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Abstract— A classification of model-mediated teleoperation
systems according to the model type and its application is
introduced. While models of the human operator estimating
position trajectories have been already applied in teleoperation,
in the present paper, we propose the incorporation of force-
based human haptic interaction models. This new approach
allows to transfer the strength of advanced model-mediated tele-
operation, i.e. increased stability and fidelity, to scenarios where
forces applied to the remote environment are of importance. As
an application example we present a tele-rehabilitation scenario
which was implemented on a 1 DoF teleoperation system.
Position and force fusion algorithms integrating human haptic
interaction models are defined for time delay and packet loss
compensation. The results demonstrate clearly the benefit of
incorporating force-based human haptic interaction models into

teleoperation systems. a) - EO §|—M; _ g
I. INTRODUCTION g § :%j’gi "op&or_, 2 :
In a teleoperation system a human operator interacts with gl : !a %: . . ’ §
a remote environment via a technical system consisting of L=
a human-system interface, a communication channel andb) T —
robot, the so-called teleoperator. Teleoperation systdios ol | s S H_ )
a human operator to be present in otherwise inaccessiblg¢ 8 5 ig 21 fmedelol S| | 2 ]
environments, like e.g. space or disaster areas. Furtiiermo | & ] H 8] " — ) 2
experts can act in remote locations without the necessity ofl___[™ | L_si™ -
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Model-mediated teleoperation with model of remote mmment
used for a) model estimation and b) signal fusion

traveling. A specialist for a certain surgical interventiis, )
for example, enabled to operate in a remote hospital orféf
therapist can coach her/his rehabilitation patients irirthe
home environment. This allows a reduction of travel time
and costs. fusion is introduced to achieve an increased signal quality
In order to increase task performance, Stab|l|ty and Usab'lby Compensating time de|ays and packet loss or to provide
ity of the system, advanced teleoperation systems integraiser-adapted assistance by defining shared-controlgigste
knowledge about thenvironment, the humaaperator or the - A combination of these four types of control architectues i
task in the system. A good overview of suBiOT-adapted possible, e.g. a model of the remote environment and of the
controllers is given in [1]. We considemodel-mediated hyman operator is rendered, or the parameters of the model
teleoperation a special case of EOT-adapted controllersysed in signal fusion are estimated and updated on-line.
and classify it according to the type of model applied and | this paper we propose the integration fofce-based
its usage. Either a model of the remote environment igaptic interaction modelsito a teleoperation system to allow
rendered on master side (Fig. 1) or a model of the humagy increased stability, usability and task performance. T
operator is rendered on slave side (Fig. 2). Further, eithgemonstrate the validity of our approach, a 1 DoF tele-
model parameters are estimated, exchanged, and maseer/signapilitation system is realized that compensates ariab
control is based completely on the estimated model (Fig. kfine delays and packet loss by using a model replicating
and Fig. 2a), or measurement data is fused with model datgman haptic interaction behavior.
(Fig. 1b and Fig. 2b). By estimating and exchanging model
parameters, the communication channel is by-passed and the Il. RELATED WORK
bandwidth of the overall system is increased. The signal |n the introduction we identified different classes of
model-mediated teleoperation architectures. To embed our
present work in this classification and into the state of the
art, in the following, we discuss recent literature related

. 2. Model-mediated teleoperation with model of human dpenased
a) model estimation and b) signal fusion
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the four types of model-mediated teleoperation. Furtheemo that signal fusion is not conducted on slave but on master
because we aim for the integration of force-based humaide, because the time delay is assumed to be known. As
models in teleoperation systems, we also present a shorily free-space motions are considered, no information
overview on existing studies and models on human haptabout the remote environment is required for prediction.
interaction behavior.

In summary, it can be stated that up to now operator
A. Model-mediated teleoperation models which have been integrated in teleoperation systems

The state of the art on the four types of model-mediatefONSider characteristics of huméme-space motiof8], [S],

teleoperation is presented according to the order of t 8]’ t_’“t not O_f haptlc_ interaction behavior However, we .
diagrams in Fig. 1 and Fig. 2. consider the integration of a force-based model of haptic

interaction behavior essential, if there is physical contéath

el of remot erronment on master sce: SO N h rencle nuronnent i s

Model estimation: In [2], [3], [4], [5] knowledge about o ) -
[2], 131, 141, [5] 9 orehabllltanon [11]. The success of the patient’s rehiithn

the remote environment is integrated into the teleopanrati d ds | | th wal haptic adaptati f
system. The remote environment is rendered as a virtu??]'ioces.S epends largely on the mutual haptic adaptation o
erapist and patient.

environment on master side. A model of the remoté
environment is estimated on slave side and, then, tr§:. Human haptic interaction models

estimated model parameters and not the sensor signals

(forces/motion) are sent to the master side to update theln order to realize model-mediated teleoperation by inte-
model (Fig. 1a). Hence, the communication channel igrating models of the human operator, a careful definition
by-passed and the bandwidth of the system is increasedf. appropriate human haptic interaction behavior models
Undelayed haptic interaction takes place on master sid. important. Their definition is challenging, because they
However, the signals that are sent to the remote environmedfnerally depend on the task, the interaction partner's as
are still delayed, which results in a delayed task executiorWell as one’s own, individual characteristics and abiitie
Signal fusion: In [4] a model of the remote environment Existing haptic interaction models are mostly task-specifi

is used (Fig. 1b) to compensate time delay by model-bas d/qr ponside_r different roles of the in_te_ractipn pasner
prediction. Therefore, model and measurement data ard fus aptic |nter.act.|on tasks are generally d'V'de.d Into t"?‘s"‘“ w
on master side. The authors of [6], [7] aim at compensatin rect and .|nQ|rect p'hy3|cal contapt Of. the mtergcﬂontpar
packet loss which is characteristic to internet-based da g Haptic interaction m odels W'th.d'rECt physpal conta
transmission by estimating lost data. are r_elevant e.g. for gl_uda_ncg like in h_an_dshakln_g [12] or
dancing [13]. Tasks with indirect haptic interaction refer
primarily to joint manipulation tasks, e.g. rotating [14f o

Model of human operator on slave side: carrying [15] objects.

Model estimation: Currently no approaches are known .
y PP In [14] the roles of accelerator and decelarator were iden-

from literature that send parameters of a human behavigr. . ; . :
P %ed for an object moving task and respective characterist

mo_del to the §Iave S'd‘? (Fig. 2a): If operator models ar]%rce profiles were presented. In [16] it was experimen-
estimated, their output is fused with measurement data ?

. - ly shown that dominance is distributed unequally betwee
presented in the next paragraph. In general, we distingui . . ' .
. . wo human partners in a haptic collaboration task. Finally,
two ways of exchanging estimated parameters of operatpr, = .~ ° . . :
. - - 2] distinguishes between active and passive partners in a
models in a teleoperation systems: Either the slave acfs . .
. . -human-robot handshaking scenario.
according to a model which parameters are adapted on-line L2 .
The only known application of a model of human haptic

icul ituati k h | of the h X . s
to a particular situation/task, or the model of the human éeractlon behavior in teleoperation is [17]. They apply a

operator is estimated beforehand. Then, the slave perfonﬁedback model to represent human behavior in simulation
specific (sub-)tasks in complete autonomy, which means d™" repres u vior In simuiatio
to increase the accuracy of the results. However, this

skill transfer took place. - . .

) ) . approach was not verified within a real experimental setup.
Signal fusion: Measurement signals and model output of
the human operator are fused in [5], [8], [9] (Fig. 2b).
In [5] the model parameters are estimated on master side [1l. M ETHOD
and sent to the slave side to introduce a shared-control )

; : ; haé Scenario

strategy that assists the operator in task execution. T
position trajectory generated by the human motion model We chose a 1 DoF tele-rehabilitation scenario similar to
is based on the widely-known minimum-jerk criterion [10]the one proposed by [11] as an exemplary task to demonstrate
which applies forfree-spacegpoint-to-point movements. The the effectiveness of integrating force-based haptic &uton
same minimum-jerk approach was applied by [8], [9] tanodels in a teleoperation system. The success of rehabil-
predict human motion in order to compensate time delaytation is highly dependent on the guidance provided by
and achieve a non-delayed task execution. Again, onltpe therapist, and, hence, the mutual adaptation of thetrapi
free-space motions are possible. One difference to [5] iand patient. This restricts the broad introduction of fully
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Fig. 3. Control architecture of tele-rehabilitation syste

autonomous rehabilitation devices. Human performed rehaxact values are often unknown and can be used as tuning
bilitation allows this close interaction and adaptatiorthe parameters. The applied Kalman filter equations are:

patient’s individual needs, while tele-rehabiliationoais the  prediction: X; 1 = AX; + By,
therapist to instrL_JCt the patients in their home environimen P!, = APAT +Q; 2
such that travel time and costs can be decreased. . . N
In tele-rehabilitation therapist and patient communicatépdate: i1 =xj;; + Kiy1(yit1 — Cxjyy)
and interact via the internet which exhibits packet loss and Pi-‘,—l = I+K; ,C)P*(k+1) (3)

time-variant time delay. To compensate these disturbances  _px T *x T -1
and enable stable and transparent teleoperation, we fase th Kit1 =P, € (CPL, O + Rip)
measurement data with predicted data obtained by hapwderel is the identity matrix,P; is the error covariance
interaction models of therapist and patient on the respectimatrix, K; is the Kalman filter gainx* denotes predicted
other side. The structure of the resulting overall controvalues, andk updated values, see [20].
system is depicted in Fig. 3. We selected a classic forcén order to compensate time-variant time delays and packet
position architecture, where forces are sent from master t@ss, we realize a modified version of this classic Kalman
slave and positions from slave to master [18]. As local corfilter based on [21]: We assume that measurement data
trollers a PD-position control on master side and a positiorfrrives with a time-variant time delay, with an upper bound
based admittance control on slave side are realized. A nodf T5... and is time-stamped such that the exact capture
ideal communication channel introducing a time-variant, b time is known. These measured data poipisare stored
bounded time delay and packet loss is considered. Force d&tironologically in a vector for the last time windoW,,,.
is sent to the remote environment and fused on slave sitiggether yvith the estimated values %f and the covariance
with predicted data provided by a force-based human haptigatricesP;.
interaction model of the therapist. A model of the remotéf at time k a new measurement data of tigie- p (until then
‘environment’, i.e. the patient, is required on master swle y; was the most recent measurement pojn &, p > 0,
compensate time delay and packet loss of the position data- p < k) arrives, the following procedure is applied: The
received from the slave side. Hence, a force fusion on slagate of the system; ., and the covariance matrwej*.ﬂ, is
side and a position fusion on master side based on Kalmaredicted starting fronk;, f’j based on (2). Then, the new
filters is implemented. measurement data is integrated by using update equatipns (3
Because of the close haptic interaction between therapistd obtainingk; ., and P, . Finally, x} is determined by
and patient, we prefer model-mediated teleoperation ovepplying the prediction again.
passivity-based approaches which are commonly applied ify however, an older measurement datap arrives, we use
situations where time delay and packet loss are presetttis additional information and virtually jump back to the
Passivity-based approaches change the system dynamice&timated state of the system at time sjep p and update
order to guarantee stability. This results in a reducedifidel it. Afterwards, the prediction/update equations are eatald
[19]. from j—p to k integrating every data point that was measured

. o . . inbetween.
B. Signal fusion with modified Kalman filter inbetween

The general Kalman filter is based on a linear, timeC. Haptic model of therapist and force fusion
discrete process model (here the model is time-invariant):  For force fusion a haptic interaction model of the ther-
apist is integrated into a Kalman filter as introduced in
(1) the preceding paragraph. The following task-specific leapti
yi=Cxi+vi interaction model is used to describe the behavior of the
where x; is the state vector at time step A, B and C therapist: The therapist guides the patient along the etsir
are the system matricesy; is the process noise ang is motion trajectoryz,.; by controlling the error between the
the observation noise. Process as well as observation notsesired trajectory and the current position of the patiseé,
are assumed to be drawn from a Gaussian distribution witfig. 4. The desired motion trajectosy..; describes a certain
covarianced; andR;. Q; and R; describe the reliability rehabilitation task. The feedback control law is based en th
of process model and measurement data, respectively. Theiossover model which was originally introduced by [22].

Xi+1 = Ax; + Bu; +w;
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It de;crlbes th'e behawor of a human operato.r in a pursuit Bl ihorapisi 191
tracking task, if a mass is moved along a desired reference Ry e
trajectory,
Fig. 5. Experimental setup: The therapist receives visuadifack about
Fmodel(s) e~ Th¥ the patient’s position (red ball) and the task’s refererregettory (white
Gt(s) = 7E(s) = 7(1 T s) [K(l + Tzs)] (4) line). The patient is haptically guided only and receivessisnal feedback.
P
perception-action loop
whereT;, is the time-delay caused by the human perception- IV. EXPERIMENT

action loop andr}, is the lag due to the limited bandwidth A  Task & Experimental setup
of the human motor systemi’ and 7T, are the parameters
of the actual human control action (for more details plea
refer to the original work).

For the present system we assume that the task traject

s The experimental setup consists of two 1 DoF linear haptic
evices each equipped with force sensors (burster tension-
(gssure load cell 8524-E) and linear actuators (Thrusjtub

is known and the behavioural parameters are estimat € is serving as haptic human-system interface (master)
beforehand and kept constant during task execution. d the other as teleoperator (slave). The master as well

course, different tasks, reference trajectories and rsoofel 3}3 the_ tsl_ave dewcte dlst e?hwpped tW'th :t?]and !:_no?.t T?he
the therapist’s haptic interaction behavior or force pesfil erapist Is connected 1o the master and the patent to the

can be stored on slave side, to generalize our approa ave as shown in Fig. 5. The control of the linear haptic
In such a case, an intention recognition module would b evices is implemented in Matlab/Simulink and executed

required to decide on the currently active task/model. on the II._lnu? ReaIfFTLmle App!lﬁlatl?n Interfacte t'R TAIdV\ll'th
For application in the Kalman filter the time—continuousaf‘i‘:]‘mpmg Ime Ot' - h ms. i € _|mei-\£a(rj|an dlrge e?y
transfer functionG,(s) is transformed into a time-discrete ©' 1€ communication channel is simuiated and drawn from

state-space representation like (1), by a zero-order hoft Gaussian Q|§tr|but|on with meafi, = 100 ms and a
discretization with sampling tim@" standard deviation ofrqy = 5 ms. Further, a packet loss

of 10% is simulated. If a packet is lost, the last received

T KT KT, T| | e data is hold.
frirr = (1= )| foi+ |7 ! I o -
T, T, 1T, €; (5) We chose an oscillating motion in x-direction as an exem-
vi = [1)fni plary task, because rehabilitation tasks are typically @imo

) _ _ ~ cyclic motions with no abrupt changes. On master side, this
Therein, the time delay,, is neglected, because the therapispsillating trajectory and the current position of the eati
does not have to react to a certain change in the trajectogye yisualized. The desired motion trajectory is displagsd
but is practiced in its execution and, hence, can plan ter/hy white line which is scrolling down a screen in negative
actions in advance. z-direction with a constant velocity &f mm/s. The output
of the position fusion module (in the ideal case this equals
the patient’s position) is displayed as a red ball in a simple

For the position fusion on master side, we assume that thtual environment which is implemented in C++, see Fig. 5.
patient shows passive behavior and behaves like a mass omiye patient is only haptically guided by the therapist and
Fy(s) 1 receives no visual feedback. In this experiment instructed

Gy = X,(5)  ms? (6) subjects instead of real patients took part.

P In [15] we identified the mean parameters of the human
wherem is the mass of the patient’s arm. Hence, we assumeaptic interaction model (4) in a 1 DoF pursuit tracking
that the patient does not apply forces actively to perforrtask, where a mass of» = 10 kg was to be moved:
the rehabilitation task, but relies purely on the guidante o = 18.88, 7, = 4.75, and 7, = 0.12. The mass of
the therapist. Again, the model is transformed into a timem = m, + m. = 10 kg is made up by the mass of the
discrete state-space model according to (1) patient’s forearm and handn{ = 2 kg) and the mass

of the virtual admittance of the position-based admittance
EAR BRI EAE

D. Haptic model of patient and position fusion

0 1 T/m control (n. = 8 kg). This model is integrated in the force
fusion Kalman filter. We further assume an upper bound

which is implemented in a Kalman filter following the samefor the time delay ofT,,,. = 500 ms. The covariance

procedure as presented before. matrices of the force and position fusion Kalman filters are

Tp,i+1 Lp,i



0.08 ‘ ‘ ‘ the patient along the task trajectory, the position tragkin
is very good. The force fusion algorithm tracks the forces
applied by the therapist, see Fig. 6(b). Due to the good
position and force tracking, a high fidelity is achieved, and
the interactiveness of the rehabilitation process is raaiet
in our experiment. These results demonstrate clearly the
effectiveness of introducing force-based haptic intéoact
models in teleoperation systems.

Since we fuse human model and measurement data, the
therapist can easily leave the reference trajectory byyampl
the respective forces as displayed in Fig. 6tatc 14 s.
Hence, the motion trajectory can be modified, and task

0.041

0.021

x/m
o

-0.02r

-0.04r

-0.06

-0.08

0 5 , 10 15 20 execution can be adapted to the patient's needs. The positio
timefs tracking is still very accurate. However, there are degrai
(a) Position tracking between the force applied on master side and the force

generated by the slave. This is explained by differences be-
tween the therapist's real behavior and the haptic intenact
behavior modeled in the Kalman filter.

The human haptic interaction models of the therapist and
the patient are basic and we tested them only in pursuit
tracking tasks. Like in all model-mediated approaches, the
system performance depends highly on how well the models
describe the real behavior. One of the limitations of the
applied operator model is that we assume that the therapist
applies forces to track the reference trajectory. Hence, if
she/he intends to leave the reference trajectoy, this sause
an error between model and real behavior and the tracking
) s 5 1 20 performance of the Kalman filter realized for force fusion

time/s is decreased, see Fig. 6(b) iatz 14 s. Another limitation
is that we assume that the patient is strictly passive and
behaves like a mass only. In the experiment, we instructed
Fig-K 6-| Pfefciilggnlmﬂéfziki:g rﬁ:ﬁfeuigetﬁ eor‘;”}gtfuzii?gggsv Zﬁ)snw the patient to behave passively. But, in real rehabilitatio
gnrefigﬁge task. trajectory? To ada’pt the tasili efecutiomeogttatient’g patients commonly show the whole range of behavior, from
needs, the motion trajectory can be altered from the referérsjectory  fully passive to completely active depending on their level
(exemplarily att ~ 14 s).x: slave positiong.,: master positions output  of rehabilitation.

of position fusion),z,..;: task trajectory,f,,: force applied by therapist,
fs,q: force generated by slavé=(output of force fusion)

(b) Force tracking

V. CONCLUSION& FUTURE WORK

In the present paper we introduced a classification of
determined heuristically t®; = 10e15 andR,; = 0.1, and Model-mediated teleoperation according to the type (envir
10 0 . ment or human operator) and the usage of the model (model
Q=19 10 ] andR; = 0.1, respectively. estimation or signal fusion). Unlike the state of the arteveh
free-space models of the human operator providing position
trajectories were applied for model-mediated teleopenati
Fig. 6 shows the tracking and prediction capabilities ofve suggest the usage of force-based human haptic intaractio
the force and position fusion algorithms, based on Kalmamodels. This new approach allows to transfer the strength
filters. In the presented scenario, the therapist would nof advanced model-mediated teleoperation, i.e. increased
be able to compensate the instabilites caused by the timsability and fidelity, to scenarios where the forces apblie
variant time delay (Gaussian distributidfi; = 100 ms, on the remote environment are of importance. This is e.g. the
orq = 5 ms) and packet loss af0% without the model- case if excessive forces need to be avoided or if two human
based prediction algorithms. Hence, our results demdestraperators interact haptically via a teleoperation system.
the improved stability of the controlled teleoperationteys In the presented experiment, we applied modified Kalman
due to the integration of haptic interaction models. filters in a 1 DoF tele-rehabilitation scenario to fuse mea-
In order to achieve a high accordance between the motisurement data with the output of human haptic interaction
of the therapist and the patient, the objective of the pmsiti models to compensate time delay and packet loss introduced
fusion algorithm (generating the desired master positioby the communication channel. Results show a good position
Tm,q) IS to track the slave position, and not the referencand force tracking of master and slave device. Hence, the
trajectory. As shown in Fig. 6(a), where the therapist gsiidestability and fidelity of the system is increased by applying

B. Results & Discussion



model-based fusion and prediction, and the interactiveenegs]
of the rehabilitation process can be maintained. Thesdtsesu

demonstrate clearly the effectiveness of incorporatirgefo
based human haptic interaction models into teleoperation
systems.

For a more profound evaluation, a control-theoretic ana

(7]

(L8]

ysis with respect to stability and transparency has to be

conducted. In particular, a comparison with passivityeols
control approaches is required to obtain quantitative lt@su

El

and allow more detailed conclusions about the benefits of
integrating force-based haptic interaction models inagle
eration systems to compensate time delay and packet Iosgl.O]

One approach to further improve and generalize our results
is to progress from constant to user-adapted model parafil]

eters which are estimated on-line. Additionally, the perfo

mance of the tele-rehabilitation system can be improved by
learning modifications of the tasks. The introduction of enor[12]
advanced models describing the behavior of an individual
within a haptically interacting dyad and intention recdapm
allows application of our approach to e.g. active patient&s3]
and other scenarios like joint object manipulation tasks. A
the definition and identification of human haptic interaatio [14]

models is currently in the focus of research [14], [12], [13]

we expect appropriate models to be established in the NGad)
future.
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