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Abstract— In the effort to make rehabilitation robots patient-  power are needed. Inertial forces generated by the actuator
cooperative, two prerequisites have to be met: One is providing can be reduced by suitable actuation concepts, e.g. using
the necessary amount of guidance and safety for the patient. gerjes Elastic Actuators [13]. However, it is difficult to
Just as |mp0rtant IS transparency, l.e. minimum Interaction . . . .
between robot and human when it is not needed. Recently, avoid additional inertia after the actuators, e.g. due to an
we suggested the method of Generalized Elasticities, which €nd effector or exoskeleton. Furthermore, compliant cptsce
reduce undesired interaction forces due to robot dynamics by compromise maximum achievable stiffness [14], which the
shaping optimal conservative force fields to compensate these robot might need for other tasks (like stiff guidance for
dynamics. We now show that these conservative force fields can geyerely affected patients). Closed-loop force control im
not only be used to minimize undesired interaction, but that . . .
they can also support and guide the patient during therapy proves transparency by reducing re_flected |r_1ert|_a (_)f _robot
when needed. Thus, the patient is given maximum freedom and actuators [15]-[17]. However, this reduction is lirdite
within a safe training environment, with the aim to maximize i.e. there will always be inertial forces remaining [16].dan
training efficacy. the control scheme requires force sensors.

As reduction of inertia is limited, a common attempt is to
l. INTRODUCTION compensate “at least” robot gravity (and possibly Corjolis

To promote effective rehabilitation after brain injury, @yk centrifugal, and friction forces). Though this seems ittai
element is intensive training [1], [2]. The strenuous labbr it is based on the implicit supposition that the interaction
physiotherapists associated with conventional therapybea force magnitude depends on tlsam of absolute values
alleviated by rehabilitation robots such as the commercialf inertial and gravitational terms. This is true for some
devices Lokomat [3] or the Gait Trainer [4]. The firstscenarios, e.g. when moving perpendicular to the direction
versions used position control along a fixed referencedrajeof gravity, or very slowly, such that inertia is negligible.
tory. However, recent multicenter controlled trials shdwe However, many rehabilitation tasks require dynamic motion
that subacute and chronic stroke patients still profit moristead of quasi-static behavior. Kao et al. [18] even adiec
from conventional manual physiotherapy than from positionthe paradigm “faster is better in rehabilitation”, becanmses-
controlled gait training with the Lokomat [5], [6]. New cle activation amplitude increases with movement frequenc
results on motor learning and neural plasticity help explaiDuring dynamic movements such as walking, robot gravity
this by the fact that position control does not allow thecompensation can evéncrease undesired interaction forces.
subjects to make errors, which is necessary for learninghe LOPES gait rehabilitation robot [19] was reported to
and the formation of an internal task representation [7], [Bbe more transparent without gravity compensation, due to
Furthermore, the robot induces motion and does not requisémilar eigenfrequencies of robotic and human legs. With
active participation of patients. However, active papition the help of gravity, human and robot legs swing in parallel
is considered a key element for recovery [9]-{12]. Theswhile exchanging hardly any forces.
results encourage patient-cooperative control of retiatin The example shows that it can be beneficial to shape
robots, which allow the human to make errors. Neverthelesgassive dynamics of haptic devices, which are in this case
the robot must also provide a safe training environment aimilar to the human passive dynamics. Another example are
frame. To achieve these two goals, two prerequisites aedastic elements for exoskeletons, which store and release
necessary: Transparent behavior when the human moveseinergy to reduce human energy expenditure [20], [21].
an acceptable way, and support and guidance when neededRecently, we presented a control scheme that explicitly

To achieve transparency, one of the best means is @ptimizes passive dynamics of haptic devices with regard to
minimize the robot’s mass. Then, its dynamics cause onigpteraction forces, using the concept Generalized Elas-
small interaction forces between human subject and robdicities [22]. Given that the user’s preferred movements are
However, mass reduction is limited when a certain force anapproximately known in advance, optimal conservativedorc

fields are derived. The algorithm does not need a model of the
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been published in [22]. The approach reduced interaction
torques compared to closed-loop force control only and to
gravity compensation, and the gait pattern was more natural
regarding cadence (step frequency).

Besides free walking, a rehabilitation robot needs to pro-
vide also support and guidance. In principle, the consievat
force fields can act jointly with other controllers, like our
previously developed Nearest-Neighbor Path Control with
Gravity Cancellation [24]. Due to the passive nature of the
Generalized Elasticities, no stability problems shouldusc
when interacting with other passive concepts. However, the
potential of the conservative force fields might be higher,
which means that they can take over additional guiding
functions as well. By finding a conservative force field
that optimally approximates an arbitrary assistive stygte
complex controllers can be realized without tedious sitgbil
analysis. The fitted force field is intrinsically passivedan
preserves the originally desired assistance in an optiragl W Fig. 1. Human subject walking in the Lokomat gait rehabildatirobot

In the work presented in this paper, we investigate thighoto courtesy of Hocoma AG, Switzerland)
additional potential, i.e. whether conservative forcedietan
provide the same patient-cooperative support and gu'dan\?v?th the treadmill speed, which is chosen by the therapist.
as nearest-neighbor Path Control / Force Field Tunnel ap; . o :

his synchronization can either be done manually, or auto-

proaches. Furthermore, we want to test the hypothesis thne%1 tically by an iterative leaming algorithm [27].

this added functionality does not compromise unhindered For the path control algorithms is not calculated as a

free walking, verified by cadence and interaction force?unction of time, but as a function of the actual joint angjes

between the subject's legs and the exoskeleton. After : : : :
. . ) e ere,S is determined by searching for the nearest neighbor
first overview of Generalized Elasticities and how they can

encode spatial motion constraints, practical experimeiits to the actual positio on the reference trajecto,; (S):
a group of healthy subjects walking both normally and with S : ||gpes(S) — q||2 < min (1)

a simulated deficiency in weight bearing will be presented. ) , .
An adjustable deadband of variable widthy, (S) creates a

Il. MATERIALS & METHODS virtual tunnel around the reference trajectory. Leg pastur
A. Rehabilitation Robot outside the tunnel are corrected by the impedance controlle

Experiments were performed with the gait rehabilitatioﬁ’vhICh uses the nearest neighbor on the desired gahs)

obo Lofomat (Fg. 1) The robot s ben dauelope oL Pe A e e, ot Soul e inceres
to automate body-weight supported treadmill training ofjvsin the conventional so-callgd “free-run” mode of the
patients with locomotor dysfunctions in the lower extreest 9 . -
: . . . okomat, where gravity and friction torques of the robot are

such as spinal cord injury and hemiplegia after stroke [3]. A . u

. ompensated. This kind of control is denoted as “Nearest-
comprises two actuated leg orthoses that are attached to ﬁ‘}gi hbor Path Control with Gravity Cancellation” in the
patient’s legs. Each orthosis has one linear drive in the h%llgwin The concent is describedyin detail in [24]
joint and one in the knee joint to induce flexion and extension g P '

movements in the sagittal plane. In each joint, force senso€. Generalized Elasticities
are integrated between actuators and exoskeleton. 1) Idea and Concept: We consider an arbitrary robot that

B. Nearest-Neighbor Path Control with Gravity Cancellation 1S t0 beé moved by a human operator, whereby interaction
Existi | algorith f the Lok 5 b orces/torque’sare to be minimized via control. We assume
xisting control algorithms of the Lokomat [25] are base hat the motion of the robot can be described in terms

on a template or refergnce trajectayy, () for each leg. of the coordinates;, which can be translations or angles.
He_re, the vecto_r contains two elemen_ts, namely ref_eren%e inertia of the robotic manipulator and its actuators are
trajectories for hip ‘".md knee angles. This refe_rence YBPC  subsumed in a common mass mathk.(q). Gravitational,

is derived from gait patterns of healthy subjects [26]. Th%amping, and Coriolis torques are subsumedhir(q, §).

scalarS denotes the relative position in the gait cycle, whicl‘With these conventions, the robot's equations of motion are
is normalized to the interval0,1). Two subsequent heel

strikes of the same foot define the beginnirty<£ 0) and Tneed(q; 4, §) = M (@)§ + 1. (q,q). 2

end (& = 1) of a step. The needed torques,..q to move the robot can be generated

. In the Lokomat's conven_tlonal _Impedance con_trSI,|s by the robot's actuators or by the human. Forces from the
simply calculated as a function of time and the desired sepla

speed in cycles/second. This replay speed is synchronizedwithout loss of generality, only the term torques is usechis section.




human acting on the robot are the interaction torqugs, minimal. Using (6) and (7), these residual interaction &)
and actuator torques are written ag.: required to move the compensated robot are given by

Tneed = Tint + Tact- (3) Tint (qa 47 q) = Tneed’(Qv q; q) — Telast (q) (8)

The question is how we can find a control _Iaw for the robot'sf 5 set of trajectories is given with samples forg and the
actuators such that they take over the main part, and that t8grresponding velocitieg and accelerationg, the goal is

torques that need to be generated by the human are minimg).minimize the quadratic cost functioh with

If the robot is equipped with force sensors to meastie )

on-line, we assume that closed-loop force control is applie Tneed’ (41,471, G1) Telast (G1)

However, there will always be a certain minimum inertia

remaining [16]. Therefore, in addition to feedback (foywer  J = ||| Tueed’ (Qxs s, Gi) | — | Telast(qs) . (9)

depending on force, also feedforward (ff) terms depending

on time or position can be beneficial to makg., match the Treed (Apy Aps Gn) Telast (@) Q

needed torques closely: ) - - )

whereby the symmetric positive definite matiix contains

Tact = Tfb + TH. (4) weights that stress the importance of certain joints (Exére

We assume thatg, reduces the mass matiMd, (q) to the weights might even increase interaction torques at one join
to transfer energy to others) and of certain instankes

minimum achievable value (and possibhy.(q,q) is also of the movement. Following (6), the needed torques are

mod|f!ed, for ex"’.‘mp'e to compensate .fr|ct|on). Then, th(E:‘:alculated using the robot model and expected trajectories
equations of motion (2) are changed to:

with given positions, velocities and accelerations. Tha ai

Toeed (@, G, §) = Tneed — T = My § +n,(q,q). (5) Of the optimization is to find the optimal torques.:(q)

] ] that compensate,..a’ (g, ¢, §) for the expected motions and
With (3) and (4), the residual needed torques are fulfill the constraint of conservativeness (7). It should be
noted that it isnot the aim to urge the human to perform the
expected movement, like in impedance control. Nevertieles
This representation includes the special case withouedlos when the movement differs strongly from the expected
loop force control £, = 0), such thafM,» = M,., and also movement types, compensation is not optimal anymore, and
the case where,» = n,.. A standard procedure is to usg interaction torques might increase.
as a function of; for gravity cancellation. As outlined earlier,  For trivial problems, the optimal passive dynamics can
this is only optimal for certain movements, for example fobe deduced intuitively. For example, we consider a one-
very slow ones. In the following, we describe the optimaliimensional robot represented by a floating point mass (no
design of feed-forward components; that are tailored for gravity acting), which a user moves in a sinusoidal oscilla-
arbitrary preferred user movements. No force sensors afien. Here, the optimal passive position-dependent elémen
no biomechanical model of the user is necessary, the only be added is a linear spring (with appropriate stiffness to
input needed for the optimization is a model of the robojchieve the desired eigenfrequency). Thus, the passige for

and one or more mpvements the user preferg to.perform*e|d linearly depends on position, and it reduces necessary
The robot's kinematic structure and mass distribution doagser interaction torques to maintain the oscillation tazer

not need to resemble that of the human body, which meansif the problem is not trivial, a suitable parameterizatidn o
that the approach can be used for exoskeletons and efBle conservative force fieldt. ... (q) can be set up, and the
effector-based systems alike. The method uses consevatparameters need to be optimized. Such a parameterization
force fields, such that the robot emulates the behavior @bn be done either in terms of the potentiaL or direcﬂy in
passive components. Thus, no net energy is provided to th&rms of the force field. In the first place, an arbitrary-
user, who has to initiate and control any motion. continuous scalar function af can be used. In the second
In order for7¢ to describe a conservative force field, itscase, the constraint of conservativeness must be condjdere
work must be zero for any closed trajectory. This implies thasuch that a possible strategy would be to build the force
the torques in the vectorgs can be interpreted as “elastic” field by superimposing several passive elements. There is an
functions of the joint variableg, and as the negative gradientalmost infinite number of possible parameterizations, also
of a potential fieldy(q) with respect tog: depending on the dimensionality of the problem. A frequent
. . choice are polynomials or Radial Basis Functions (RBFs,
Tir = Telasi(q) = ~Va@(a). ) see e.g. [28)]). In [22], we employed a parameterization in
Apart from the required conservativeness, this repreienta the force field space, based on polynomials. In the following
is very open, such that it can e.g. represent elastic beits, awe apply an RBF approach in the potential field space.
it also includes gravity cancellation as a special case. 2) Optimization Using Normalized Radial Basis Func-
The optimization procedure shapes the potenfighnd, tions: Here, the parameterization is performed in terms of
thus, T.1.st @s functions ofg in such a way that interaction the potentialy as a function of the position coordinates in the
torques needed to move the robot along given trajector@s arectorq. Furthermoreg is a function of various centerpoints

Thneed’ = Tint T TH- (6)



¢; and of weighting parameters, that define normalized proposed by Wendland [29]. In our application, the vector
radial basis functions of the type q contains four elements: Hip and knee angles for the left

EN (wifilri(@)) leg, and hip and knee angles for the right leg in the sagittal
o(q) = i:]i, Wi\ @l) (10) plane. To simplify the problem, we chose to make all radius
> =1 filri(a)] functions in (11) spherical and of equal size using a scalar
The radius functions; are scalar functions of the distancedistance parameter.
vector §; between a poing,, and thei-th centerpointc;: D,=d?, i=1,.. N (17)
di(qy) =q, —ci, 71i(qy):=1\/0; (q,)Did:(q;), (11) In order to make the force field versatile and independent

, . . o o of a single template gait, a multitude of physiological gait
with symmetric positive definite weighting matri®; for g aiectoried are concatenated and used as training points.
each centerpoint. The choice of the centerpoints is free, ajong these trajectories, the field then minimizes forces

for example they can be placed on the nodes of a grid, Qkeged by the human to move the robot.
they can be points on the trajectories to be facilitated. 3) Generalized Elastic Path Control: In the last section
As the potential in (10) is linear in the parameters, it Cafhe Generalized Elasticities were used to render the robot
be written as a scalar product of a vector fgnctgirq) and  yransparent for a certain range of allowed or safe movements
a vector of weightas = (w1 wa ... wy) : which are defined by the training trajectories within this
é(q) = g(q)Tw (12 aII(_)vx_/ed range. In order to assist |mpa|r_ed subjects, auiditi _
. T training points are now added that define the robot behavior
The gradient of the potential is given by the transpose@hen the subject leaves this domain of safe motions. One
Jacobian ofy multiplied with the weight vector, which gives example would be deficient weight bearing, where the stance

the feed-forward control vector of (7): leg gives way. Then, transparent behavior is not beneficial,
d T instead assistive forces of the robot are necessary to avoid
_ _ 9(q) : . : . : " i
Telast (i) = —Vq¢ = — dq (13) falling. This assistance is realized by additional tragnin

_ _ points for the force field that lie outside the allowed re-
When the negative transposed Jacobians for amples gion. For the Lokomat, the allowed region is defined to
of the preferred trajectories are concatenated to the xnatihe equivalent to the deadband or “tunnel” described by
A with wap(S) in section 11-B. Training points are obtained using
T . . . .
A dg(q) dg(q) 14 a simulated |mpedan_ce with the nearest-neighbor approach
=7\ da da |, ( and the reference trajectogy.;. Thereby, the controller has
o been modified compared to its description in section 1I-B,
and the vectorsryeedar(qx, 95, d,) are concatenated to a
vectorb for all samples, the cost function of (9) is:

q9=q;

where it was based on two separate nearest-neighbor ssarche
for the two legs. Now, the reference trajecteyy,; contains
J=|lb- AwHé (15) fqur elements, hip and knee _angles for the Ie_ft Ieg,_ and
o ) hip and knee angles for the right leg. A four-dimensional
This is a linear Least Squares (LS) problem and the paramgriq s constructed in joint space, the distance of each grid
eter vectorw can be foun.d recursively or by use of. thepoint q to its nearest neighbog,(S) according to (1)
pseudoinverse. The equation system has a rank deficiengy the path is calculated, and the corresponding impedance
of 1, such that an additional equation is necessary t0 avoigiques are obtained depending on the deadband and the
numerical problems. This can e.g. be the constraint that yeasired stiffness (no velocity-dependent impedance id)use
N ' In (15), the matrixA is extended in function of the grid
Zwi = N. (16) points, and the corresponding torques given by the path
i=1 controller are concatenated and appended to the véctor
There is a wide variety of Radial Basis Functions (RBFsBecause of the large number of training points (generated
that can be used for thg in (10). Frequently, exponential by the four-dimensional grid), we use recursive optimizati
forms are used. In the application here, the force fieldhis “Generalized Elastic Path Control” describes both the
is calculated off-line and then used on-line to look upinhindered motion within the “tunnel” and the assistive
corresponding forces. In this case, exponential functames forces outside of it by a unified mathematical concept, and
not ideal, because all center points influence the force a single controller results that ensures passivity.
field at a certain position of_ the roboj[. This requires highy Experimental Evaluation
computational resources during operation. Thereforethano ] ) o )
class of functions is advantageous, which are compactly 1) Protocol: Nine healthy subjects participated in the
supported RBFs. With this kind of RBFs, it is sufficient toevaluat_lon. The subjects_ walked once freely on the trea\dmll
calculate the function value depending on a limited numbdfondition FREE), and with four different Lokomat condi-
of pointse; in the neighborhood of the robot's position. tions, at a treadmill speed of 3km/h for 90 seconds each:

In our implementation for t.h? Lokomat, we used com- 2rqe trajectories have been taken from the Carnegie Mellaabdae,
pactly supported RBFs of minimal degree for tiig as which was supported by NSF Grant #0196217 (http://mocaprzsedu).



1) Under condition NNAT, the Lokomat was controlled  As a parameter to describe the resulting gait pattern in
by Nearest-Neighbor Path Control with Gravity Can-comparison to free treadmill walking without the robot, the
cellation. The subjects were instructed to walk activel\subjects’ walking cadences under the different conditemes
and autonomously. determined manually from the videos by counting the strides

2) Under condition EACcT, the Lokomat was controlled in the last 30 seconds and division by the elapsed time.
by Generalized Elastic Path Control. The subjects were To quantify the assistance of the controller under the
instructed to walk actively and autonomously. conditions NNRss and H Pass, the maximal knee flexion

3) Under condition NNRss, the Lokomat was controlled angleq§?§§) and the maximal knee extension torqugf,ﬁ)
by Nearest-Neighbor Path Control with Gravity Can-during initial loading and mid stance phase (defined accord-
cellation. The subjects were instructed to walk pasing to [30] as 0%—30% of the gait cycle) are determined.
sively, i.e. to simulate difficulties in stabilizing their The conditions are compared by a Kruskal-Wallis nonpara-
legs in stance phase, and to rely on the support of thaetric ANOVA at the 5% significance level [31]. The Tukey-
Lokomat to help them carry their own body weight. Kramer adjustment accounts for multiple comparisons.

4) Under condition EPAss, the Lokomat was controlled Il RESULTS
by Generalized Elastic Path Control. The subjects were '
instructed to walk passively, i.e. to simulate difficulties There is a trend towards lower interaction torgegg un-
in stabilizing their legs in stance phase, and to rely offer condition EACT than under condition NNAT (Fig. 2),
the support of the Lokomat to help them carry thei@lthough the difference between these two is not significant
own body weight.

E 25
The order of the Lokomat conditions was randomized and— £ *
apart from the instruction to walk actively or passively—not I;é -
revealed to the subjects. During walking with the Lokomat, g 20| —
hip and knee joint angles were recorded by the potentiome- 4§ |
ters located at the exoskeleton joints, and hip and knee g 15! ‘
joint torques were recorded by the force sensors located at £ — _
the Lokomat drives; sampling rate was 1kHz. The last 60 g + f g
seconds of walking under each condition were video-taped. % 10} L
2) Data analysis. A direct criterion to evaluate the perfor- 2 - == -
mance of the controllers are interaction torques. The f@bot o 5
< 7 NNACT ELACT NNPass ELPAss

force sensors are located between drives and exoskeleton an
not directly at the interaction points with the human, sucrﬂ:‘
that a model of the exoskeleton’s dynamics has to be usqd?
This model allows for an acceptable reconstruction. Given
the_traj_ectory recorded o!uring g_ait and smoothed numerical \y/hen walking with Nearest-Neighbor Path Control with
derivatives Fhereof, the interaction torques that the mlm%ravity Cancellation, both actively and passively, the-sub
had to provide to move the robot are calculated: jects covered an increased hip range of motion compared
to Generalized Elastic Path Control, i.e. they were making
longer steps (Fig. 3). Increased step length (at constant
In contrast toM,. in (5), only the inertiaMe., of the speed) is reﬂepted in.the cadencg: With .Neare.st-[\l.eighbor
exoskeleton needs to be used here and inertia of the drivegath Control with Gravity Cancellation, subjects signifity
is excluded due to the force sensor location. reduced their walking cadences compared to free treadmill
Afterwards, all recorded data is cut into single stridesvalking (Fig. 4). With Generalized Elastic Path Control, a
Each stride is normalized in time to 0-100% of the gai{rend to lower cadgnces is also V|S|ple, but not.5|gn|f|cant.
cycle (S € [0,1)). Next, joint angles and interaction torques Under the conditions where subjects were instructed to

of all strides are averaged to one average stride trajectoPfhave passively during stance phase, both controllers lim
q(S) and 7, (S), respectively.

. 2. Average RMS joint interaction torque, of all subjects ¢ = 9)
the different Lokomat conditions.

Tint = Mexo(q)q' + nexo(qa q.) — Tsensors- (18)

To quantify the overall interaction torques, the root mean —=
square of the the interaction torques during the averagkestr %60 \ 60
is calculated for each joint of the four joints (hip and knee 240 40
of both legs), and the average value g 20 20
1 o 1 < 9 i 0
Tt = 7 > \/ /O [Fint,m (5)]?dS (19) 20 0 20 40 -20 0 20 40
m=1 Hip angle (°) Hip angle (°)

is used as a measure of the interaction between robot agng. 3.  Active (left) and passive (right) walking trajedes for an
human under a particular condition. exemplary subject (solid line: NN&, dash-dotted line: EACT).



- 60 to be task-specific in order to transfer to real life [32].
*g — = * ra— With Generalized Elastic Path Control, the adjustments the
= S - 1 subjects need to make to walk in the robot are much lower,
2 - and the dynamics come closer to free walking.
T S0f | It should be noted that the Generalized Elasticities favor
Xz E e certain motions by reducing human-robot interaction ferce
g * - ] for these motions. Although the concept is much more open
e n E : ug ep p
2 to different types of walking than e.g. impedance contio, t
8 aor 4 -+ - robot is not optimally compensated anymore when a subject’s
ki 35l @ - pathological gait leaves the range of favored motions, and i
= teraction forces may increase. There is an ongoing dismussi
= 30 L in rehabilitation science whether more emphasis should be
FREE NNACT ELAcCT NNPAss ELPAssS put on physiological or on functional movements. To find

the ideal compensation of robot dynamics for a pathological
motion, individual preferred gait trajectories would hawee
be tailored for each patient. A compromise would be to
include various healthy gait patterns and typical pathickig
ited the maximum knee flexion during initial loading andones during the force field optimization. However, incragsi
mid stance phase (Fig. 3 right). The maximal knee flexiothe number of different, but overlapping trajectories may
angIeSqr(ff,’f) in a passive stance phase (Fig. 5, left) areompromise the fit for each individual one.
not significantly different for the two different controtke Concerning the second demand for support and guid-
(p = 0.17), but the maximal knee extension torq jf,f) ance in case the subject lacks force or coordination, both
generated by Nearest-Neighbor Path Control with Gravitgontrollers are effective. The knee angle is limited, and
Cancellation are significantly higher than those generbyed buckling is prevented. However, there is a difference in
Generalized Elastic Path Control (Fig. 5, right). the forces that are generated. One explanation may be that
Nearest-Neighbor Path Control with Gravity Cancellation
IV. DISCUSSION has a component that is not present in Generalized Elastic
Lower cadences and increased step length with Nearestath Control, which is velocity-dependent impedance. This
Neighbor Path Control with Gravity Cancellation are injeads to higher forces during the dynamic descent of the
congruence with theoretical expectations. Gravity of thgenter of mass with passive knees. Adding such a component
exoskeleton helps compensate inertia of the robot's swingi to Generalized Elastic Path Control would contradict the
legs. When these forces are missing and only inertia acts, thgsic idea of a conservative force field that depends only
heavy robot legs tend to continue the swing motion. In ordesn absolute position. Furthermore, such damping courteerac
to stop swing phase, the human has to decelerate the roly@ivnward motion, but it also counteracts subsequent recov-
legs without the help of gravity. The human does this slowlgry and ascent. The elastic force field, on the contrary,shelp
and smoothly and makes longer steps, finding a new optimgdiring recovery by pushing the center of mass up again.
gait adapted to the new dynamic environment. Another wayevertheless, it is possible that the forces are not suificie
to explain the phenomenon is by regarding the compoungr severely impaired subjects. However, the exoskeleton
of human and exoskeleton as a person with heavier legsontrol is not the only way of coping with deficient weight
Gravity compensation of the Lokomat Iegs is then EQUiVEﬂeI'Hearing, the complementary body weight support system also
to a lower gravitational field, and the resulting gait ressb contributes to limit downward motion of the center of mass.
that of a person walking on the moon. This kind of adaptation Based on these positi\/e findings] we have tested Gener-
is not desirable for patient training, because trainingdsee glized Elastic Path Control with a patient who had suffered
a spinal stroke. The patient is mildly impaired on his left
side and tends to a stiff-knee gait. With (19), we found

Fig. 4. Walking cadences of all subjects £ 9) for free walking and the
different Lokomat conditions.

1S 40 é 50— an average RMS interaction torque of 12.5Nm, which is in
E’ T 35 - 5 § 40 the upper range of the healthy subject’s values irPASS,
BFx : T ?ﬁ;; - and in the lower range of NN¥&s. Instead of during the
£S£ 30 §§§ 30 stance phase, the patient needs selective support duitiiad) in
T o Q X g swing, to help flex the left knee. Indeed, there is a signitican
E % 25 Q N g 520 E difference in controller action between the two legs, with
g ) x e 10 1 a median initial swing knee interaction torque of 3.1 Nm
0 = on the right, and 5.7 Nm on the left side, both in flexing

NNPAss ELPAss NNPAss ELPASS  (djrection. This selective support was possible although th
Fig. 5. Maximal knee flexion anglg(!e (lefty and maximal knee patlent had f_uII cont_rol of movement timing, a_part from the
extension torquer'<t) (right) during load response and initial loading fixed treadmill velocity, because controller actions areduoh
under both passive walking conditions. on purely spatial constraints.



V. CONCLUSION

In this paper, we presented a novel patient-cooperative
control strategy for rehabilitation robots, GeneralizddskE
tic Path Control. This strategy reduces interaction betwed! !
robot and human to a minimum, and still provides the
necessary support when the subject needs it. Using optimal
robot dynamics encoded in a conservative force field, the,
eigendynamics of the robot come very close to physiological
human gait. This means that the exoskeleton moves in
parallel to the human legs, hardly exchanging any force&®
When the human leaves the range of allowed gait patterns,
a second mechanism is encoded in the conservative foridél
field, which are corrective forces that ensure safe traiamad)
functional gait. Practical experiments with healthy solge
and a simulated impairment have shown the effectiveness [&¥]
the approach: Compared to our previous Nearest-Neighbor
Path Control with Gravity Cancellation, interaction fosce
are significantly reduced. The subject has full control ofl6]
gait timing, but crucial gait features can still be suppdrte
in particular weight bearing during stance. This shows that
Generalized Elastic Path Control is a viable method tozeali [17]
patient-cooperative training. [18
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