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Abstract

A new �eld of robotics is emerging. Robots are today moving towards applications
beyond the structured environment of a manufacturing plant. They are making their
way into the everyday world that peopleinhabit. The paper focuseson models, strate-
gies, and algorithms associated with the autonomous behaviors neededfor robots to
work, assist, and cooperate with humans. In addition to the new capabilities they
bring to the physical robot, thesemodels and algorithms and more generally the body
of developments in robotics is having a signi�cant impact on the virtual world. Hap-
tic interaction with an accurate dynamic simulation provides unique insights into the
real-world behaviors of physical systems. The potential applications of this emerging
technology include virtual protot yping, animation, surgery, robotics, cooperative de-
sign, and education among many others. Haptics is one area where the computational
requirement associated with the resolution in real-time of the dynamics and contact
forcesof the virtual environment is particularly challenging. The paper describesvari-
ousmethodologiesand algorithms that addressthe computational challengesassociated
with interactive simulations involving multiple contacts and impacts betweenhuman-
like structures.
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1 In tro duction

The successfulintroduction of robotics into human environments will rely on the develop-

ment of competent and practical systemsthat are dependable,safe, and easy to use. To

work, cooperate, assist,and interact with humans, the new generationof robot must have

mechanical structures that accommodate the interaction with the human and adequately

�t in his unstructured and sizableenvironment. Human-compatiblerobotic structures must

integrate mobilit y (leggedor wheeled)and manipulation (preferably bi-manual), while pro-

viding the neededaccessto perception and monitoring (head camera) (Hirai et al. 1998;

Takanishi et al. 1998;Khatib et al. 1999;Asfour et al. 1999;Nishiwaki et al. 2000). These

requirements imply robots with branching structures - tree-like topology involving much

larger numbers of degreesof freedom than those usually found in conventional industrial

robots. The substantial increasein the dimensionsof the corresponding con�guration spaces

of these robots renders the set of fundamental problems associated with their modeling,

programming,planning, and control much more challenging.

The �rst of thesechallengesis the whole-robot modeling, motion coordination, and dy-

namic control. For robots with human-like structures, tasksare not limited to the speci�ca-

tion of the position and orientation of a single e�ector. For theserobots, task descriptions

may involve combinations of coordinatesassociated with oneor both arms, the head-camera,

and/or the torso amongothers. The remaining freedomof motion is assignedto various cri-

teria related to the robot posture and its internal and environmental constraints.

There is a largebody of work devoted to the study of motion coordination in the context

of kinematic redundancy. In recent years,algorithms developed for redundant manipulators

have beenextendedto mobile manipulation robots. Typical approaches to motion coordi-

nation of redundant systemsrely on the use of pseudoor generalizedinversesto solve an

under-constrainedor degeneratesystemof linear equations,while optimizing somegiven cri-

terion. Thesealgorithms areessentially driven by kinematic considerationsand the dynamic

interaction betweenthe end e�ector and the robot's self motions are ignored.

Our e�ort in this area has resulted in a task-oriented framework for whole-robot dy-

namic coordination and control (Khatib et al. 1996). The dynamic coordination strategy
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Figure 1: Manipulation and Posture Behaviors: a sequenceof three snapshotsfrom the
dynamic simulation of a 24-degree-of-freedomhumanoid system,whosemotion is generated
from simple manipulation and posture behaviors.

we developed is basedon two modelsconcernedwith the task dynamics(Khatib 1987a)and

the robot posture behavior. The task dynamic behavior model is obtained by a projection

of the robot dynamics into the spaceassociated with the task, while the posture behavior

is characterizedby the complement of this projection. To control these two behaviors, a

consistent control structure is required. The paper discussesthesemodels and presents a

unique control structure that guaranteesdynamic consistencyand decoupledposture con-

trol (Khatib 1995),while providing optimal responsivenessfor the task (seealso Figure 1).

The paper also presents recently developed recursive algorithms which e�cien tly address

the computational challengesassociated with branching mechanisms. Dynamic simulation

of virtual environments is another important area of applications of these algorithms. In

addition, he paper discussesour ongoinge�ort for the development of a generalframework

for interactive haptic simulation that addressesthe problem of contact resolution.

A robotic system must be capableof su�cien t level of competenceto avoid obstacles

during motion. Evenwhena path is provided by a human or other intelligent planner, sensor

uncertainties and unexpected obstaclescan make the motion impossibleto complete. Our

research on the arti�cial potential �eld method (Khatib 1986)hasaddressedthis problem at

the control level to provide e�cien t real-time collision avoidance.Due to their local nature,

however, reactive methods are limited in their abilit y to deal with complex environments.

Using navigation functions (Koditschek 1987) the problemsarising from the locality of the

potential �eld approach can be overcome.Theseapproaches,however, do not extend well to
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robots with many degreesof freedom,such as mobile manipulators. Our investigation of a

framework to integrate real-time collision avoidancecapabilities with a global collision-free

path hasresulted in the elastic band approach (Quinlan and Khatib 1993),which combines

the bene�ts of global planning and reactive systemsin the executionof motion tasks. The

conceptof elasticbandswasalsoextendedto nonholonomicrobots (Khatib et al. 1997). The

paper discussesour ongoing work in this area and presents extensionsto the elastic strip

approach (Brock and Khatib 2002), which enable real-time obstacleavoidance in a task-

consistent manner. Task behavior can be suspendedand resumedin responseto changesin

the environment to ensurecollision avoidanceunder all circumstances.

Taken in conjunction, thesecontributions form a signi�cant component of the the algo-

rithmic foundation required for robots to work, assist,and cooperate with humans. Aspects

of motion generation, such as task-oriented control, redundancy exploitation, or obstacle

avoidanceconsistent with global motion objectives can be addressedby the proposedap-

proaches, even for robots wit complex kinematic structures. In addition, the methods for

simulation and haptic interaction facilitate programming of thesesystemsin virtual envi-

ronments, a much lesscostly and risky approach whencomparedto verifying the correctness

of a program generatingrobot motion on the real robot. The abilit y to accurately simulate

the robot's motion, in particular when in contact with the environment, is a prerequisitefor

the practical application of learning algorithms to �ne motion generation,task execution,or

similar aspectsof motion.

2 Whole-Rob ot Con trol: Task and Posture

Human-like structures sharemany of the characteristics of macro/mini structures (Khatib

1995): coarseand slow dynamic responsesof the mobilit y system(the macro mechanism),

and the relatively fast responsesand higher accuracyof the arms(the mini device). Inspired

by thesepropertiesof macro/mini structures, we have developed a framework for the coordi-

nation and control of robots with human-like structures. This framework provides a unique

control structure for decoupledmanipulation and posture control, while achieving optimal

responsivenessfor the task. This control structure is basedon two models concernedwith

the task dynamic behavior and the robot posture behavior. The task behavior model is ob-
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tained by a projection of the robot dynamicsinto the spaceassociated with the e�ector task,

and the posture behavior model is characterizedby the complement of this projection. We

�rst present the basic models associated with the task. In a subsequent sectionwe present

the whole-robot coordination strategy and posture control behavior.

2.1 Task Dynamic Behavior

The joint spacedynamicsof a manipulator are described by

A(q)•q + b(q; _q) + g(q) = � (1)

where q is the n joint coordinates, A(q) is the n � n kinetic energymatrix, b(q; _q) is the

vector of centrifugal and Coriolis joint forces,g(q) is the vector of gravit y, and � is the vector

of generalizedjoint forces.

The operational space formulation (Khatib 1987b) provides an e�ectiv e framework for

dynamic modeling and control of branching mechanisms(Russakow et al. 1995),with mul-

tiple operational points. The generalizedtorque/force relationship (Khatib 1987b;Khatib

1995) provides the decomposition of the total torque, � (equation 1) into two dynamically

decoupledcommandtorque vectors: the torque corresponding to the task behavior command

vector and the torque that only a�ects posture behavior in the nullspace:

� = � task + � postur e (2)

For a robot with a branching structure of m e�ectors or operational points, the task is

represented by the 6m � 1 vector, x, and the 6m � n Jacobianmatrix is J (q). This Jacobian

matrix is formed by vertically concatenatingthe m 6 � n Jacobian associated with the m

e�ectors.

The task dynamic behavior is described by the operational spaceequationsof motion

(Khatib 1995)

�( x)•x + � (x; _x) + p(x) = F (3)

wherex, is the vector of the 6m operational coordinates describingthe position and orien-

tation of the m e�ectors, �( x) is the 6m � 6m kinetic energy matrix associated with the
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operational space. � (x; _x), p(x), and F are respectively the centrifugal and Coriolis force

vector, gravit y force vector, and generalizedforce vector acting in operational space.

The joint torque corresponding to the task commandvector F, acting in the operational

spaceis

� task = J T (q)F (4)

The task dynamic decouplingand control is achieved using the control structure

F task = b�( x)F?
motion + b� (x; _x) + bp(x) (5)

where,F?
task represents the inputs to the decoupledsystem,andb: represents estimatesof the

model parameters.

2.2 Posture Dynamic Behavior

An important consideration in the development of posture behaviors is the interactions

betweenthe postureand the task. It is critical for the task to maintain its responsivenessand

to be dynamically decoupledfrom the posture behavior. The posture can then be treated

separately from the task, allowing intuitiv e task and posture speci�cations and e�ectiv e

whole-robot control. The overall control structure for task and posture is

� = � task + � posture (6)

where

� posture = N T (q)� desired� posture (7)

with

N (q) =
�
I � J (q)J (q)

�
(8)

whereJ (q) is the dynamically consistent generalizedinverse(Khatib 1995),which minimizes

the robot kinetic energy

J (q) = A � 1(q)J T (q)�( q) (9)
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and

�( q) = [J (q)A � 1(q)J T (q)]� 1 (10)

This relationship provides a decomposition of joint forcesinto two control vectors: joint

forcescorresponding to forcesacting at the task, J T F, and joint forcesthat only a�ect the

robot posture,N T � posture. For a giventask this control structure producesjoint motions that

minimize the robot's instantaneouskinetic energy. As a result, a task will be carried out by

the combined action of the set of joints that re
ect the smalleste�ectiv e inertial properties.

To control the robot for a desiredposture, the vector � desired� posture will be selectedas

the gradient of a potential function constructed to meet the desiredposture speci�cations.

The interferenceof this gradient with the task dynamicsis avoided by projecting it into the

dynamically consistent nullspaceof J T (q), i.e. N T (q)� desired� posture .

Figure 2: Dynamic Consistencyand Posture Behaviors: a sequenceof snapshotsfrom the
dynamic simulation of a 24-degree-of-freedomhumanoid system. On the left, the task is
to maintain a constant position for the two hands, while achieving hand-eye coordination.
The posture motion hasno e�ect on the task. On the right, the task also involveshand-eye
coordination and motion of the commonhand position. This position is interactively driven
by the user. The posture is to maintain the robot total center-of-massalong the z-axis.

Dynamic consistency is the essential property for the task behavior to maintain its re-

sponsivenessand to be dynamically decoupledfrom the posturebehavior sinceit guarantees

not to produce any coupling accelerationin the operational spacegiven any � nul l . In Fig-

ure 2 (left), the robot (a 24-degree-of-freedomhumanoid system) was commandedto keep

the position of both hands constant (task behavior) while moving its left and right in the
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nullspace(posture behavior). Notice that dynamic consistencyenablestask behavior and

posture behavior to be speci�ed independently of each other, providing an intuitiv e control

of complexsystems.

For instance,the robot posturecanbe controlled to minimize the sumof the joint gravit y

torques. Such a behavior can be implemented by specifying the posture energyfunction to

be

Vposture� energy(q) =
1
2

kx2
gravit y (11)

where k is a constant gain, xgravit y represents the vector of the joint gravit y torques. The

gradient of this function

� desired� posture = J T
gravit y(�r Vposture� energy); (12)

where Jgravit y represents the Jacobian of the vector of gravit y compensating torques, pro-

vides the required attraction to the con�guration that minimized joint gravit y torques. The

resulting behavior is illustrated in the simulation shown in Figure 3 and Extension 1. The

task shown involvesthree operational point associated with the arms and head.

Collision avoidancecanbe alsointegrated in the posturecontrol asdiscussedin section4.

With this posture behavior, the explicit speci�cation of the associated motions is avoided,

sincedesiredbehaviors are simply encoded into specializedpotential functions for various

typesof operations.

More complexposturebehaviors can be obtained by combining variouspostureenergies.

Wearecurrently exploring the generationof human-likenatural motion from motion capture

of human and the extraction of motion characteristicsusing human biomechanical models.

For a dynamic simulation of a fully articulated human skeleton seeExtension 2.

2.3 E�cien t Op erational Space Algorithms

Early work on e�cien t operational spacedynamic algorithms has focusedon open-chain

robotic mechanisms. An e�cien t O(n) recursive algorithm was developed using the spatial

operator algebra (Rodriguez et al. 1989;Kreutz-Delgado et al. 1991) and the articulated-

body inertias (Featherstone1987). A di�eren t approach that avoidedthe extra computation
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Figure 3: The robot minimizes gravit y torque using postures: the task involvesthree oper-
ational points associated with the arms and the headwhile the posture motion requiresthe
kneesto minimize joint gravit y torques. The starting posturehasthe kneesof the humanoid
bent. Upon activation the posturecontrol straightens the kneesto minimize gravit y torques
as shown in the data graph on the right.

of articulated inertias alsoresulted in an O(n) recursive algorithm for the operational space

dynamics(Lilly 1992;Lilly and Orin 1993)Building on theseearly developments, our e�ort

wasaimedat algorithms for robotic mechanismswith branching structures that alsoaddress

the issueof redundancyand dynamicsin the nullspace.

The most computationally expensiveelement in the operational spacewhole-body control

structure (equation 6) is the posture control, which involvesthe explicit inversionoperation

of the n � n joint spaceinertia matrix A of (equation 9), which requiresO(n3). We have de-

veloped a computationally more e�cien t operational spacecontrol structure that eliminates

the explicit computation of the joint spaceinertia matrix and its inverse. This elimination

wasachieved by combining the dynamically consistent nullspacecontrol and the operational

spacecontrol in a computationally more e�cien t dynamic control structure.

Using this control structure, we have developed a recursive algorithm for computing the

operational spacedynamicsof an n-joint branching redundant articulated robotic mechanism

with m operational points (Chang and Khatib 2000). The computational complexity of this

algorithm is O(nm + m3), while existing symbolic methods requireO(n3 + m3). Sincem can

be consideredas a small constant in practice, this algorithm attains a linear time O(n) as

the number of links increases.

The algorithm proceedsby traversingthe robot's branching representation both outward
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(from the baseto the end e�ectors) and inward (from the end e�ectors to the base); it is

sketched below:

1. In ward Recursion: Compute the spatial operators:

Given h
i X (13)

h
i L = h

i X
�
I � Si Si

�
(14)

2. Out ward Recursion: Compute the block diagonalmatrices starting with 
 0;0 = 0:


 i;i = Si D � 1
i ST

i + i � 1
i L T 
 i � 1;i � 1

i � 1
i L (15)

3. Out ward Recursion: Compute the block o�-diagonal matriceswith nearestcommon

ancestorh of links i and j:


 i;j =

8
><

>:

return if i = j = h
h
i L T 
 T

j ;h elseif j = h


 i;h
h
j L otherwise

(16)

4. Spatial Transformation: Compute the components of the inverseoperational space

massmatrix with respect to the end e�ectors e

� � 1
ei ;ej

= i
e1

X T 
 i;j
j
ej

X (17)

� � 1
e = f � � 1

ei ;ej
g (18)

5. Matrix In version: Computed the extendedoperational spaceinertia matrix � e, by

inverting � � 1
e

whereSi represents the joint degreesof freedomin freespace,Si represents the dynami-

cally consistent generalizedinverseof Si , D i represents a projection of the articulated inertia

(Featherstone1987), h
i L represents the dynamically consistent force propagator, ei and ej

are pairs of end e�ectors and h
i X represents the spatial quantit y propagator (Chang and

Khatib 2000). Similar algorithms are used to compute the inverseand forward dynamics,

the Jacobian, the Coriolis and Centrifugal forcesand the gravit y forcesin both joint and

operational spaces(Chang 2000).
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Thesealgorithms can be usedto generatedynamic simulations for complex articulated

bodies. Figure 4 and Extension 3 show a simulation of a controlled jump of a skiing

humanoid robot. Figure 5 shows a simulation the samerobot standing up from a sitting

position while manipulating a box. This simulation includesan extensionof abovealgorithms

addressclosed-chain branching mechanismswith a computational complexity of O(nm + m3)

(Chang et al. 2000).

Figure 4: The imageshows intermediatesnapshotsof a motion during a dynamic simulation
involving contacts and impulses between an articulated body and its environment. The
sliding motion and subsequent jump and landing are dynamically simulated in interactive
time.

Figure 5: These two imagesshow the motion of a humanoid robot combining task and
posture constraints. Operational points at the hands are used to de�ne the manipulation
task, while another operational point on the hip permits to specify the rising behavior of the
torso. Posture energiesare employed to yield a natural-looking overall motion.

Other important dynamic properties and quantities of branching mechanisms can be
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computed with the recursive framework presented above. One of them is the computation

of reaction forcesto impulsesat a contact point c:

1. Giv en: qi , _qi and yc

2. In ward Recursion: Compute the articulated-body impulse vector:

yA
i � 1 ,

�
yA

i = � i
cXy c

�
(19)

3. Out ward Recursion: Compute the instantaneouschangesin the joint velocity and

the spatial velocity:

� qi = � D � 1
i ST

i yA
i � Si

i � 1
i X T � v i � 1 (20)

� v i = i � 1
i X T � v i � 1 + Si � _qi (21)

whereyc is the spatial impulse when the collision occurred at the contact point c.

2.4 Cooperativ e Manipulation

The development of e�ectiv ecooperation strategiesfor multiple robots platforms is an impor-

tant issuefor both the operations in human environments and the interaction with humans.

Human guidedmotionsmay involve tightly constrainedcooperation performedthrough com-

pliant motion actions or less restricted tasks executedthrough simpler free-spacemotion

commands.Several cooperative robots, for instance,may support a load while being guided

by the human to an attachment, or visually following the guide to a destination.

Our approach is basedon the integration of two basic concepts:The augmented object

(Khtaib 1988)and the virtual linkage(Williams and Khatib 1993). The virtual linkagechar-

acterizesinternal forces,while the augmented object describesthe system'sclosed-chain dy-

namics. For systemsof a mobilenature, a decentralized control structure is neededto address

the di�cult y of achieving high-rate communication betweenplatforms. In the decentralized

control structure, the object level speci�cations of the task are transformed into individual

tasks for each of the cooperative robots. Local feedback control loops are then developed
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at each grasp point. The task transformation and the design of the local controllers are

accomplishedin consistencywith the augmented object and virtual linkagemodels (Khtaib

1988;Williams and Khatib 1993). This approach hasbeensuccessfullyimplemented on the

Stanford robotic platforms for cooperative manipulation and human-guidedmotions.

3 Multi-Con tact Simulation

Beyond their immediate application to physical robots, thesee�cien t dynamic algorithms

are making a signi�cant impact on the simulation and interaction with the virtual world.

The computational requirements associated with the haptic interaction with complex dy-

namic environments are quite challenging. In addition to the needfor real-time free-motion

simulation of multi-b ody systems,contact and impact resolution and constrained motion

simulation are alsoneeded.

Building on the operational spaceformulation, we developed a generalframework (Rus-

pini and Khatib 1999)for the modeling of generalmulti-p oint collision and contact between

articulated multi-b ody systems.The set of contact points de�ne a task spacefor which an

operational spaceinertial matrix can be constructed. This matrix � as in equation 10 char-

acterizesthe dynamic relationship betweenthe contacts in the environment. In simulation

the task becomesone of ensuringthe the velocities and accelerationsat the contact points

do not permit inter-penetration. In collision, it hasbeenshown that the con�guration space

velocities after collision can be modeledby the equation:

_q+ = Jv+ +
�
I � JJ

�
_q� : (22)

where J is the dynamically consistent inverseJacobian for the contact spaceas described

in equation9, and v+ represents the desired velocities (greater then zero) at the contact

points(Ruspini and Khatib 1999).

The generalizedframework aids is separatingthe equationsof motion of the systemfrom

the particular collision resolution method. Properties of the collision model can also more

readily be assessed.For examplefor a simple empirical collision modelssuch asv+ = � �v � ,

where v+ and v� represents the relative velocities at the contact points before and after

contact it can be demonstratedthat the changein kinetic energyof this model is governed
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by the equation:

� K E = (� 2 � 1)
1
2

v� T � v� : (23)

As such it can be seenthat the total kinetic energyof the systemis conserved if the collision

is completely elastic (� = 0) while the total energy lost during collision for an in-elastic

collision (� = 1) is all the energyprojected into the contact space.

Computing the contact spaceinertia matrices � for a number of m contact point on a

branching mechanism is achieved with an e�cien t O(nm + m3) recursive algorithm. The

simulation systemhasbeenusedsuccessfullyusedin a teaching environment to allow students

to test and debugtheir control algorithms beforeattempting to run them on a real system.

Correspondencebetweenthe real and simulated systemhasbeenvery close,although more

rigorous systematic comparisonsbetween the real and virtual systemsis still an ongoing

topic of research.

The contact spacerepresentation allows the interaction betweengroupsof dynamic sys-

tems to be described easily without having to examine the complex equations of motion

of each individual system. In addition the incorporation of haptic interaction permits a

intuitiv e direct handson experience.

Figure 6 and Extension 4 illustrate an exampleof a complexsimulation involving many

contacts between two humanoid �gures and a number of objects. This framework was in-

tegrated with our haptic rendering system(Ruspini et al. 1997) to provide a generalenvi-

ronment for interactive haptic dynamic simulation. The multi-contact interactions between

robot and objects in the environment appear visually correct; we are currently investigating

the physical �delit y of our multi-contact simulation.

4 Task-Consisten t Elastic Plans

The control methods presented in Section2 allow the consistent control of task and posture

for robots with complex mechanical structures, such as human-like robots. To perform or

assistin the executionof complexactions,however, thesecontrol structureshave to be linked

with motion generatedby a planner. Furthermore, sinceunstructured environments can be

highly dynamic, such an integration hasto accommodate unforeseenobstaclemotion in real
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Figure 6: The sequenceshows the dynamic interaction betweentwo �gures and a number of
objects. The dynamics,contacts, and control are computed in interactive time.

time, while conforming to constraints imposedby the task. We have developed algorithms

that perform task-consistent, real-time path modi�cation to addressthis issue.

4.1 Real-Time Path Mo di�cation

The elastic band (Quinlan and Khatib 1993)was developed to allow real-time modi�cation

of a previously planned path, e�ectiv ely avoiding a costly planning operation in reaction to

changesin the environment. More recently, this framework wascomplemented by the elastic

strip framework (Brock and Khatib 2002).

The elasticstrip framework augments the representation of a path computedby a planner

with a description of free spacearound that path. Collision avoidancecan be guaranteed, if

the work spacevolume swept by the robot along its path is contained within the freespace.

Real-time path modi�cation is implemented by subjecting the entire path to an arti�cial

potential �eld (Khatib 1986), keeping the path at a safe distance from obstacles. The

modi�cation of the path in accordancewith thosepotentials is performedwhile ensuringthat

the volumeswept by the robot along the path is always contained within the representation

of local free space.This results in \elastic" paths, which deform in reaction to approaching
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obstacles,while maintaining the global properties of the path.

In addition to the repulsive,externalpotential, wealsoapply internal forcesto consecutive

con�gurations of the robot alongthe path. This shortensand smoothesthe path. The overall

behavior of of a path represented in the elastic strip framework can be comparedto a string

of elastic material: as obstaclesapproach, the path is locally modi�ed or \stretched" by

repulsive forces;oncethe obstaclemoves further away, internal forcesshorten and smooth

the path. Such behavior is shown in the top left imageof Figure 7. The end e�ector of the

robot is commandedto move on a straight line. The original path generatedby the planner

is a simplestraight-line motion, asno obstaclesare present. The imageshows the path after

two mobile obstaclesmove into the path.

The elasticstrip framework scalesto robots with many degreesof freedomand with many

operational points, as it avoids a costly search for collision-free motion in con�guration

space. Instead, it employs simple work space-basedpotential �elds in conjunction with

aforementioned control structures to modify a previously plannedmotion in real time.

4.2 Task-Consisten t Path Mo di�cation

In dynamic environments it is desirableto integrate reactive obstacleavoidancewith task

behavior. To accomplishthis we extend the overall control structure for task and posture

behavior (equation 2) by adding torques � obstacle representing desired obstacle avoidance

behavior:

� = � t ask + � postur e + � obstacle

Both, � postur e and � obstacle have been mapped into the nullspaceof the task, as shown

in equation 7. Using this control structure, the task-consistent obstacleavoidancebehavior

shown in the secondimageof Figure 7 is achieved. Note how without task-consistencythe

end e�ector deviates signi�cantly from the required straight-line tra jectory. Using task-

consistent obstacleavoidance,the end e�ector only deviatesminimally from the task, ascan

be seenin the graphsshown in Figure 7 (seealsoExtensions5, 6, and 7).

This approach of integrating task and obstacle avoidance behavior can fail, however,

whenthe torquesresulting from mapping � obstacle into the nullspaceyield insu�cien t motion
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Figure 7: Top imagesshow from left to right: real-time obstacleavoidancewithout task
consistency, with task consistency, and transitioning betweentask-consistent and non task-
consistent behavior. Lines indicate tra jectories of the base,elbow, and end e�ector. The
end-e�ector task is to follow a straight-line tra jectory. Without task-consistencythe end-
e�ector deviates signi�cantly from the task, as shown in the leftmost image and graph.
With task consistency, the end-e�ector is following a straight line and the end-e�ector error
is minimal (middle image and graph). On the right, the task of following a straight-line
tra jectory is suspended;the corresponding graph shows the tra jectory of the baseand the
associated end-e�ector error.

to ensureobstacle avoidance. In such a situation it would be desirable to suspend task

executionand to realizeobstacleavoidancewith all degreesof freedomof the robot.

Using the dynamically consistent nullspace,N (J (q)) of equation 8, associated with the

task. The coe�cien t

c =
kN T (J (q)) � obstaclek

k� obstaclek

corresponds to the ratio of the magnitude of the torque vector � obstacle mapped into that

nullspace to its unmapped magnitude. This coe�cien t is an indication of how well the

behavior represented by � obstacle can be performed inside the nullspace of the task. We

experimentally determine a value cs at which it is desirableto suspend task execution in

favor of the behavior previously mapped into the nullspace. Once the coe�cien t c assumes

a value c < cs, a transition is initiated. During this transition task behavior is gradually

suspendedand previousnullspacebehavior is performedusing all degreesof freedomof the
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manipulator. The motion of the manipulator is now generatedusing the equation

� = �
�
J T (q) F + N T (J (q)) � obstacle

�
+ � � obstacle (24)

where � 2 [0::1] is a time-basedtransition variable, transitioning between1 and 0 during

task suspensionand between 0 and 1 during resumption of the task, and � = (1 � � ) is

de�ned as the complement of � .

The experimental results, performed on the Stanford Assistant Manipulator, for such

transitioning behavior can be seenin Figure 7. The image on the top right shows how

despite task-consistent obstacleavoidancethe task has to be suspendedto ensureobstacle

avoidance.Below, the graph shows how the basedeviatessigni�cantly from the straight line

in responseto the obstacle.The end e�ector, however, maintains the task until it has to be

suspended. The graph also shows that the task is resumedin a smooth manner, after the

basehaspassedthe obstacle.

Task-consistent modi�cation with the elastic strip framework was also demonstratedin

experiments on the Stanford Robotic Platform (see Figure 8 and Extension 8). During

theseexperiments the end-e�ector error generallydid not exceed2mm; in someexperiments

motion with sub-millimeter error was achieved. The motion of the obstacle,a Scout robot,

is perceived using a SICK laser range�nder.

Figure 8: Demonstrating task-consistent obstacleavoidancewith the Stanford Robotic Plat-
form. The end-e�ector performs a straight-line motion, while the baseavoids the obstacle,
which is perceived using a laser range�nder.
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5 Conclusion

Advancestoward the challenge of robotics in human environments depend on the devel-

opment of the basic capabilities neededfor both autonomousoperations and human/robot

interaction. In this article, we have presented methodologiesfor whole-robot coordination

and control, cooperation between multiple robots, interactive haptic simulation with con-

tact, and the real-time modi�cation of collision-freepath to accommodate changesin the

environment.

For the whole-robot coordination and control, we presented a framework which provides

the user with two basic task-oriented control primitiv es: task control and posture control.

The major characteristic of this control structure is the dynamic consistencyit provides in

implementing thesetwo primitiv es: the robot posture behavior has no impact on the end-

e�ector dynamic behavior. While ensuringdynamic decouplingand improved performance,

this control structure provides the user with a higher level of abstraction in dealing with

task speci�cations and control.

Addressingthe computational challengesof human-like robotic structures, we presented

e�cien t O(nm + m3) recursive algorithms for the operational spacedynamicsof mechanisms

involving branching structures and closedchains. Building on the operational spaceformu-

lation, we alsodevelopeda framework for the resolutionof multi-contact betweenarticulated

multi-b ody systems.The computational e�ciency of the dynamic algorithms developed for

physical robots provided the interactivit y neededfor haptic simulation of complex virtual

environments.

The elastic strip framework allows the integration of obstacleavoidancewith the task-

oriented control structure. It providesfor real-time motion generationthat combinesobstacle

avoidanceand task execution. When kinematic or external constraints imposedby obstacles

make it impossibleto maintain the task, task-consistent obstacleavoidanceis suspendedand

all degreesAs the constraints are relaxed, the task is resumedin a smooth manner. Using

the elastic strip framework, motion for complexkinematic structures can be generatedvery

e�cien tly, as the required computationsare mostly performedin work spaceand asa result

are independent of the number of degreesof freedomof the mechanism.
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tra jectory is suspended;the corresponding graph shows the tra jectory of the
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List of Multi-Media Extensions

Extension 1

Type: Video

File: extension01.mpg

Caption: Task and posture control sequence.The task involvesthe control of the position

of the hands and the orientation of the head. The posture is designedto minimize

the gravit y torques at the knee joint. As the desired position of the two hands is

changedinteractively, the robot movesthem into the desiredposition while optimizing

the posture constraint.

Extension 2

Type: Video

File: extension02.mpg

Caption: The motion of a human skeleton is generatedby dynamic simulation. The user

interactively excerts a force onto the skeleton at a location indicated by the mouse

pointer at times 0:04and 0:07. The dynamic responseof the skeleton is shown in the

video.

Extension 3

Type: Video

File: extension03.mpg

Caption: A humanoid �gure on skis is dropped on a ski jump. The only actuation is

provided by gravitational forces.All subsequent interactions with the environment are

determinedusing the described framework for dynamic multi-contact simulation.

Extension 4

Type: Video
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File: extension04.mpg

Caption: A dynamically simulated sequenceinvolving two humanoidsand many objects in

the environment.

Extension 5

Type: Video

File: extension05.mpg

Caption: Real-time path modi�cation using elastic strips. To avoid the obstacles,the

mobile manipulator deviates signi�cantly from the task, which consistsof following

the red line with the end-e�ector.

Extension 6

Type: Video

File: extension06.mpg

Caption: Task-consistent path modi�cation using elastic strips. The obstaclesperform the

samemotion asin the previousvideo. Obstacleavoidanceis performedin the nullspace

of the task so that task executionis not interrupted.

Extension 7

Type: Video

File: extension07.mpg

Caption: Obstacle motion renders task-consistent path modi�cation impossible, due to

kinematic limitations of the mechanism. Based on the elastic strip framework, the

task is automatically suspendedand resumedwhen the secondobstacleis avoided.

Extension 8

Type: Video
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File: extension08.mpg

Caption: The experiments shown in Extensions7 and 8 are executedon a real robot.
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