecontrol law. Note thatthe con®gurationf the robot's hands(joining the armsto the object)arenot shovn.
Thesegraphswere generatedrom actualpositioninformation. Time progresse$rom light to dark.

@

(b)

Fig. 8. Screen-shotfrom the robot's left camera(a) with the box on the table, (b) with the box graspedwith controllaw g2/ wc, and3) following
the executionof Rr2/ wc. These640x480pixel imageswere capturedwhile one of the high-frequeng patternswas placedon the box.

Leftam Botn Arms

asure of Localzabilly (MoL)

e
Measure.

@ (b)
Fig. 6. (&) shaws the increaseof the measurdocalizability metric under
r3 While graspinga small object. (b) shavs the samemetric when the
robot graspsthe larger box with two hands.Notice how the increaseis
greaterfor the smaller object. This performancegain is a result of being
unconstrainedy the wrench closurecontroller which in the two handed
casehasto maintainthe relative positionsand orientationsof both hands.

TABLE |
PIXELS PER PERIOD AND MoOL
| [[ xa =100cm | xg =75cm [ xg =50cm |

Thig n = 2 mm 167 232 335
Tmediam = 6 MM 5.02 6.97 10.04
Tiow = 30mm 25.11 33.48 50.02

[MoL [ 105 [ 232 [ 731 |

For each patternin each test set and for the pattern
perceved from the robot's left camera,the barcodewas
converted to a string of intervals basedon color and bar
width. Classi cation was then performed by nding the
lowestmean-squaredrror matchbetweenthe perceved test
patternandthe threepatternsn the same(known) frequeng
class.Figure10 shavs theaccuray in classi cationfor each
patternset at eachof the three locations (on the table, at

Fig. 7.
rR3/

This picture shows the robot after the execution of control law

wc-

the most bimanual manipulableposition, and where there
is the most visual acuity subjectto self-collisions). Each
classi cation bar is the averageresultfrom tentrials. It can
be seenthatthe ability to perceve higherfrequencieslearly
increasesvhen moving the objecttowardsthe visually con-

ditioned“sweet-spot. Note that, dueto the symmetryof the

bimanualsystemthe executionof controllaw g2/ ¢ also
brings the objectto a more visually isotropic con guration

then when the object is on the table. These experiments
suggestthat, if the spatialfrequeng of the test patternsis

known, the robot can actively decidewhich action needsto

be taken—hav closethe robot needsto bring the objectto

its cameras—taccuratelyperform classi cation.

VIl. DiscussiION AND CONCLUSIONS

In this paperwe introduceda uniform treatmentof condi-
tioning of the manipulatorand oculomotorJacobiansThe
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Fig. 9. The barcodepatternsusedfor classi®cationexperiments.Patterns
(a-c) are the low-frequeng patterns,and were randomly generated.(d-

f) are medium-frequeng patterns,representinghe charactersA, B, and

C, respectrely, in the Code-39 barcode standard. The high-frequeng

patterns(g-i), are the Code-39encodedstrings ROBOT, DEXTER and

AMHERST, respectrely. Eachpatternis 10 cm square.

% Correct Classification
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Fig. 10. Theclassi®catiorerrorof eachof the barcodepatterngroupswhile
the box is on the table, at the most bimanually manipulableposition, and

at the mostvisually acuteposition. It is clearthat classi®cationof the low-

frequeng box is successfulvhile the objectis on the table. After moving

theobjectcloserusing r2/ wec, thelow- andmedium-frequeng patterns
are classi®able After the executionof r3/ wc, Wherevisual acuity is

maximal,all threefrequeng patternsare classi®ablewith a high degreeof
accurag.

resulting metrics provide objectives that can be attached
as subordinategoals to other behaior, or as that can be
usedas superiorobjectives to bring the systemto intrinsic

“sweet-spots. Furthermorewe demonstratéiow controllers
designedo optimizethesemetrics,alongwith task-speci c,
and constraint-dien controllers, can be emplged in a

combinatorichasisto achieve a wealthof “natural” behaior

for a robot system. The control laws provide important
behaior that a robot operatingin an unknovn ervironment
may employ in light of uncertainfuture circumstances.

Theideaspresentedh this paperalsosuggesa methodfor

performingsensorfusion to accuratelylocalize the position
or size of graspedobjects. Computing the conditioning
ellipsoidsof visualandspatialacuity metricsprovide the rst

and secondmomentsneededfor the applicationof Kalman
Filter estimationtechniques Although, a demonstratiornof
this ideais beyond the scopeof the currentpaper it is the
subjectof currentresearch.
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