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Complementary Limb Motion Estimation based on Interjoint
Coordination: Experimental Evaluation

Heike Vallery, Ralf Ekkelenkamp, Martin Buss, Herman van der Kooij

Abstract- For motor rehabilitation of hemiplegic patients by
means of motorized orthoses, as well as in intelligent prosthetics,
a major challenge is the coordination of healthy and robotically
assisted limbs. The new method of Complementary Limb Mo-
tion Estimation (CLME) analyzes dependencies among human
Degrees of Freedom (DoFs) in healthy subjects. Based on this
knowledge, adequate motion for inoperable DoFs in patients is
estimated on-line from sound limb motion. Thus, the intention
of a partially paralyzed person or an amputee can be deduced
from residual body motion, in order to coordinately actuate
or supervise the impaired limbs. The aim is to increase the
dominance of the patient and to reduce the robot to an assistive
device. In continuity of priorly published evaluation by comuter
simulations, this paper presents a first experimental proof of
concept of CLME with healthy subjects. The results of these
preliminary tests affirm the suitability of the algorithm for
cooperative human-robot interaction.

I. INTRODUCTION

To replace or restore lost motor functions, a growing num-
ber of robotic devices are available. Rehabilitation robots,
e.g. such as surveyed in [1], facilitate early and extensive
therapy, which promotes effective rehabilitation after brain
injury [2]. In search of suitable control strategies for such
robots, a look at the therapeutic outcome of classical mo-
tor rehabilitation methods offers general guidelines: Vari-
ous evaluation studies on rehabilitation strategies, e.g. on
Constraint Induced Movement Therapy [3] or Functional
Electrical Therapy [4], have confirmed that therapy is more
successful if it aims at a restoration of functional use of
the impaired limbs, and if the patient participates actively.
Controller design should therefore aim at a provocation of
active cooperation of the patient, whose movements should
not be just externally imposed, but rather assisted.

In some cases, existent yet insufficient muscular activity
can be detected and reinforced in the paretic leg, either by
observation of the generated motion [5], [6] or by EMG
measurement of the muscle activation [7]. However, all these
techniques require sufficiently coordinated activity in the
motor cortex regions controlling the impaired limbs.

If the intended motion is not detectable at the impaired
limbs themselves, one possibility is to provide a physio-
logically correct reference trajectory and to guide the pa-
tient's legs along it with as much impedance as necessary,
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depending on his abilities, whereby, ideally, a certain range
of automatic adaptation to the patient is included [8].
An alternative approach lies in the observation of the

patient's sound limbs, which might still reveal his move-
ment intention. For example, [9] suggests to observe thorax
acceleration in order to detect the intention of a paraplegic
patient to stand up.

Recently, we presented an automated, generic method
("Complementary Limb Motion Estimation", CLME) that
infers from the motion of sound limbs to the intended motion
of paretic or amputated limbs [10]. The starting point of
this idea are control strategies of the human brain that are
employed for the execution of complex, learned motion
patterns [11], [12], [13]: During functional motions such
as grasping or walking, the individual Degrees of Freedom
(DoFs) are strongly coupled; these linear correlations are also
called "synergies". This observation indicates a reduced set
of manipulated variables. Obviously, our brain has developed
such refined control methodologies to deal with the redun-
dancy or "abundancy" [14] of human DoFs (A phenomenon
first referred to as "motor equivalence" by [15]). CLME uses
Principal Components Analysis (PCA) [16], [17] to extract
the couplings between limbs in healthy synergetic motion.
Using these physiological coulings and a patient's sound
limb motion, it estimates the corresponding motion of his
paretic limbs. Ideally, such a controller in a rehabilitation
robot would lead to a cooperative motion of healthy and
robotically assisted limbs with increased active involvement
and dominance of the patient, and eventually to improved
therapeutic outcome.
Up to now, only simulation studies have been presented

which show the potential of CLME used for right-left in-
ference in theory [18]. Results of these theoretical investiga-
tions, however, are no guarantee for a stable walking pattern.
This is due to the fact that walking is a controlled motion,
where the limbs of the body interact in performance of the
control task. By contrast, the simulation study simply extracts
a feedforward control input (the motion of one leg), which
is taken from an intact controlled system. This way, the loop
is cut open, and feedback is neglected.
A first important question is whether a person can func-

tionally walk with unidirectional coupling between legs.
There is little secured knowledge on the human internal
controller, which makes it hard to predict how it might
interfere. Although the coupling of joint variables is known,
the driving control variables themselves and the way how the
brain generates them remain speculative. One hypothesis is
e.g. the existence of a so-called "central pattern generator"
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(CPG) in the human spine [19], as it can be found in animals
[20], yet this theory is highly controversial.
Another question is whether patients walking with CLME

might produce asymmetric, yet functional walking patterns.
Considering the fact that the patient's own original gait

pattern probably remained unrecorded, a key question is
whether a subject can adapt to the coupling of someone else.
Optimistic expectations are drawn from the literature: Firstly,
movement patterns during gait are similar for subjects with
the same hip height [21]. Furthermore, the mechanisms of
motion synergy generation seem to be not unalterably inborn,
but adaptive, as has been shown by [14]: Their finding is that
patients with partly impaired limbs still exhibit synergetic
reaching, but with altered synergy patterns. This means that
joint synergies have adapted to the new constraints, which
have been imposed by the lesion.

To assess the questions above, we ran a series of experi-
ments on the LOPES gait rehabilitation robot [22], [23]. This
exoskeleton-based robot allows automated limb guidance and
measurements during treadmill-walking. Furthermore, due to
its Series Elastic design and lightweight exoskeleton, it offers
very low resistance in zero-impedance mode, such that the
sound leg can move almost unhindered. For this first rather
qualitative proof of concept, healthy subjects were recruited,
and a one-sided impairment was simulated by using the
exoskeleton leg as a prosthesis.

This paper contains a brief description of Complementary
Limb Motion Estimation. Then, the experimental setup on
the LOPES robot and the obtained results are presented.

II. COMPLEMENTARY LIMB MOTION ESTIMATION
(CLME)

A. Step 1: Exploitation ofInterjoint Couplings using PCA

Principal Components Analysis (PCA) [16], [17] is fre-
quently used as a general approach to data compression,
where statistical (linear) correlation is exploited. A high-
dimensional set of variables is projected onto a lower-
dimensional set in a way that the maximum amount of
information (measured by variance) is preserved.
PCA thus delivers a solution to the following problem:

Find an orthonormal transformation matrix I, which maps
the sample of n points x C Rd onto the new coordinates
y C Rd:

y FTx (1)

The solution to this problem is provided by an analysis
of covariance among the variables xi in x: The (symmetric)
covariance matrix M with entries

At.=k=1 (Xi,kj,k) ("-'7n-1

includes information about the variance of each variable,
as well as their correlations. It can be shown that the d
eigenvectors ofM form the orthonormal basis of the optimal
coordinate transformation. If they are sorted into the matrix
F in descending order of their corresponding eigenvalue, (1)
maps x onto the new coordinates y in such a way that
Yi, the first component of y, has the maximum variance
that can be reached by projecting x on an arbitrary unit
vector. Therefore, Yi is called the first principal component.
Recursively, this is valid for the remaining yi, and the last
component of y has smallest variance. Neglecting the last
components of y, the data is reduced in a way that the
least information is lost. The principal components to be
included can be chosen based on their eigenvalues, i.e. on
the cumulative contribution to the sum of all eigenvalues.
This percentage gives an estimate of how much information
will be preserved during compression.

In order to perform PCA, the variables xi need to have
zero mean, possibly requiring prior subtraction of the mean
value. Frequently, it is also advisable to norm the data to
a standard deviation of 1, especially when dealing with
strongly varying magnitudes among variables.
The redundancy in the data, which is revealed by the

analysis of correlations, can also be used for the reconstruc-
tion of incomplete measurements of x. The equation system
(2) with known matrix F C RdAp is (over-)determined, if
the number q of unknown components of x is not higher
than the dimensionality p of y. Then, it can be solved for
the unknown yi and the partly unknown xi. Assuming that
the first components x1 C RI(d-q) of x are known, and the
remaining part X2 C Rq is unknown, (2) is separated into

X1 = rFyl, X2 = F2Y , (5)

with F1 C R(d-q) Xp and F2 C Rqxp being the corresponding
submatrices of F. Thus, X2 is reconstructed from x1 by

x2 =F21FXl= CX1 (6)

with the inverse transformation

x = Fy (2)

(due to orthogonality, F-1 = FT), such that if the last
d -p components of y are discarded and F is truncated
accordingly to p columns, the least variance is lost during
the projection (1) into the lower-dimensional subspace RP.
This is equivalent to minimizing the squared error between
the original uncompressed variables x C Rd and their
reconstruction out of the compressed variables y C RP

Hx Fyryl2. (3)

with Fr being the left pseudoinverse of F1. The matrix C
is the estimation matrix, which allows direct inference from
Xl to X2.

For the application of CLME, "known data" x, is the
motion of healthy limbs, "missing data" x2 is the motion of
impaired limbs, and correlation information inclosed in C
describes interjoint coupling (e.g. right leg to left leg during
walking motion). In [18], it has been shown that best results
are obtained if the vector x not only contains current joint
angles p, but also velocities b (accelerations did not improve
results):

xT= (CT fT) (7)
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All variables are normed to have zero mean and standard
deviation 1.

Prior to intention estimation, joint synergies need to be
analyzed using recorded trajectories for all DoFs during
healthy gait. The result is the coupling matrix I, respectively
the estimation matrix C. Then, reference motion can be
generated on-line for inoperable joints, using the estimation
matrix C and the instantaneous states of the sound limbs xl,
as stated in (6). The estimated values need to be augmented
again by mean and standard deviation (of the reference
subject) to yield the limb reference motion.

B. Step 2: Integration of Temporal Information

During the reconstruction procedure, redundant data is
generated: velocities and angles are estimated. As PCA is
completely static and does not account for the relationship
between time derivatives, these are not internally coherent.
This means the PCA-estimated velocity is quite different
from the velocity estimate derived via differentiation of the
PCA-estimated position signal.

The redundancy of uncertain estimates can be exploited
using a Kalman filter. The filter is designed for each joint
separately based on the simple dynamic model of a double
integrator. During filtering, each of the values is corrected
so that they become coherent and fit the model. Under the
assumption that the errors in the PCA-estimated variables
(,Pe and (e can be modelled as Gaussian, uncorrelated noise
(considering that the velocity is independently estimated,
and not calculated via differentiation of the angle), better
estimates 3 and o are produced on-line. This design is
displayed in Fig. 1. The "measurement noise" levels E(v )
and E(v2) are quantified by a simulated right leg/left leg
inference in recorded healthy gait patterns, followed by an
analysis of the errors between PCA-reconstructed angles and
velocities and original angles and velocities. The "process
noise" level E(w2) equals the original acceleration variance.

E(w2 ), E(V2) E(V2)_ 2

w internal model:

(

L~~ f
V2 VI

Fig. 1. Design of the Kalman Filter. The internal model regards the PCA-
estimated values (oe and (e as noisy outputs of a double integrator, and
the filter produces improved values qo and (o, which fit the model, via
stochastic optimization. For the optimization procedure, noise levels have
to be quantified: E(v2) and E(v2) are assessed based on an error analysis
of PCA-reconstructed trajectories, and E(w2) = E(p2).

III. EVALUATION

To evaluate the feasibility of walking with unilateral
coupling, we conducted a first series of experiments with

healthy subjects. To simulate a one-sided impairment, sub-
jects walked with their own right leg and a robotic left leg,
the motion of which was commanded in dependance of the
right leg motion.

A. Test Setup

An ideal testbed was provided in form of the gait rehabil-
itation robot LOPES developed at the university of Twente.
This robot consists of a treadmill in combination with a
light-weight exoskeleton for the lower extremities. It actuates
sideways and forward motion, hip abduction, hip flexion and
knee flexion using the principle of Series Elastic Actuation
and bowden cable transmission.

In the study, 8 healthy subjects took part (6 male, 4
female, aged between 18 and 28, weight between 68 and
82 kg). First, they walked for 3 minutes at 3 km/h in the
frame in zero-impedance mode in order to get used to the
robot. Then, they were asked to "sit" left-sidedly on a small
board mounted to the LOPES frame. Furthermore, a foot was
attached to the exoskeleton leg on this side, such that the left
LOPES leg became a prosthesis. Fig. 2 shows the setup in
action.

Fig. 2. The experimental setup with the LOPES rehabilitation robot
(without weight support). The subject rests his left buttock on a board,
which is supported by a robotic leg (the LOPES exoskeleton leg with a foot
attached to it). The subject's right leg motion is measured and used as input
for CLME to give the reference motion for the robotic leg.

Furthermore, a partial weight compensation system was
used in order to lower the forces acting on the exoskeleton
(which was being challenged far beyond its originally in-
tended function as a joint torque source). This weight com-
pensation was always adapted to lower the subject weight to
residual 50 kg, thus the weight compensated was different
for each subject.
Each subject then walked at 3 km/h with CLME based

on the extracted coupling and norming parameters of a
physiologically comparable person (criteria were gender, hip
height and weight), whose gait pattern had previously been
recorded in zero-torque mode at 3 km/h. Each subject was
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assigned a different reference subject, whereby the original
gait pattern of most subjects in this study also provided a
reference for others. The matching was not ideal due to the
limited number of available subjects. The most unfavourable
compromise was taken for subject 6, whose hip height
is approximately 8.5 cm lower than that of his reference
subject. Subjects were allowed to hold on to the lateral bars
of the LOPES frame in order to maintain balance.

Prior to the experimental series, a workable input of DoFs
of the right leg was tried out. First, hip abduction, hip
flexion and knee flexion angles of the right leg plus the
respective velocities were used to estimate the same variables
for the left leg. Whereas the simulative forecast looked fine,
this appeared not to be a workable approach in practice.
This was due to the fact that the reconstruction algorithm
(working with normed values) became very sensitive to small
abduction movements, because the range of abduction is
very small compared to hip and knee flexion. It was almost
impossible for the subjects to dominate their abduction with
sufficient exactitude. Therefore, walking with this configu-
ration was neither robust nor intuitive and was replaced by
another approach: Only hip flexion and knee flexion angles
and velocities of the right side were taken to estimate the
corresponding abduction, hip flexion and knee flexion of the
left side. Although this showed slightly less precise results
in simulation, walking now became feasible and robust.

B. Evaluation Criteria

In a professional gait analysis [24], joint angles are gen-
erally measured via a motion tracking system, and ground
reaction forces are recorded using force platforms or sensor
insoles. However, the test setup for this experiment did not
include measurements apart from joint angle information.
Neither ground reaction forces nor events like heel-strike or
toe-off were detected, because the primary goal of this study
was to answer the binary question of feasibility. However,
using only kinematic data (exoskeleton angles), still some
important tendencies can be detected concerning control
strategies of the right leg, spatio-temporal gait characteristics,
and gait symmetry. To assess these gait characteristics,
simple criteria are defined in this section.

1) Control Strategies of the Sound Leg: It is of particular
interest in how far the subjects maintain or adapt the control
strategies of their right leg when walking with the robotic
left leg. This question is assessed by looking at the synergies
present in the right leg only, i.e. a PCA is performed on right
angles and velocites. Then, a correlation is sought between
the original subject's coupling, the reference subject's cou-
pling, and the coupling during CLME-controlled walking.
Features of interest are the amount of variance explained by
the first principal components, i.e. the strength of correlation,
and the form of correlation itself. For the qualitative analysis
of the trajectories of the first two principal components,
step-to-step variance is eliminated by the application of a
Fourier series fit with four harmonics: First, the fundamental
frequency is extracted using Fast Fourier Transformation,

then, a least-squares approach is used to identify the Fourier
coefficients.

2) Spatio-Temporal Joint Motion: Temporal joint motion
is assessed by a quantification of the walking cadence, i.e.
the frequency, which has already been extracted during the
Fourier series fit. Given a fixed velocity (commanded by
the treadmill), the frequency is inversely proportional to the
average step length. For a further quantification of spatial
joint motion, the mean values o and the standard deviation
S(o) of the individual joint angles are calculated. The stan-
dard deviation of the hip angle provides an indicator for hip
excursion, and thus the step length and the duration of stance.
The hip angle is defined at the exoskeleton with respect to
the inertial system, because patient trunk inclination is not
measured.

3) Gait Symmetry: For symmetry, a large amount of
criteria and indices are available. In [25], a thorough survey
on gait symmetry measures is given. Most compare the same
gait parameter, e.g. step length or stance to swing ratio,
between legs. A frequently used symmetry index SI, which
compares left and right parameter values xi and xr, has been
introduced by [26]. Later, it has been slightly modified such
that its absolute value ranges between 0 00 and 100 00 for
positive parameters [27]:

SI Xr 100%,
Xr + Xl

(8)

with 000 indicating perfect symmetry.
This index is used in this study, and the chosen parameter

x is the standard deviation of the hip and knee angle (with the
hip value representing an indirect measure of stance duration
and step length).

IV. RESULTS

All subjects were able to walk with the prosthetic robotic
leg after a very short time of practice (15-30 sec). The obser-
vations made during these trials, as well as the quantitative
measures will be described in this section.

A. Qualitative Observations

All subjects first exhibited exaggerated right hip flexion
and too little extension. This was obviously due to the
fact that their left leg was "sitting", the hip continuously
being flexed. Anatomical constraints such as elastic joint
moments then obstruct the correct extension of the other
leg. The repercussions of this shifted hip motion (during
the learning phase) on the robotic leg were the following
(which accords with calculations): Excessive right hip flexion
caused excessive extension ofthe left (robotic) hip, combined
with excessive knee flexion. However, this caused much less
functional problems than the lack of right hip extension,
which produced a lack of left hip flexion on the other
side, combined with insufficient knee extension. This led
to deficient foot placement. All subjects quickly learned
to control left foot placement by adjusting their right hip
extension, but many maintained their functionally uncritical
excessive hip flexion.
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Apart from these difficulties, which were caused by the
experimental setup, no major difficulties appeared. Several
subjects hesitated to shift their weight onto the left leg,
although the foot was properly placed. This increased the
stance phase and the step length of the right side (due to the
running treadmill). Others (expecially subjects 3,7, and 8)
were quite confident of their "prosthetic" foot and reached
an almost normal-looking walking pattern. Longer practice
times might have given more confidence to all subjects, but
due to the uncomfortable and exhausting posture and due to
the high mechanical strain on the device, longer trials were
discarded.

B. Quantitative Analysis

This section describes the outcome of the criteria defined
in III-B.

1) Subject Control Strategies for the Right Leg: From
the analysis, only a few observations are above the level
of significance (here and in the following, p = 0.05): The
cumulative fraction of variance explained by the first 2
principal components decreases slightly (from an average
of 88.9% to 85.2%. This shows a decrease of the strength
of correlations. This might be an indication that less pre-
programmed control strategies are used, i.e. more voluntary
or conscious control of individual joints appears. The form
of synergies changes as well, indicated by a slight variation
of the first 2 eigenvectors. However, no clear correlation
was found (e.g. that the new eigenvectors would resemble
more those of the reference subjects). Instead, there was a
large variance among subjects. To illustrate these individual
differences, in figure 3, the trajectories of the first 2 principal
components, approximated by their Fourier series equiva-
lents, are depicted exemplarily for four subjects. Whereas
subject 5 seems to have maintained his own couplings almost
entirely, subject 8 seems to have adopted the couplings of
his reference gait. However, no conclusions can be drawn
from these contradictory results, especially given the small
sample.

2) Spatio-Temporal Joint Motion: The step frequency
decreases in all subjects (from an average of 89 to 65 steps
per minute), which is equivalent to an increase in average
step length. This is further affirmed by a significant increase
in the standard deviation of the right hip flexion by 5.60.
There is also a slight increase in the standard deviation of
the left hip, but below the level of significance.

Several correlations exist between the change of statistical
parameters of the subject and the statistical parameters of the
reference person, but only one is above the level of statistical
significance (considering the small number of subjects): The
mean angle of the hip of the reference subject is clearly
correlated with the mean angle of the hip in CLME-walking,
whereas the mean of the original subject's hip angle is clearly
uncorrelated with both. This is interpreted as an indication
that the subject adapts to the reference gait to some extent
when walking with the CLME-controller.

3) Gait Symmetry: To illustrate gait symmetry, the indices
have been plotted in Fig. 4 for the eight subjects, showing
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Fig. 3. Fourier-series approximations (with 4 harmonics) of the first 2
PCs (of the right leg only) plotted against each other for subjects 5-8. Solid
blue line: Original gait of the subject, dotted red line: gait pattern of the
reference subject, dash-dotted magenta line: gait trajectory during CLME
walking. The reference gait for each subject is different and has been taken
from a physiologically similar person.

both original values and values for CLME walking. Negative
values show a prevalence of the left leg, positive values of
the right leg.

The changes in joint excursion symmetry are not consis-
tent among subjects (some maintain a very high level of
symmetry), but there is a tendency to increase the dominance
of the right foot. This is indicated by a larger hip standard
deviation on the right, and more knee excursion on the left.
This means, the right leg makes longer steps and thus has a
longer stance phase and shorter swing than the left leg. This
is in accordance with the previously mentioned observations
in section IV-A, concerning the confidence the subjects had
in their fake leg.

V. CONCLUSION

This study aimed at an experimental evaluation of Comple-
mentary Limb Motion Estimation (CLME) and its suitabil-
ity for patient-cooperative gait rehabilitation. An important
question that arose from prior theoretical studies is the
capability of humans to control their leg via the other one,
meaning how far a subject can cope with a unidirectional
coupling scheme of sound and robotically moved DoFs.
Based on the results obtained from a series of experi-
ments with the rehabilitation robot LOPES, this question
can now be answered affirmatively: Inoperable limbs can
be controlled on-line using motion information of sound
limbs. Functional walking was reached after a very short
time by all subjects. The level of gait symmetry varies
widely among subjects, probably due to a varying level of
confidence in the robotic prosthesis. It has also been shown
that it is possible to use synergy information from other
healthy reference subjects, and indications of adaptation to
the reference pattern have been found.
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Fig. 4. Symmetry indices SI of the standard deviation of hip flexion and
knee flexion. 0 % indicates perfect symmetry; the labelling refers to subject
numbers. Displayed are the SI for each subject's normal gait and his gait
with CLME control and the robotic prosthesis replacing his left leg. Positive
values indicate a prevalence of the right leg.

Future investigations will now aim at an evaluation of
CLME with hemiplegic patients. This way, the rehabilitative
benefit will be investigated. For this purpose, the controller
will probably be combined with a simple balance control
using lateral and frontal guidance at the hip, as suggested by
the LOPES frame construction.

Another future project is the application of CLME to
above-knee prostheses. For this purpose, the algorithm will
be made more flexible, in order to cope with different
motion patterns. The required motion segmentation could be
performed by hand, but possibly also by dynamic clustering,
using methodologies such as Generalized Principal Compo-
nent Analysis [28] or Correlation Clustering [29].
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