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ABSTRACT o
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Human-machine collaborative teleoperation systems were intro-
duced to overcome limitations of state-of-the-art teleoperation sys-
tems by using a virtual assistant that supports the human opera- T
tor in the execution of a task. Since assistances are highly task-
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dependent a correct classification of the currently performed task s, [T
is paramount. In this paper, we present a novel approach for im- closed Toop =P agreement yes/no
proving task classification for a human-machine collaborative tele- system == recognized task

operation system. Starting from a classical HMM-based classifier

implemented in our previous research, we introduce a method for Figure 1: Feedback loop from the haptic assistant to the task classi-
correcting erroneous task classifications by evaluating an agree-fication

ment criterion. This criterion is based on interactive forces and is

used to distinguish between situations in which human and assistant

agree/disagree in their execution of the task. Using disagreement agssistances were activated, a wrong task classification resulted in
indicator for the activation of an unsuitable/suboptimal assistance, the activation of unsuitable or sub-optimal assistance functions,
erroneous task classifications are identified and the original classi-yhjich caused a drop in task performance or even made the execu-
fication result is revised. The proposed approach shows significanttion fail. Especially when applying haptic assistances, an assistance
improvements in task classification coming along with a compara- || suited for one type of task can cause instability when applied

ble low implementation effort. to another. Thus, errors in task recognition should be minimized
not only to optimize task performance, but also to guarantee stable
1 INTRODUCTION operation.

In a haptic teleoperation system, a human operator performs com- Inspired by approaches found in the field of brain-computer in-
plex manipulation tasks in a remote environment via a teleoperator terfaces (BCI) that evaluate error-related potentials to correct the
while receiving haptic feedback from the interaction with the envi- original classification result [8, 9], in this work, we introduce a
ronment, see Fig. 1. Despite recent advances in the field, state-method for correcting erroneous task classifications in a human-
of-the-art teleoperation systems are still characterized by a long machine collaborative teleoperation system (see Fig. 1) by evalu-
execution time, high failure rate, and low performance compared ating an agreement criterion. Similar to the error-related potential
to direct human manipulation. In order to overcome these limita- that indicates when an intention was wrongly classified, the agree-
tions, virtual assistants have been introduced to support the humarment criterion will serve as a measure to indicate whether human
operator in the execution of a task. Several types of assistancesoperator and assistance functions generally agree or disagree in the
have been proposed in the past ranging from simple visual over- execution of a task. A disagreement is interpreted as indicator for
lays, over stabilizing controllers to haptic guiding systems, see [1] an unsuitable or suboptimal activated assistance and thus, a wrong
for an overview. The variety of assistance functions developed and task classification. In case the criterion indicates a disagreement
proposed in literature clearly shows that no universal assistancethe classification result will be revised with the aim of correcting
function exists, but rather different tasks require the activation of the original decision. Following this procedure an overall improved
different assistances. While manual activation of assistances is aclassification can be achieved.
valuable strategy, recent investigations aim for an automatic task  The paper is structured as follows: The proposed approach, the
classification and assistance function activation. Hidden Markov scenario, the design of the task-specific assistance functions, and
Models (HMM) have been widely used in this context. Originally the task classification algorithm are presented in Sec. 2. The ex-
applied to problems in speech recognition, recently HMMs have perimental setup used to evaluate the effectiveness of the proposed
been also implemented for human-machine collaborative teleoper-approach as well as obtained results are detailed and discussed in
ation systems [2, 3, 4, 5, 6, 7]. Classification methods based onSec. 3. The paper closes with a summary and outlook to future
HMMs are known for their robustness against variations in task ex- research.
ecution, their low computational effort as well as their adaptation
and generalization capability to a broad area of tasks. 2 CONCEPT & METHODS

In our previous research we implemented an HMM-based task . . )
recognition algorithm to distinguish between a series of pre-defined /N correspondence to the error-related potential that is activated
tasks [7]. Depending on the task, correct recognition rates of aboutWhen intentions are wrongly classified, we look for a criterion that

89 % were obtained. While operation was smooth when correct allows detecting the activation of unsuitable or sub-optimal assis-
tance functions when performing a haptic interaction task. In [10],

*The authors are with the Institute of Automatic Control Eregiring, we found that interactive forces between human and assistant can
Technische Universit Miinchen, Germany. be used to distinguish between cases where human/assistant agree
or disagree in their execution of a task. In this work an adapted ver-
sion of this criterion, denoted &C, is used in order to identify a
disagreement and thus, a wrong classification of the performed task.
In case disagreement between human and assistant is detected, the




agreement S/ human formed using translational movements only, these degrees of free-
evaluation (e— dom (DOF) are considered for the design of the assistance func-
haptic DC‘ | fa/%a tions. Rotational movements are constrained by a strong virtual
signals task Ti _ mass-spring-damper dynamics. The assistance functions act as ad-
| classification > assistance > ditional virtual forcesf, or velocitiesX, to the human applied

forces/velocities, see Fig. 8.

T2 Transportation: For transportation tasks, the most impor-
tant objective is to ensure stability while performing motions in
highly constrained environments. This is realized by introducing
additional virtual damping ofi"2 = 30 Ns/m to each direction of
motion. Furthermore, as the main constrained direction of motion
task will be selected. As shown in Fig. 2 the agreement criterion IS the up/down axis, forces applied by the human in this direction
DC acts as direct feedback to the task classifier. are reduced by 90%. .

In the following subsections, we introduce the teleoperation sce- 13 Positioning: Positioning is performed in the same con-
nario that has been used to test our approach, list the single tasks istrained environment than transportation, and thus, the same assis-
consists of, describe the assistance functions we have designed fofance as for the transportation task is used. The dominating physical
them, shortly review our task classification algorithm implemented effect in this task, however, are slip and stick effects. These effects
in our previous research as well as introduce our new correction complicate small-scale motions as required for positioning tasks
procedure adopted to enhance the original task classification. Sinceesulting in large task completion times and large applied forces.
the assistance algorithms as well as the task classifier used in ourThus, in order to overcome the slip and stick effects, the resolu-
study are highly task-dependent, we start with the description of the tion in the lower force range is increased by amplifying the human

Figure 2: Task classification correction based on agreement criterion

original classification result will be revised and the next most likely

overall scenario. forces applied in the horizontal plane by a factor 2.
T4 Carrying: In this task, the main objective is to realize a high
2.1 Scenario task performance, i.e. fast task execution with low effort. The car-

_rying task exhibits two main components: large free space motions
dor carrying the hard drive and small-scale motions for positioning
the hard drive in front of the rack. For positioning the hard drive, a
potential field is useful to guide the operator towards the hole of the
rack. Potential fields provide the operator with haptic cues to drive
him/her towards or away from selected regions, see [11, 12]. In this
paper, a potential field is used to guide the operator towards the hole
of the rack, where the hard drive needs to be inserted. If the hard
drive is grasped for the first time, its position is registered and later
tused to render a cylindrical attracting potential field around this po-

back to the rack. This phase is called carrying and is performed in sition. We selected a (_:yllnd_er W'th a diameter of 12 cm. A virtual
free space. In this phase, only the hard drive’s mass is measured orpPring-damper dynamics with spring constbﬁ = 200 N/m and

the remote site. Next, the hard drive needs to be inserted back intodamping constardg“ =25 Ns/mis fixed between the center line of
the rack corresponding to another transportation task. Finally, the the cylinder and the position of the teleoperator. Regarding the first
hard drive has to be positioned precisely at the target location, socomponent of the carrying task, facilitation of large motions in free
that the holes of the drive and the rack coincide and it can be fixed space, the commanded teleoperator velocity is scaled up by a factor
using bolts. The main physical effects the operator has to deal with 1.5 in all directions and the virtual mass-damper dynamics of the
in this phase are slip and stick effects caused by the static friction nominal controller is reduced byl * = 2 kg andd] # = 50 Ns/m.
between object and rack. The idle state (T1) is active whenever no

contact with the hard drive occurs. 23 Task classification

The replacement of a defective hard drive is considered as exem
plary scenario to evaluate our approach. The scenario requires th
sequential execution of four different tasks: transportation (T2), po
sitioning (T3), carrying (T4), and idle (T1), see Fig. 3.

At the beginning the operator pulls the broken hard drive out
of the rack. This is associated with a transportation task. Itis a
typical example for movements in constrained environments and is
characterized by large sliding friction effects. In a second step, the
hard drive is carried from the rack to a predefined position where
it is dropped. The operator takes the new hard drive and carries i

T1:1dle T2: Constrained Our task classification algorithm is based on a Hidden Markov
Transportation Model (HMM) approach. A thorough theoretical overview of
HMMs and their applicability to classification problems in speech
recognition can be found in [13]. Due to its simple implementation,
robustness and high invariance against time warping, their applica-
bility extends far beyond speech recognition and thus, HMMs have
been applied to a variety of classification problems, including clas-
T3:C:”?:famed sification in haptic interaction, see e.g. [14].
esttioning An HMM is a simple belief network with hidden states exhibit-
ing Markov property. It is represented by a probability distribution
over a finite sequence of observations (output alphabet). An HMM
is often denoted as a tuple= (Q,V, 1, A, B). It is fully defined by
specifying the set of hidden stat€s the set of output symbolg,
its initial state probability distribution vectar, the matrix of state
transition distributionA and the emission probability distribution
matrix B.
Knowing matricesA and B and given an output sequence
. O=1{01,0p,...,0¢}, it is possible to calculate the forward prob-
2.2 Assistance ability Py of O. In doing so, we can determine how likely it is that
In order to support the execution of the tasks, we implemented a particular trained HMM\ has emitted the observed sequefice
assistance functions for T2-T4. Since the scenario can be per-This is defined as the first canonical problem over an HMM.

T4: Carrying

Figure 3: Scenario consisting of four tasks: Idle, Transportation, Po-
sitioning, Carrying



In our previous research we used an HMM approach to perform
a task classification based on observations of haptic data (motion
and force signals). Since a discrete HMM was chosen for our im-
plementations, time series data could not be processed directly, but
rather had to be represented by a finite alphabet. In [7] we de-
veloped a method for an event-triggered feature extraction for time
series of haptic data. Output symbols of this feature extraction were
passed as discrete observations to a set of trained HMMs, whereby
each HMM; represented one of the tasks to be distinguished (in
the current exampld € {T2,T3,T4}). Passing a moving win-
dow of observation sequences to these HMMs and solving the first
canonical problem for each of them allows calculating their proba-
bility Py, which specifies how likely it is that one of them has emit-
ted the observation sequence. In our original implementation the
HMM with the highest probability and the corresponding task were
selected as result of the task classifier. Interested readers please re-
fer to [7] for a more detailed description of the implemented task

classifier and training procedure.
. \
2.4 Agreement evaluation T(2)

While in our original implementation the HMM with the highest

probability Pmax = max(R) for each HMMi = 2,3,4 determined ¢
the classification result, in this subsection we introduce a method

for correcting erroneous task classifications by real-time evaluation

Correction Mode

of an agreement criterion. Figure 4: Task correction algorithm: T(1) is the task for which HMM
After having determined the probabiliti€d for each HMM has the high_e_st probability Pnax and T(2) is the task with the next
Ai,i = 2,3,4, the classification results are sorted in descent order '0Wer probability.

of the corresponding probabilities and summarized in the vector

T. During normal operation of the classifier, the HMM that most
likely emitted O is used and the corresponding task classification Fig. 6:
resultT (1) is sent to the assistance unit. However, whenever the

agreement criterion detects a disagreement between human opera- fh if sign(fy) # sign(fa) A [ fn| < [fal
tor and assistant, it is interpreted as indicator for a wrong task clas- fi=< —fa ifsign(fy) #sign(fa) A|fy| > | fa (@)
sification and the task selection block automatically nominates the 0 else.

HMM with the next highest probability and updates the task classi-

fication result which is sent to the assistance unit. Our assumptionin this work, only forces are considered. Yet, the concept is ap-
here is that even in case of wrong task classification, the correct taskplicable to torques as well. Interactive forces are compressive or
has still high probability. A flowchart showing the proposed clas- tension forces between haptic assistant and human operator that do
sification correction algorithm is given in Fig. 4. We will explain  not result into motion of the object. Whenever the correct task is
it using an example: Suppose, the operator performs positioning of classified, the assistant either applies forces in the same direction
the object, i.e.T(1) = T3. The classifier is imormal mode and as the operator or slightly counteracts the human applied forces.
asDC = 0 sends the outpuii(1) to the assistance unit. Assuming  This results in small interactive forces supporting the actions of the
now, that a new symbdD;, 1 recognizes constrained carrying task, humanin a desired way. Whenever a wrong task is classified, an un-
such thafT (1) switches toT4. This wrong classification result is  suitable assistance function is activated. In this case, the human has
sent to the assistance unit, which activates the assistance functiorto strongly counteract the undesired assistance forces, resulting in
for T4. This leads to an increase of the interactive accelerations, large interactive forces. If e.g. transportation is recognized during
leading to a rising edge of tHeC signal. The classifier switches  a carrying task, the human applied forces in the up/down direction
to the correction mode and outputs the task with the next highest are reduced by 90%. In order to compensate the weight of the hard
probability T (2). We assume, that the correct task has the second drive, the human will have to apply large forces in the up/down di-
highest probability, i.e.T(2) = T3. During the subsequent loops rection. This again leads to large interactive forces, which can be
we observe ifT (1) changes. If so, we switch back again to normal interpreted as disagreement between operator and assistant.

mode. Such a situation is shown in Fig. 5. During the correction  Thus, whenever measured interactive forces cross a pre-
mode, we expect that there is some time delay after which the hu- determined disagreement threshbid in at least one of the trans-

man reacts to the new assistance. THG,will drop to zero after lational directions, the disagreement criterd@ is updated as fol-
this adaptation time. We chose 100 ms for the adaptation time. Af- lows:

ter that, if the signaDC is still active, this is an indication for a DC — 0 if [fi] <DTx Yke{xyz} 2
wrong triggered disagreement between human and assistance and 1 1 else. @

consequently the algorithm switches again back to normal mode. ) )
Agreement between human and assistant is denotedy- 0,

while DC = 1 means human and robot disagree.

So far, the agreement criterion can only be used, if an activated
In the following paragraph the used agreement criterion is intro- assistance function leads to measurable interactive forces. If, how-
duced: As shown in [10], interactive forcéscan be used to detect,  ever, the assistance function only modifies the position or velocity
whether human operator and assistant agree in their execution of aof the teleoperator without applying the same transformation at op-
task, as they occur if two partners, i.e. human and assistant, pusherator site (like in T4), no interactive forces can be measured. In
or pull in different directions. They are defined as follows, cf. also such cases, we propose an agreement criterion based on the deriva

2.5 Agreement criterion
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normal mode. If a task is classified with a high overall recogni-
Figure 5: Example of task correction tion rate we set the corresponding threshold to a high value. Hence,

the correction algorithm switches rarely and we prevent wrong dis-
agreement triggering. On the other hand, in setting the thresholds
lower, we more often go to the correction mode, which is suitable

tive of interactive velocitie;, which are defined in the same way for a task where the classifier has a low recognition ability

as the already introduced interactive forces.

It is importz_ant to note that th_e disagreement thres_holds can be3 EyvpERIMENTAL EVALUATION
easily determined from the available data used to train the HMMs _ . .
by comparing the interactive forces for one assistance function in Finally, the proposed approach was evaluated in a teleoperation sce-
two situations. In the first situation, the assistance is correctly ap- Nario. Setup and results are described and discussed in the follow-
plied, i.e. the assistance for transportation is applied during a trans-ing subsections.
portation task. In the second situation, the assistance is erroneously3

T ; LT . . -°3.1  Setup

applied, i.e. the assistance for transportation is applied during posi- ) )
tioning or carrying. Apparatus. The experimental setup used for evaluating the pro-

For transportation and positioning, only the z-component of the Posed approach is shown in Fig. 7. The hyper-redundant 10 DOF
interactive force vector is evaluated, while for carrying the norm of ViISHaRD10 robotic arm was used as haptic interface. The arm has
the interactive acceleration vector is considered. In order to reduce? large, singularity-free workspace and a high force output capabil-

noise, the interactive acceleration sigialwas low-pass filtered  ity, see [15] for a detailed performance analysis. On teleoperator
with a cutoff frequency of 8 Hz. site an anthropomorphic 7 DOF robotic arm [16] was used. Both

devices are equipped with JR3 6 DOF force/torque sensors mounted
at their end-effectors. End-effector positions were obtained by ap-
plying the forward kinematics to the measured joint angles. Gravity
forces of the end-effectors were compensated in the force measure
ments. The operator was connected to the haptic interface by means
of an aluminum bar which was fixed at the back of his hand. In or-
der to perform manipulation tasks the teleoperator was additionally
equipped with a two finger robotic gripper. To open and close this
gripper the distance between thumb and index finger of the opera-
tor's hand was measured using the commercially available Cyber-

As for the training procedure of the classifier each task is per-
formed with each assistance function, all required data are given,
such that the additional effort to implement the proposed correction
method is only slightly increased compared to the original imple-
mentation.

T2 Transportation: The threshold was selected comparing the
interactive forces in a training dataset where the assistance with
and without correctly activated type of assistance was used. In a
first step the interactive forces in up/down (z) direction are deter-

mined if the assistance is applied correctly. In a second step, theseGIove system by Immersion Corp. All controllers ran at a sampling

requency of 1 kHz. Experimental data were recorded at the same
requency. The operator had direct view on the remote site.

interactive forces are compared with interactive forces lying con-
siderably above these values for the case where the assistance is aé
plied erroneously. The threshold was then determined heuristically
as to clearly separate interactive forces for both situations leading
to DT, =178 N.

T3 Positioning: The agreement threshold for positioning is de-
termined in the same way as for transportation. It was found as
DT,3 =198 N.

T4 Carrying: Correctly distinguishing carrying from position-
ing or transportation is crucial, because the implemented veloc-
ity amplification adopted while carrying could easily lead to os-
cillations and instability when applied during constrained manip-
ulation. Such mis-classifications are highly critical for safety of
the overall system. They can be detected by evaluating interactive
accelerations. The same procedure as for the other two tasks /
was used and the threshold was found for all three directions as . : -
DT =[12, 1.2, 1.2 Nm/s2. Operator Site Teleoperator Site

When tuning the thresholds not only the recorded data have to

Figure 7: Experimental setup



Control: A position-based admittance controller with bilateral Tasks Classical Approach  New Approach
force-force exchange as proposed in [17] was implemented. Move-
ments of the single devices were restricted to the 3 translational He [%]  oc [%0] Un[%]  on [%]
DOF. On master site, forces originating from the haptic assistance

functionsf ,, the remote environmerft,, and forces applied by the Tra@po_rtaﬂon 61.36 16.01 8342 14.59
human operatof ;, were summed up and used as input for the vir-  Positioning 84.80  13.43 92.72  9.40
tual admittance of the local position-based admittance controller. Carrying 94.90 6.98 92.05 12.79
For the carrying task, additionally velocities commanded by the as-  p|| 77.21 7.83 87.74 9.32
sistance functionk, were added to the desired velocitiSof the T4during T2or T3 84.04  12.59 94.42 7.71

local position controller of the slave. The two desired dynamics for
master and slave were as follows

Table 1: Mean and standard deviation of correct classification rates
fo+f,—fo = (Mp+ Ma)kdm-F (Dn+ Da)de for old and new approach

fotfa—fe = (Mn+Ma)Xg+(Dn+Da)(5(g +Xga)

are diagonal matrices, representing virtual mass set in a conservative way, such that the detection of wrongly clas-
a ' sified carrying tasks during positioning and transportation are de-

and damping characteristics of nominal controller and assistant, . X . - . .
respectively, andd . are the desired accelerations of the master f[ected fs_tably, le. with a_hlgh_probablllty.'Thls Ie_ads to an increase
’ m$s in stability, as the classification of carrying during positioning or

and slave device. The desired positions for master and slave de< oo tation leads to oscillations easily. If the task classification
vice were tracked using high-gain PD-controllers operating in joint

space. The nominal values My, Dy, were chosen as 12 kg and does not switch back to positioning or transportation fast enough,

70 Ns/m for each direction. These values were selected from a se the wrong classification can even lead to instability. On the con-
L A ; . ttrary, however, the conservative agreement threshold can lead to a
of parameters for stable interaction, which were found using the

parameter space approach as described in [17] decre_ase in classification for ce_lrrying, as disagr(_aement during the

’ carrying task may be wrongly triggered. As carrying can be safely
3.2 Results performed with all assistance functions, this mis-classification is
not critical. In summary, an overall improvement in the classifica-
tion results is obtained and stability is increased.

whereM, 5, Dy,

The overall task was performed 25 times by one expert operator
without correcting the task classification, referred to as classical
approach, and 25 times using the correction approach. Inorderto, ~\cLusion

reduce learning effects, the approach was changed after 5 trials. In ] ) ) o

addition, for comparing actually performed task and classified task, In this paper, an approach for improving task classification for a
the operator indicated the currently performed task using a joystick. human-machine collaborative teleoperation system was presented.
The signals from the joystick, denoted'as serve as a baseline for Start_lng from a classical HMM-based C|a$SIf|er implemented in OUI'_
the actual classified task, denotedTascan be compared to. How- ~ Previous research, a method for correcting erroneous task classi-
ever, as the transition from one task to another cannot be determinedications by evaluating a disagreement criterion was introduced. A
exactly, data within a correction window of 0.5 s before and after Criterion evaluating interactive forces was proposed and used to dis-
a new task entered via the joystick were neglected. Table 1 sum-tinguish between situations in which human and assistant agree or
marizes the classification results for both approaches. Results aredisagree in their execution of the task. Using disagreement as in-
given for each task separately as well as for the task as a whole.dicator for the activation of an unsuitable or suboptimal assistance,
Furthermore, the correct classification rate for selecting carrying €rroneous task classifications were identified and the classification
while performing a positioning or transportation task is reported. result was corrected. The proposed approach leads to significant
This rate is especially important for safety, as applying the assis- improvements in task classification along with a low implemen-
tance function designed for T4 can lead to instability when applied tation effort. Preliminary experimental results showed an average
in constrained manipulation tasks such as positioning or transporta-overallimprovement in task classifications of 10% compared to the
tion. classical approach without correction as well as for safety critial
The valuest ando are the mean and standard deviation of the clas- tasks. Further, for safety critical tasks, a smaller standard deviation
sification rate<CR, obtained for each trial. The classification rate Was observed for the proposed approach compared to the classical

is calculated as the number of correct classifications re€@igi- approach indicating a more stable classification.
vided by the total number of classification results, i.e. the number ~ Future work consists in the extension of this approach to a
of samples in a trial times 100: broader class of tasks and assistance functions as well as in a user
study to statistically confirm found results with multiple users.
CcC
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