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1 Motiv ation

The objective of this project is to achieve reliable transfer of an object from one robotic manipulator to
another. This capability is useful for a number of applications, for instance robotic assenbly, or robots with
multiple manipulators, suc as humanoid robots.

Achieving reliable object transfer posesa number of challengesfor both control and estimation. As with
most manipulation problems, the inverse kinematics problem must be solved so that the desired endpoint
location can be speci ed in Cartesian coordinates, rather than in the joint spaceof the manipulator. An
additional challenge particular to the cooperative robotics problem is that more than one manipulator may
have a grasp on the sameobject. Manipulators that are carrying out simple position control may encourter
problems when grasping the same object. Minor errors in forward kinematics can lead to large cortroller
forces,or even unstable dynamics, asead cortroller tries to courteract the other to drive the perceived error
to zero.

On the estimation side, carrying out reliable transfer depends critically on determining the grasp state;
in other words, does a particular robot have a grasp on the object, or do both have the object? The grasp
state must be determined before the sequenceof everts in a transfer task can proceed. For example, the
manipulator receivingthe object cannot move away until it is certain that the manipulator passingthe object
has released. In many instances, having pressuresensorsmounted in the hand is infeasible. For example,
padkaging reasonscan mean that the necessaryspaceis not available, asis the casewith the JPL LEMUR
hexapod. We therefore needto infer the grasp state from the available obsenations, which are usually
supplied by position encalers at the joints.

For this project we assumethat eac manipulator carries out estimation independertly, without joint
angle obsenations from the other robot, but with knowledge of its own joint anglesand of the commands
to be issuedto both robots. This is typical of a multi-agent cooperative task, and the lack of obsenations
makesthe estimation task even more challenging.

This report describesthe approach we useto solve this problem, which is comprised of the following two
componerts.

1.1 Manipulator Control

We use impedance control to solve the inverse kinematics problem and to ensure that the manipulator
is compliant to external forces. Layered above the impedancecontroller, we use a trajectory planner to
cortinually update the desiredendpoint position to produce smooth trajectories for movemert acrosslarge
distancesand around obstacles.

1.2 Estimation

In order to solve the estimation problem we usea Hybrid Estimation approad, where we model the system
as a Probabilistic Hybrid Automaton. Hybrid Estimation is able to infer the state of the manipulator,
including the grasp state, using a model of the system dynamics, the obsenations, and the cortrol inputs
issuedto the system.



Using two four degreeof freedom manipulators, we implement our estimation and control approach and
demonstrate that we can achieve reliable object transfer. We also show that hybrid estimation can be used
to track the state of the systemreliably. Finally, we demonstratethe ability of hybrid estimation to to detect
faults, such asincorrect grasps.

2 Robotic Manipulator

The Model BasedEmbeddedand Robotic Systemsgroup in the Computer Scienceand Arti cial Intelligence
Laboratory hastwo Whole Arm Manipulators (WAMs), manufactured by Barrett Tednology. A photograph
of a WAM is shown in Fig. 1.

Figure 1: A Barrett Technology Whole Arm Manipulator (WAM).

The WAM consistsof a two-link arm and a three- ngered hand. The arm has four degreesof freedom:
two rotational joints at the baseand another two rotational joints at the elbow. The hand also has four
degreesof freedom: one provided by the curl of ead of the three ngers and an other provided by the ability
to rotate or “spread'the ngers about the palm of the hand.

The WAMs are supplied with a software library that provides an interface to the manipulator. The
library provides the user with the current joint anglesand the WAM is controlled by setting commanded
joint torques. These commandedtorques are passedto an inner feedbad loop implemented in hardware on
the WAM which setsthe motor torques. The algorithms described in this report wereimplemerted in C++
and interfaced to the WAM through this library.

3 Manipulator Control

In cooperative activities such asthe oneconsideredin this project, wheremultiple manipulators must interact
with ead other, it is important that the manipulator o ers a degreeof compliance. This compliancemeans
that the manipulator is able to tolerate unexpected external forces,which displacethe arm from its desired
con guration, without generating excessiely large joint torques or causingfailure of the control algorithm.

In addition, for the manipulator to be of practical use, we must be able to specify the desiredend e ector

location in absolute space. This requires that the control algorithm solve the inverse kinematics problem
and calculate the corresponding joint angles.

3.1 Imp edance Control

Our chosencortrol strategy is impedance control, which meetsboth of theserequiremerts. Impedancecortrol
implemerts a virtual spring and damper betweenthe end e ector position x and the desired end e ector
position xg4. Joint torques are calculated using the end e ector position error x  x4. The end e ector



position x can be calculated using forward kinematics and explicit calculation of the inversekinematics is
avoided becausethe transformation from end e ector force to joint torques requires only the transpose of
the manipulator JacobianJ.

In the caseof a four degreeof freedom manipulator such as the WAM, the manipulator has an extra
degreeof freedom with respect to setting the a three-dimensional desired end-point location. Therefore,
speci cation of a desired endpoint location is insu cien t to determine a unique set of joint anglesq. With
impedancecortrol engaged,an external force applied to the WAM at any point other than the endpoint will
causethe links to move in such a way that x remains constart while q varies. Conversely the set of joint
anglesg when the endpoint arrivesat the desiredlocation is a function of the initial value of q and hence
the initial xg4.

For the object transfer task, we wish to position the manipulator's hand in a particular orientation when
picking up or transferring the object. This meansthat we wish to place a constraint on the joint anglesq as
well as on the end e ector position x. We apply this extra constraint by implementing PD control to drive
joint angle gz towards a desiredvalue.!

This is equivalert to impedancecontrol on a compound state a = [X; Y; z; qg]T, which givesthe following
cortrol law for the joint torques , where g represerts the joint torques required to counteract gravity and
aq is the desired compound state. The matrices K, and K4 are the proportional and derivative gains
respectively. They represen the stiness of the virtual spring and the damping coe cien t of the virtual
damper and allow us to modify the transient responseof the manipulator.

=g J'(Kp(a aa)+ Kga)

Note that the dynamics of the endpoint under impedancecortrol are not simple. The motion required
of the manipulators links to achieve a certain endpoint motion meansthat the e ectiv e massin the virtual
spring and damper systemis a complex function of the joint angles. Therefore, the dynamics are highly
non-linear. However, for reasonablearm con gurations, K, and K4 can be usedto qualitativ ely cortrol the
manipulator's dynamic responsein a way similar to that which we would expect for a linear system.

3.2 Trajectory Planner

The impedance cortroller described above allows us to specify a desired endpoint location and K, and
K¢ can be usedto tune the dynamic response. However, this level of control is insucien t to produce
reasonabletra jectories for large movemerts, particularly if obstacles,self-impingemen and singularities are
to be avoided. We therefore implemerted a tra jectory planner which operatesat a level above the impedance
cortroller. This planner allows the user to specify a trajectory as a function of time and simply updates
the desiredend e ector position accordingly in real time. This allows smooth trajectoriesin both spaceand
time.

4 Estimation for Cooperativ e Manipulation

Sec.1 describesa manipulation task that involvespassingan object from one manipulator to another. This
task is described in more detail in Sec.5. In order to achieve this, it is essetial to be able to estimate the
state of eadh manipulator and its grasp. The grasp state is particularly important, as di erent portions of
the task, such as moving away from the hand-over point, should not be attempted until successfultransfer
has occurred. The successpr otherwise, of the transfer can only be ascertainedby determining the grasp
state of the manipulator.

INote that ideally we would like to specify the hand orientation directly, such as the angle between the local ‘up’ direction
for the hand and the upward vertical. However, the transformation from this angle to joint angle, and the differentiation thereof
to obtain the Jacobian, is far from straightforward. Joint angle g3 is the rotation at the elbow along the axis of the upper arm
link and approximates this angle well for most arm configurations. Specifically, the two are very close at angles near ”7 for

integer n, which are common angles of interest for manipulation tasks.



The state of the system can be represenied conveniertly using both cortinuous and discrete variables.
Contin uousvariablesrepreser the position and velocity of the manipulator in Cartesian space,while discrete
variablesrepresert the nite number of di erent grasp states of the manipulator. The overall systemstate is
therefore a hybrid of continuous state X, and discrete state, or mode, M . Hybrid Estimation is a technique
that cane cien tly estimate the hybrid state of a systemgivena systemmodel and obsenations. An overview
of the technique is givenin the following subsection.

4.1 Hybrid Estimation Overview

Hybrid estimation aims to determine a distribution over the current hybrid state given the inputs to the
systemand the obsenations y sofar i.e. p(M ¢; X jy1.t)-

Central to the hybrid estimation technique are hybrid models There are many alternative modeling
formalisms, however for this project we use Probabilistic Hybrid Automata (PHA). An example of a PHA
is shown in Fig. 2. This is a simple model of an actuator componert. It can be seenthat the actuator
has two discrete modes, ok and failed . In ead of these modesthe systemhas a di erent set of equations
describing the cortinuous state ewolution. Note that these equationsare discrete-time, and involve random
noise processeghat are usedto model processnoise and obsenation noise.

Continuous dynamics:

Xt+1 = fok(xt’ut) +Vt
Yeur = Gox (Xaas Up) + 1

X1 = Fraiiea (X, U) TV,
o
oo Vi = Ortaited Kar W) + ¢

Figure 2: An example Probabilistic Hybrid Automaton (PHA).

The discrete state evolution is described by the transitions shaved in Fig. 2. Depending on which of the
guards g; or gs is satis ed, the probability of transitioning from one discrete mode to another at ead time
stepis given by the probability shown in the model. The guards can be conditioned on inputs to the system
or the state of the system. For example, it is possibleto model systemswhere a command to the system
will causea particular transition to occur with high probability, but may alternativ ely causean unintended
transition with low probability. For the caseof transition guards conditioned on the state, it is possibleto
model transitions that, for example, can only occur when the system'sposition is in a certain region.

The PHA modeling formalism therefore can be usedto described many di erent systems,and is far more
expressie than both purely continuous models, and purely discrete models. Hybrid estimation combines
techniquesfrom contin uous estimation and discrete mode estimation to reasone cien tly about thesemodels.
The approad is summarisedhere.

The hybrid state can be expressedas a sum of distributions over mode trajectories.

X
pP(M ¢; Xtjy1:) = P(M 1.5 Xtjy1:1): (1)
Myt 1

We can then expand eadh summand as a product of the probability of the mode trajectory M ;,; and a
distribution over the contin uous state, conditioned on this mode tra jectory:

P(M 1:¢; Xtjy1:t) = PM 1:4jy 1:0)P(X t]M 1245 Y 1:t) (2



A key obsenation is that, given a mode trajectory M |, the continuous system equations are fully
speci ed. We can therefore use an existing contin uous estimation technique, such as a Kalman Filter, to
estimate the secondterm, p(X(jM 1.t;y1.1). The rst term can be calculated using the belief state update
equation:

p(M l:tjyl:t)/ PO(yt) PT(M t) p(M 1:t ljyl:t); (3)

For details on the calculation of the obsenation function Po and the transition function Pt pleaserefer
to [1] and [2].

Exact hybrid estimation would require us to track a Kalman Filter for every possible mode trajectory.
However this is normally infeasible, since the number of mode trajectories increasesexponertially with
time. All practical hybrid estimation algorithms therefore carry out approximate hybrid estimation. This
involvesretaining only someof the possiblemode trajectories; for example, in k-best enumeration, only the
k trajectories with the highest posterior probability are retained. While this method approximates the true
hybrid belief state, it is often possibleto capture most of the belief state in a relatively small number of
mode tra jectories, leading to small approximation error.

In the following section we describe how the cooperative manipulation scenariocan be modelled using
the PHA formalism.

4.2 Mo delling Cooperativ e Manipulation

In the cooperative manipulation scenario,we considerthe casewhere eat manipulator carriesout estimation
of its state using the obsenations from its encaders and full knowledge of the commandsissuedto both
manipulators. In this case,the encaler readings, and therefore the state, of the other manipulator is not
available. This is typical of many cooperative robotic scenarioswhere there is full knowledgeof the planned
task but sensoreadingsare not sharedacrossagerts. We considerhybrid estimation for WAM2, the recipient
of the object.

In this scenario,the state, obsenations and commandsare de ned as follows:

Continuous state: This consistsof the position x and velocity x of the endpoint

Discrete mode: This consistsof the grasp state of the object M. In the mode empty, WAM2 doesnot
have the object. In the mode WAM2NVAM2 has the object, and WAM1 doesnot. In the mode both,
both WAM1 and WAM2 have the object.

Obsenations: The obsenations are denotedy and y and correspond to obsenations of x and x from
the encaders.

Continuous commands: These are denoted x4q; and X422, corresponding to the desired position for
WAM1 and WAM2 respectively

Discrete commands: u denotesthe commandsissuedto the manipulators' hands. The possiblevalues
are WAM1-OPEWAM1-CLOSEAM2-OPENd WAM2-CLOSE

The discrete mode de ned above describes three possibilities for the grasp state. Note that the empty
state does not make any assertionsabout whether or not WAM1 has the object; without a grasp on the
object, WAM2 has no information about the grasp state for WAML.

While the contin uous state of the manipulator is obsened directly, subject to obsenation noise,the grasp
state is not, sincethere are no sensorsin the hand. The main aim of hybrid estimation in this context, then,
is to estimate the grasp state, represertied by the discrete mode of the system.

The inner-loop impedancecortroller has beenusedhere to raise the modelling and estimation problem
to a higher level of abstraction. While it would certainly be possible to perform hybrid estimation on
the systemat the level of torque inputs and raw encader data, the modelling e ort would be considerably



increased. With animpedancecontroller, the endpoint dynamics can be described simply using known three-
dimensional damping and sti ness terms. For a known grasp state, we considerthe input to the cortinuous
dynamics to be the desiredpositions xq; and xq42, and the outputs are the true position x and velocity Xx.
This is shown in Fig. 3.

|
|

Figure 3: Schematic of the WAM control structure.

Furthermore, by using this inner-loop cortroller, the e ect of modelling errors is reduced. For example,
small errors in the gravity compensationterm can lead to steady state controller errors that would not be
anticipated by an estimation algorithm whoseunderlying model hasgravity compensationand gravity e ects
perfectly balanced. By using relativ ely high proportional gainson the position error, thesesteady-stateerrors
can be greatly reduced, reducing the e ect of modelling errors.

4.3 Mo del De nition

In this section, the de nition of the manipulator model is given by describing the contin uous dynamics and
outgoing transitions for ead discrete mode.

4.3.1 Mo de: empty

In this mode WAM2 moves freely without a grasp on the object. The input/output dynamics can be
expressedn the form of a di erential equation as:

= T Kpala %) Kos(o] @
2

This model assumesthat gravity is compensatedfor perfectly, meaning that the only remaining terms
are those due to the impedancecontroller. The use of the impedance controller allows us to model the
endpoint without considering the con guration of the robot, aslong as singularities are avoided. In the
equation above, m, is the e ective massof the endpoint of WAM2. This massis approximated as being
constart, and was estimated by observing the dynamics of the system under impedancecontrol in typical
con gurations. While this approximation is not insigni cant in general,the value of the massm, doesnot
e ect the steady-state behavior of the system. Hence during the low-speed tasks being performed in the
scenariounder consideration, this is a good approximation. A discrete-time approximation of this di eren tial
equation is usedin the PHA model for the purposesof hybrid estimation.

The discrete mode transitions are as follows. The hand commands WAM1-OPEXMd WAM2-OPElkarly
have no e ect on the graspstate. In both of thesecasesthe discrete mode remainsasempty with probability
one. The command WAM1-CLO®I50 has no e ect; since WAM2 doesnot have a grasp on the object, it is
una ected by whether or not WAM1 has a grasp on the object or not.

If the command WAM2-CLOSEissued,the hand on WAM2 closes. There are three possibleoutcomesof
this action regarding the grasp state. Firstly, the hand can closebut without a grasp on the object. In this



casethe grasp state remains as empty. Second,the hand can grasp the object, and the object is not being
held by WAML1. In this casethe graspstate transitions to WAM3incenow only WAM2 is graspingthe object.
In the third case,WAM2 graspsthe object, which is currently held by WAM1. Now both manipulators have
the object, and hencethe grasp state transitions to both.

Table 1 shows the modeled transition probabilities for ead discrete mode.

empty WAM2 both
empty | WAM2 both || empty | WAM2 both || empty | WAMZ2 both
WAM1-OPEN 1.0 0.0 0.0 0.0 1.0 0.0 0.1 0.1 0.8
WAM1-CLOSE 1.0 0.0 0.0 0.1 0.8 0.1 0.0 0.0 1.0
WAM2-OPEN 1.0 0.0 0.0 1.0 0.0 0.0 1.0 0.0 0.0
WAM2-CLOSE 0.8 0.1 0.1 0.0 1.0 0.0 0.0 0.0 1.0

Command
SO RahRa

Table 1: Transition probabilities

In the caseswhere the mode transitions are not certain, the exact probabilities were speci ed using
modelling judgemert.

Note that this transition model is consistert with the fact that WAM2 hasno knowledgeof WAM1 except
the commandsbeing applied to it. Without this knowledge, there is no way of knowing the result of the
hand closing. Hencehybrid estimation must be usedto infer the result from the obsenations.

4.3.2 Mo de: WAM2

In this mode WAM2 movesfreely, but hasa graspon the object. WAM1 doesnot have a graspon the object.
As a result the e ectiv e massof the endpoint is increased,and in addition a force due to the weight of the
object is exerted on the endpoint. The dynamics are now modelled as:

1
X = m[ Mobj g€k + Kpa(Xa2 X) Kpa(X)] (5)
where gy is the vertical unit vector.

In this mode the commandsWAM2-CLO&Ed WAM1-OPHigve no e ect, and the discrete mode will stay
as WAM#®ith probability one.

The command WAM2-OPENI causethe hand to drop the object. This is modelled as having probability
one.

The command WAM1-CLOSH)I causethe hand of WAML1 to close. Again, sincethe location of WAML is
unknown, the outcome of this action is unknown. The two possibleresults are, rstly , that WAM1 doesnot
grasp the object, in which casethe mode remains as WAMJand second,that WAM1 does grasp the object.
In the latter casethe discrete mode transitions to both.

4.3.3 Mo de: both

In this mode WAM1 and WAM2 both have a grasp on the object. The compliant nature of the impedance
control meansthat this con guration is safeeven if the desired positions of the two manipulators are not
identical. The forcesapplied by the impedancecortroller on WAM1 are transmitted through the object to
the endpoint of WAM2.

The resulting dynamics are:

1
X = m[( Mobj g€k + Kpa(Xa2 X) Kp2(X)+ Kpi(Xa2 X) Kpi(x)] (6)
Herethe e ectiv e masshasbeenincreasedby m1, the e ective massof WAM1. The forcing terms are due
to the weight of the object, the force applied by the impedancecontroller on WAM2, and the force applied



by the impedancecortroller on WAM1, respectively. Note that we assumeperfect gravity compensation for
both WAM1 and WAM2, but the massof the object is not compensatedfor.

In this mode, the commandsWAM1-CLOSEd WAM2-CLOSBve not e ect. In the caseof WAM2-OPENe
hand on WAM2 releasesthe object, and so the mode transitions to empty. This is modelled as occurring
with probability one.

The most interesting caseis that of WAM1-OPEN this casewe assumethat WAML1 releasesits grasp
with probability one. The expected outcome would be that WAM2 keepshold of the object, and hencethe
mode transitions to WAMZ2However experienceshowvedthat in a few casesWAM?2 did not havea rm enough
grasp on the object, and that without the support of WAM1, the object fell through the hand of WAM2.
Hencethe model represernts the fact that a WAM1-OPENmMmand can result in a transition to either WAMar
empty.

These de nitions fully specify the model, given known valuesfor my, ms, Moy, Kp1, Kpa, Kp; and
Kpa.

5 Results

The tasks under consideration in this project is one where the rst manipulator, WAM1, passesan object
to the secondmanipulator, WAM2. Impedancecortrol and trajectory planning as described in Sec.3 were
implemenrted for both manipulators. A trajectory was designedby specifying a number of way-points so as
to enabletransfer of the object. This trajectory can be summarized as follows:

. WAM1 movesto pick-up point and graspsthe object

WAM1 movesto the hand-over point with the object

WAM2 movesto the hand-over point

WAM2 graspsthe object

WAM1 releaseshe object

WAM?2 pulls away slightly to determine whether WAM1 has releasedsuccessfully
. If WAM1 releasedsuccessfully WAM2 movesto the the drop-o point

. WAM2 releaseghe object

© N O MWDNPRE

With this cortroller, successfulobject transfer was achieved in more than 95% of cases. Experiments
demonstrated that compliancein the cortrollers was essetial, as positioning errors of the order of a few
certimeters were common. These steady-state errors came from a number of sources,including inaccurate
encder initialization, inaccuraciesin gravity compensation, and friction. However the useof the impedance
cortroller allowed the arm endpoints to comply when the grasp was made.

In the rare failure cases,excessie initialization error causedWAM2 to grasp the object poorly (e.g. at
an angle), or to grasp WAM1's hand instead. Hence when WAML1 released,the object would fall. Typi-
cally however, these failures would be injected arti cially as neededto demonstrate the hybrid estimation
capabilities.

Hybrid Estimation wasimplemented for WAM2. Sincethe newly-acquired WAM hardware doesnot yet
have the necessaryarchitecture in place for the implementation of our hybrid estimation algorithms online,
hybrid estimation was carried out o -line, using data acquired from the WAMSs. In all of our experiments
hybrid estimation tracked 20 mode tra jectories and the hybrid update step took lessthan 0.1 seconds.This
is the time step usedin the dynamic model, so hybrid estimation could be usedas a real-time estimator in
this situation.



We presert results for the following four scenarios.

transfer The transfer is carried out as planned.

missed WAM2 fails to grasp the object at the hand-over point, but carries on regardless.

stuck WAM1 fails to releasethe object at the hand-over point, and the transfer is aborted.

slipp ed Both manipulators grasp the object, but when WAM1 releasesthe object, it slips through
WAM2's hand.

The results are showvn in Figs. 4 through 7. In these gures, the top plot shows the contin uous-valued
information available to the hybrid estimator, while the middle plot shows the discrete-valued hand com-
mands, also available to the estimator. The hand commandsare issuedover a period of approximately 1s,
with a typical open or closeoperation lasting approximately 0.5s. The third plot shows the Most likely A
Posteriori (MAP) discrete mode. The true discrete mode is also shown. While the estimation algorithm
maintains a distribution over discrete modesat a given time step, the MAP estimate is the one often used
in a cortrol algorithm.
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Figure 4: Hybrid estimation results for transfer scenario,with object massof 2.050kg
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Figure 5: Hybrid estimation results for missed scenario,with object massof 2.050kg

Theseresults shaw that in all four cases,hybrid estimation tracks the true mode very accurately, with
only minor di erences in the timing of the mode transitions. Evenin the slipped scenario,the most subtle
of the four, the algorithm detects that WAM2 had a grasp on the object untii WAML1 released,at which
point the object slipped through the hands of both manipulators. The changesin discrete mode manifest
themselves as relativ ely subtle changesin a set of complex and noisy obsenations, yet hybrid estimation is
able to infer the discrete modesaccurately by using the Probabilistic Hybrid Automaton model.

It would surely be possibleto designan ad hac estimator explicitly for detecting the presencepr otherwise,
of an object in the manipulator's grasp. However the hybrid estimation approad is able to estimate the
full state of the systemin a probabilistically sound manner, by reasoningabout the ertire model. The only
human design required was in the modelling phase, and creating accurate models is typically much more
reliable than creating purpose-built ad hac estimators. Furthermore, purpose-built estimators have been
shown many times to lack robustnesswhen usedin situations that were not explicitly conceived of by the
designer. We believe, therefore, that the hybrid estimation approacd is a powerful tool for state estimation
in this context.
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Figure 6: Hybrid estimation results for stuck scenario,with object massof 2.050kg

5.1 Scenario Walk-through

To gain insight into the obsenation data available to hybrid estimation and the way in which it is usedto
track the state of the system, we presert a qualitativ e walk-through of the data from the transfer scenario,
shown in Fig. 4. Initially , both manipulators move very di erently, sothe desired position traces are very
di erent, but the obsened position of WAM2 followsits desiredtra jectory very closely When stationary, the
small error is due to inaccuraciesin the gravity compensation parametersand to un-modelled joint friction.

When the manipulator is moving, the systemdynamics also produce a transient error. The systemstarts in
the none mode and hybrid estimation can track this trivially , since no commandsare issued.

At 33s,the trajectories of the two manipulators comevery closetogether for the hand-over of the object.
We seethat WAM2 closesits hand at 34sand WAM1 then opensits hand at 36s. Betweenthesetwo times
the endpoint position of WAM?2 is pulled betweenthe two desired positions by the action of grasping the
object and hybrid estimation usesthis information to diagnosethat the grasp mode is both .

Once WAML1 releasesits grasp at 36s, the endpoint position of WAM2 moves bad towards its desired
position in the horizontal plane, but sagsin the vertical direction due to the mas of the object, which is not

11
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Figure 7: Hybrid estimation results for slipped scenario,with object massof 2.050kg

accourted for by gravity compensation. This information allows hybrid estimation to determine that the
grasp mode is now WAM2

Between 38sand 46s, WAM2 performs an exploratory move to try to determine whether or not WAM1
hasreleasedits grasp on the object: we can seexy> move away from xq4;. In the caseof the stuck scenario,
where WAM1 doesnot releasethe object, the external force provided by WAM1 would prevert the endpoint
of WAM2 from following its desiredtrajectory, asin Fig. 6. Here, however, this is not obsened, so hybrid
estimation can con rm that the grasp state is indeed WAM2

At 55s, WAM2 opens its hand and releasesthe object. With this reduction in mass, the endpoint
movesupwards towards its desired position and hybrid estimation is able to deducethat the grasp state has
transitioned to empty.
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6 Discussion and Analysis

In general, estimation algorithms are limited fundamentally by the amount of information available in the
obsenations. For example, distinguishing the casewhere a very light object is grasped, from the case
where the hand is empty will be extremely di cult, becausethe behavior of the system, and therefore the
obsenations, will be almost unchangedby the presenceof the object.

In particular, the signalto noiseratio of the obsenations setsthe limit on the range of situations in which
hybrid estimation can reliably track the correct mode. In the object transfer scenario,if the object massis
large comparedto the virtual spring sti ness, the obsenation signal usedby hybrid estimation to distinguish
betweenthe di erent discrete modesis large. In thesesituations hybrid estimation is very accurate.

The obsenation signal is noisy, howewer. If the magnitude of the noise is comparable to that of the
obsenation signal (low signal to noise ratio), then hybrid estimation's task is very dicult. The noisein
this signal originates from two sources: processnoise and measuremei noise. Hybrid estimation models
both of these sources,but the model useszero-meanGaussianrandom variables. The manipulator has one
signi cant sourceof processnoisewhich is non-Gaussian. This is the steady-stateerror, which is due partially
to inaccuraciesin the parameter valuesusedto calculate the gravity compensation torque, and partly due
to joint friction, which is not accourted for in the control law. We can reduce the steady state error by
increasingthe sti ness of the virtual spring, which in turn reducesthe un-modelled processnoise. Therefore,
to improve the chancesof hybrid estimation producing a correct diagnosis, we should maximize the signal
to noiseratio by maximizing the object mass,and maximizing the virtual spring sti ness.

The results in the previous section demonstrated that hybrid estimation can be used successfullywith
an object massof 2.05kg. Basedon the above analysis, we would expect the performanceto degradeasthe
object massis reduced and we would like to investigate this. Figs. 8 through 13 shaw the performance of
the algorithm with objects of mass1.175kgand 0.550kg.

When compared to the results with an object mass of 2.050kg, it is immediately clear that hybrid
estimation performs better with large object masses. The trend is most obvious in Figs. 6, 10 and 13,
which shaw the stuck scenario. Here the proportion of time for which hybrid estimation's MAP is incorrect
increasesas the object mass decreases. The true mode is initially empty, but transitions to both when
WAM2 graspsthe object at t = 34s. With the largest mass, hybrid estimation detected this transition
almost immediately. As the massis decreasedthe obsenations are lessinformativ e, and hybrid estimation
requires more evidenceto detect the transition. This correspondsto an increasein the delay from the time
of the true mode transition to when this is detected by hybrid estimation. Note that when WAM2 beginsits
exploratory motion at t = 38s, the evidencebecomesmore informativ e and hybrid estimation is soon able
to detect the mode transition.

The resultsalsocon rm that the task of distinguishing the WAM@xode from the empty modeis signi cantly
more dicult than that of distinguishing the both mode from the empty mode. Considering the missed
and stuck scenarios,Figs. 5 and 6 show that with an object massof 2.050kg, hybrid estimation performs
perfectly. At 1.175kgand 0.550kg,the diagnosisis not perfect. At eat of thesetwo masseshybrid estimation
more accurately tracks the transitions betweenthe both and empty modesin the stuck scenario(Figs. 10
and 13), than it doesthe transitions betweenthe WAMand empty modesin the missed scenario(Figs. 9
and 12).

Fig. 14 shows the variation in the percertage of diagnostic errors as a function of the massof the object,
for the transfer , missed and stuck scenarios. The percertage of diagnostic errors is determined by the
number of time-steps during ead trial that hybrid estimation's MAP mode did not match the true mode.
The graph con rms that for eat scenario,the performanceof the hybrid estimator improvesasthe massof
the object is increased.

7 Conclusions

In this project we consideredthe problems of control and estimation for a multiple manipulator system. The
scenariounder investigation was one in which an object is to be passedfrom one manipulator to another.
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Figure 8: Hybrid estimation results for transfer scenario,with object massof 1.175kg

An inner loop impedancecortroller provided complianceand inversekinematics, while a tra jectory planner
was layered on top to provide smooth trajectory cortrol. A hybrid estimation algorithm was usedto track
the hybrid state of the system and by reasoningon a physical model of the system was able to infer the
grasp state, which was not directly obsenable. This architecture wasimplemented in hardware with a pair
of 4-DOF manipulators.

Results showved that the systemis capable of dependable transfer of an object from one manipulator to
the other and that the hybrid estimator is able to reliably track the state of the system. In the casewhen
failures occurred, the estimator correctly detected the failure mode and could be usedto provide feedbak
to initiate recovery.

The e ects of reducing the information available to the estimator, by lowering the massof the object,
were also investigated. Results showed that the percertage of diagnostic errors increasedas predicted.
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Figure 9: Hybrid estimation results for missed scenario,with object massof 1.175kg
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Figure 11: Hybrid estimation results for transfer scenario,with object massof 0.550kg
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Figure 12: Hybrid estimation results for missed scenario,with object massof 0.550kg
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Figure 13: Hybrid estimation results for stuck scenario,with object massof 0.550kg
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Figure 14: Performanceof hybrid estimation as a function of object mass.
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