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Abstract— Rehabilitation robots being developed nowadays  This contribution presents a new method to improve
rely on force and/or impedance control. This is guided by transparency, based on the use of adaptive oscillators-[19]
clinical evidence showing better performance if the patiehis [25]. An adaptive oscillator is a set of differential eqoats

left with the capacity to influence the robot trajectory. The : . S . .
simplest, yet fundamental, mode of force control is when the which can synchronize to a periodic signal by learning this

robot has to be transparent, i.e. to apply no forces/torquesn the ~ Signal’s features (i.e. frequency, amplitudes, phasetf)imvi
patient. This mode is useful both in scenarios where the rolio its state variables. As such, an adaptive oscillator noy onl
has to apply pinpointed support during some training phases gachieves adaptive synchronization to the input signalaltsat

and be transparent otherwise, and for any force controller n o forms g kind of real-time Fourier decomposition of this
general, to avoid the reference forces to be polluted by theobot tth h f diff th . |
own dynamics. This contribution proposes a method to improe Input through a sum of difierent harmonic signais.

transparency on a support robot for overground training. The Practically, this method was put to test on a real robot,
method consists in learning the patient's movement by using namely the "FLOAT” being developed within the Spinal
adaptive oscillators and then anticipate its future evoluton in  Cord Injury Center at the Balgrist Hospital in Zurich [26],
order to synchronize the robot movement. In experiments wit [27]. This cable-based robot provides overground support

human subjects walking in the gait support robot FLOAT, this f it rehabilitation i | K 1 .
method can decrease the undesired oscillations of the suppo 'O gait rehabilitation in a large workspace. Iransparescy

force applied to the human user by up to 50 %. particularly relevant in this kind of robot, since we might
want to provide postural assistance only when a fall is
. INTRODUCTION detected, or to provide a constant supporting force in the

In rehabilitation after neurological injury, robots are- bevertlcal direction, while "hiding . the natgral OSC'”",’mB
coming more and more popular tools to improve the thera;ﬁ)’e?ted by t_he r(_)bot own dyr_‘a_'“f"cs.' bOth. n _the ve_rt|cal and
efficiency. Consequently, diverse robots have been degdlop orizontal directions. AS_ an '.”'“a'_ mvgstlga_tlon, thla_r_par
both for the upper [1]-[5] and lower extremities [6]-[10]. focusdes OQE/ on t(:]e ye:jtlcal sjl;r?_cuon, l"e‘ W;ﬁh t.he objeet

Robots being used with patients allow to let them perforr}*uo reduce the undesired osciiations along haxis. .
several kinds of functional movements, with a high degre Th'_s paper is organised as follows. In Sectlon_ll,_we briefly
of accuracy and repeatability. The use of robotic devices %escnbe t_he FLOAT robot.used to.test the predictive methqd.
less tiresome for the therapist than a classical therapyeMo 'el delscrébett.he mechamctal éjeS|gtnh and the cton:rolcljer tpnn—
over, robotic devices can perform quantitative and objecti cipie. n section 1lf, we Introduce the concept of adaptive

measurements and assist the patient through different a aulle}['_[orT and their |mplementat|otrr11 'r:j f[he r?]_bOt COTJHD![lf
innovative control strategies. Several clinical studersdtto n particuar, we propose a new method to achieve robustire-

show that robots can improve recovery after stroke [11]]7[15quency learning despite the intrinsic variability of thgrsal
during natural walking. In Section IV, we present methods

In impedance and force controllers, a fundamental requir?c-) compare the previous and the new controller, only in the
ment is transparency: The robot’s intrinsic dynamics sthioul ™~ ™. L . . "
P y y ertical direction and with healthy subjects. In Sectiow¢,

not lead to undesired interaction forces on the human. X - : .
particular challenge is to mask a robot’s inertia [16]-[18] present preliminary results .W'th the previous _and the new
controller. We clearly establish that the predictive coliér
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Fig. 2. Vertical position and force of the node during a repreative

Fig. 1. FLOAT concept. More details can be found in [27]. walking task (30 seconds, corresponding to about 5 crossifighe robot

workspace). The desired assistive force was set to 30kd) that the
expected measured vertical force should be constant aneh@@00N.

cables connected to a single node, being in turn connected to

the human via a beam and a harness, such that no momepisorce controller. The calculation of these predictiverts
are transmitted, only forces. _ is separated into three different layers.

Cables are tensed by four winches which are the four a) The predictive layer: predicts the future position of
controllable degrees of freedom. These cables are corthecife node with an estimator (i.e. an adaptive oscillator).
from the node to the winches through pulleys which are b) The equilibrium layer: calculates the winch posi-
mounted on four carts. Each pair of carts are connected yns required to apply the reference force on the node,
a cable to form one trolley, both running independently ogonsidering a static equilibrium for a given position (ie.
two parallel rails. dynamic effect taken into account).

The Cab|eS are further Connected to the node through C) The pos'tion Control |ayer: is a proportiona'_gain

springs which are used to measure the force in each cabjgsition controller giving reference forces to reach theaki
with potentiometers. The node force is estimated from the?ﬁ)sitions calculated in the second layer.
measurements by using a geometric model. Laser sensorsyjthout the prediction layer, the equilibrium layer would
measure the position of each trolley and each winch has ggjculate the winch position needed to reach static equilib
absolute encoder to measure the cable length. More detailgm with respect to the current node position and reference
on the robot design can be found in a companion papgfgde force. Due to computational delays, the mechanical
accepted for publication to the same conference [27].  response of the robot, and the controller limited bandwidth
The robot controls force on the node in Cartesian spagge control signal sent to the motors would thus be delayed
by means of a proportional-integral force controller. Miaygp compared to the actual node position.
from the resulting three Cartesian force components to the Therefore, the idea developed in this paper is to feed this
four winch torques is not unique and therefore allows fofayer with an estimation of the future node position, in arde
additional control action to influence trolley dynamics: Anyg compute the winch position to reach static equilibrium a
asymptotically stable relative movement of the trolleys isew milliseconds forward in time. If this time anticipation
enforced, such that the four pulleys form the corners of gorresponds to the accumulated delay, better transparency
rectangle above the subject. should be observed since the controller should bring the

~ In the current implementation, force control performancgjinches and trolleys to their static equilibrium positiarigh
in vertical direction needs to be improved, because thefe canore accuracy.

be peak undesired interaction forces of up to 40 N actingon . )

the subject (Figure 2, bottom). As these undesired forcds Principle of an adaptive oscillator

occur in response to human movement, which is almost An adaptive oscillator is used as an efficient estimator of

periodic in Z direction (Figure 2, top), the use of an ostilta the node future position. More precisely, it is a dynamical

concept seems promising [19], [20]. system having the capacity to synchronize to a quasi-period

input by learning its features in state variables. The adapt

oscillator used in this paper is similar to the one presented
In order to improve transparency, we anticipate movemen [21] and achieves the learning of a quasi-periodic signal

of the node (caused by movement of the subject), and we I@t) in an estimatod(t). This estimator performs a kind of

the winches facilitate this movement, by adding predictiveeal-time Fourier decomposition of the input signal, kegpi
terms to the existing force controller. Since the signala®e K harmonics (Figure 3):

considered in this paper are quasi-periodic, we use adaptiv

IIl. ESTIMATOR : ADAPTIVE OSCILLATOR

oscillators [19], [20] to perform this anticipation. R K K
[19], [20] to p P 0(t) = Z a; sin(¢;) = Zai sin(iwt + ¢;) 1)
A. Integration in the existing controller i=0 i=0

The method proposed here to increase the robot transhere¢;, iw anda; are the phase, frequency and amplitude
parency requires to add predictive components to the egisti of the harmonics. Those parameters are the state variables



of the dynamical system actually representing the adaptivse'gor}al learning

oscillator: = 10
. . b <: or
oi(t) = iw(t) + vy S Si)(t) cos ¢; (t) <
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Fig. 4. Signal learning by an adaptive oscillator contagnéharmonics.
o After 3 seconds, the state variables have converged to taldeatures
0(t) of the input signal. As expected, only 4 amplitudes conwrgenon-zero
values, since the input signal contained only 4 harmonicefiset).

W

only on the vertical direction, i.e. the position signal rado
the z-axis. This was done with an adaptive oscillator similar
Fig. 3. Coupled adaptive oscillators, learning the harm®mif the input to (2), but rece_lvmg the learned freque_ncy_fror_n _the
signal 6(t). "frequency learning” block rather than estimating it ifsel

The next step was to use these learned features to make a

As an illustration, Figure 4 shows the learning of a signgprediction of the signal evolution.

containing an offset and four harmonics with different ghas The signal was considered to be learned when the error
lag. In this example, the adaptive oscillator (2) was ifited ~ signal F'(¢) was lower than a tolerance threshold (i.e. 5 mm).
with a zero offset, a frequency equal ¢0= 2rrad/s, the When the signal was learned, a prediction was computed, by
first harmonic amplitudex; equal to 0.05, and the other using similar equations as (1), but with a time lead

amplitudesw; equal to zero. R K
As shown in the Figure, the signal features are learned 0s,(t) = Zo‘i sin(¢; + iwd;) 3
after about three seconds. At the end of this learning phase, i=0

the oscillator output is sync with the input. To observe thigyhere éél denotes the predicted position, with a time lead
very reactive behavior, the oscillator gains were setfe=  equal to4;. To achieve smooth transitions of thesignal
17.6, v, = 12.8 andn = 2, respectively (see [21] for some peing injected in the "static equilibrium” block between
synthesis rules for these gains). the periods where the signal was learned or not, the signal

C. Adaptive oscillators to learn the vertical node position ~ actually fed to this block was a blend of the actud) and
_ anticipatedz(t) signal:

The actual vertical position signal of a human walking in
the FLOAT is not perfectly periodic, each step being similar Zhiend (t) = a2(t) + (1 — a)z(t) (4)
but never identical to the previous one. As a consequenGghereq varied between 0 and 1. We linearly blended from
the oscillator features never converge to a steady-stéte va predicted to current position within 1s. It increased when
To avoid paraSitiC influences between the |earning of th@]e |earning was considered as being Converged (from the
different features, and to make this learning as robust aglerance threshold) and it decreased otherwise. With this
possible, we decided to decouple the frequency learning fromethod, the output signal staid continuous and the tramsiti
the learning of the other features, and to design a dedicat@gére smooth. Figure 5 shows the result for a prediction of
frequency learning block, being robust to signal variaion 50ms. At the beginning, the signal was not learned yet such
More particularly, we focus on the frequency learning othat the output was equal to the input. When the error went

the node position along the axis, since this signal is the pelow the threshold, the output smoothly started to ardieip
most sinusoidal of the position signals along the three. axige input.

The method to learn the frequency is described in Section IV-
A. IV. EXPERIMENTAL PROTOCOL

Once the frequency is properly learned, the other featuresSome experiments were done to validate if the prediction
of the actual signal can be learned. Again, this paper facuswith an adaptive oscillator decreased the force osciliatio
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Fig. 5. Smooth blending between current and predicted kigna Fig. 6. Z-position oscillations - square signal processing

in the Z direction. The first experiment consisted in learning Five subjects (two males and three females) with no

the gait frequency independently of other features. Thewovement disorder were chosen for the experiment. They
second experiment consisted in registering force oscifiat age ranged between 25 and 30 years and their weight
when some healthy subjects were walking with the robatinged between 50 and 85kg. Subjects were asked to walk
while receiving some body weight support and varying thetraight back and forth while attached to the robot. Every 30

prediction timed; to test its influence on the level of the seconds, the prediction time of the oscillator was changed.
oscillations. The different tested prediction time valugswere 0, 50, 75,

A. Frequency learning 100, 125, 150, 175 and 200 ms. Moreover, the experiment

To extract the frequency information from theaxis signal was done with two different virtual body weight supports,
e. 15kg and 30kg.

in a robust manner, we applied several filters to it, in ordef S . . .
Oscillations in the force signal were evaluated with the

to extract its main harmonic as much as possible. First, the
b ot mean square (RMS) around the reference value of the

signal was filtered with a second-order bandpass filter { This RMS val lculated with E 5
eliminate some high-frequency noise and remove the sign ce. IS value was caicu ated with Equation (6)
eren is the number of registered samples:

offset. The bandpass limit frequencies were chosen at 0 al
1Hz, such that a simple continuous-time representation of NG AY
this filter can be obtained as: RMS = \/Zi—l( (i) = Fres) (6)

H(s) = ﬁ (5) V. RESULTS

Then the signal was saturated by a nonlinear block thét Frequency learning

outputs 0.05 if the input is positive and -0.05 if negative, The convergence of the oscillator by learning the fre-
the transitions being governed by finite slopes. This SECOTEﬂJency of real walking data is illustrated in Figure 7. After

and generate a quasi-square signal at the frequency af thes seconds.

axis oscillations. Figure 6 shows the three steps of theasign
processing. Importantly, note that filtering and trigggrthe _Square signal learning
signal introduced a delay in the square signal with respe@t 0.1
to the actuak trajectory. However, this delay did not |mpactm
on the learning process, since the signal frequency is r@ o
sensitive to it. Various trials and errors let us concludst th® ~» 2 ¢ 6 8 10 12wae 820
the combination of these two filters conducted to the fastest
and most robust frequency learning performances.
Thereafter, the frequency of this unbiased square sign
was learned with a single adaptive oscillator, i.e. with= 1 0.081
and no offset learning in (2).

=]
©

=
nal

B. Experiments with human subjects 0.04 : * : T : * * *

The goal of the experiment was to establish the positive Time [s]
effect of the prediction during real walking trials. In this Fig. 7. Frequency learning with 1 harmonic and zero offset.
case, the natural variability of walking caused the learned
frequency to fluctuate. The aim of this experiment was thus Importantly, when the subject reached the limit of the
to test if the expected decrease in oscillations was obdervebot workspace, he/she had to turn around. During this
despite this fluctuation. period, thez signal was no longer periodic and the learning



had thus to be interrupted. Of critical importance is toadst in [27]. In short, the vertical force felt by the subject
the learning without discontinuity in the signal. To acldev was modelled as combining an acceleration-dependent, and
this, learning was stopped during a falling edge of the sgjuavelocity-dependent term:

signal, after the subject had reached the limit threshold in R .

direction. The learning resumed when the first falling edge F(t) = mZ(t) + d2(t) = m(Z(t) + C£(1)) (")
appeared after the subject returned inside tHemit range \,hare 15 denotes the estimated mass, afdand é the

of the robot. With this method, the oscillator resumed thg oo te and relative damping coefficient. With the origjina
learning with the expected initial conditions after a URUr oonqjler, the identified parameters values were equal to
and the features convergence was not compromised. 1 = 6.02 kg andd = 61.6 2=, This means that the reflected
B. Experiments with human subjects mass of the robot structure before the force sensor is only
.02 kg, and the main inertia is caused by the mass of the
ar and harness construction (weighting about 5kg), which
cannot be compensated with a feedback controller as the
original one. This model was also fit to the data with the
adaptive oscillator in the loop and with a prediction time
15kg equal to 100 ms. The relative damping facfovvas kept as
- BWS B 1 identified above, and only the magswas re-identified. The
best fit was found to be equal td = 1.71 kg, confirming
that the reflected inertia of the robot was decreased by a
factor 3.5.

The result with a representative subject are shown i
Figure 8.

15

o

Z-force RMS [N]
[9)]

VI. DISCUSSION
I We identified at least three possible reasons for explaining
0 0 005 0075 01 0125 045 0475 02 why some a similar decrease in force oscillations was not
Prediction time [s] observed for all subjects and/or BWS. First, the learning
Fig. 8. RMS of the force oscillations along theaxis recorded during the convergence depended on the periodicity of walking, the
second experiment, with a representative subject. more periodic the walking, the faster and more robust the

As expected, predicting the vertical component of thdearning. Second, the_method worked better Wi_th 15kg BWS
position signal did decrease the oscillations of the vattic than for 30kg BWS, likely because some subjects were oo
force. The best value for the prediction time (i.e. minimgi 1ght to accommodate 30kg of BWS. It was indeed difficult
the force RMS) was around 100ms with 15kg BWS ander them to walk in this condition, such that their gait was
125 ms with 30 kg BWS. With these values, oscillations RM&lighly variable. Accordingly, future experiments shoulel b
decreased by about 50% in both cases. realized by providing BWS being proportional to the subject

Figure 9 shows the same results for the other four subjec@Vn weight. Finally, the weight of the subject can modify
Interestingly, the RMS decrease was not visible for eacii€ resonance frequency of the whole system, such that the
subject and/or BWS. The data revealed that the reducti@ptimal prediction time would be different from one subject
in force error RMS was the most effective when the walkind® @nother. This last point would require more investigagio
was the most periodic, i.e. when the oscillator achieved tH@r €xample by better identifying the coupled dynamics of
best learning of the features. On top of that, the methd@€ Subject and device.

worked better with 15kg BWS than for 30 kg BWS. These encouraging results for tte direction motivate
further extension of the concept also to the two oth&r (

andY) directions. Moreover, the learned frequency should
10 - be usable for the three directions, since body oscillatares
similar in all three directions. However, this poses addidl
challenges, mainly because movement is less periodic in
o005 00701 01 oe o005 007501 0125 o5 these directions. In th& direction, large position slopes are
st st due to the back and forth movements of the subject and thus
occlude the oscillations. A similar problem appears inthe
10 - direction, except if the subject walks in a straight linegblet
to the z-axis. Although some of our healthy participants
managed to do so, this requirement is likely unrealistic in
©T0 oo s oi o8 05 0 oo s oi 28 05 a clinical context. A solution could be to apply a coordinate
Fig. 9. RMS of the force oscillations along theaxis recorded during the chan_ge, Ie a_rOtatIO_n to c_:onStantly a"g” thaxis with the
second experiment, with the other four subjects. walking direction. With this new coordinate system, ftie
offset would stay equal to zero, while theaxis signal would

The FLOAT acts like mass/damper system on the usesigain combine small oscillations and large slopes caused by

The parameters identification of this system is explainethe forward and backward movements. This axis rotation is

Z-force RMS [N]
Z-force RMS [N]

4

Z-force RMS [N]
Z-force RMS [N]

2|
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