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Abstract— Amputations and other impairments heavily im-
pact human locomotion. To compensate for these disabilities,
advanced devices such as active orthoses and prostheses are
being developed with the aim of restoring locomotor function.
To achieve this goal, the control of such technologies has been
identified as a key research challenge. A reference kinematic
profile for the affected or missing joints is often useful for device
control. This paper introduces a novel method for estimating
reference kinematics of leg joints from kinematic signals of the
contralateral leg. This method leverages fusion of two different
estimators — i.e. Complementary Limb Motion Estimation and
Adaptive Oscillators — which are combined through the use of
a logistic function. The method is then applied to estimate the
kinematics of a hip joint, and the performance is compared
with that of each individual estimator during walking. The
correlation between the estimated signal and the ground truth
is assessed on a cycle-by-cycle basis. During transitions, our
new method behaves similarly to Complementary Limb Motion
Estimation. After a few cycles, the method shifts towards
Adaptive Oscillators to achieve a better correlation during
quasi-steady-state locomotion.

I. INTRODUCTION

There are many neuromusculoskeletal disorders impacting
lower limb functions. Examples include Parkinson’s disease,
stroke, or amputation, and each of them leads to serious
locomotion disabilities. Advanced technologies have been
developed to alleviate the effects of these disorders, such
as powered orthoses [1], [2] or prostheses [3], [4]. A key
challenge that remains to be solved is the control of such
technologies. A particularly emerging approach consists in
governing the device behavior through bio-inspired control
principles, mainly through descending activation patterns,
feedback-driven reflexes, and/or motor primitives [5]. Im-
plementation of such control can be divided into two key
steps. First, reference kinematics of affected joints need to
be generated. Then, the device behavior is regulated as a
function of these reference kinematics, either through a stiff
PID controller [6], or by computing assist-as-needed force
profiles in an impedance-based controller [7]. Finite-state
machines can be used to sequence the controller behavior
into a series of distinct phases synchronized with events —
such as heel strike — to modulate gains or combine different
control modes [8], [9].

In this paper, the focus is on the first step, i.e. generation of
relevant reference kinematics. Since the corresponding joint
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Fig. 1. Schematic representation of the problem statement. By measuring
the kinematic signals of one leg, we aim at predicting the kinematics of at
least one joint of the contralateral leg.

Unknown limb

is missing or no longer functional, its reference kinematics
need to be estimated, for instance by measuring signals on
the contralateral leg. Ideally, this reference kinematics should
also adapt as a function of the executed task: leg joints do
not follow the same pattern during overground walking and
stair ascending/descending, and even during walking at two
different speeds. These statements are particularly relevant
for proximal joints, since they govern the whole leg rhyth-
micity [10]. For example, in the case of hip disarticulation,
i.e. amputation of a whole leg, the reference kinematics of the
hip prosthesis module could only be estimated from signals
measured on the rest of the body [11].

Human locomotion is a combination of rhythmic and
discrete movements [12]. Walking and ascending stairs are
examples of rhythmic movements — at least during their
steady-state segments — while the transition from standing
to walking or sitting are discrete movements. A large pro-
portion of controllers for assistive locomotion devices rely
on phase-based methods, i.e., real-time estimation of a con-
tinuously evolving gait phase between 0% and 100 % [13]
to generate reference kinematics. This implies that they only
work during (quasi-)rhythmic tasks. For example, [14] used
precomputed signals as reference kinematics, that varied with
respect to the estimated gait phase. In echo control, the
kinematic profile of one joint is recorded and replayed with
some time delay to serve as a reference for the contralateral
joint [15]. Adaptive Oscillators (AO) are dynamical systems
capable of synchronizing with a quasi-periodic input by
learning its features in state variables [16]. Since these meth-
ods require rhythmicity, they are not well adapted to discrete
transitions. Other methods, such as Complementary Limb
Motion Estimation (CLME), do not leverage the intrinsic



rhythmicity of locomotion in their working principle. CLME
infers the intended motion of the affected joints from the
motion of the residual joints [17]. This method can handle
transitions but requires specific parameter tuning for each
task and potentially even for each user.

The methodology presented in this paper combines two
methods, i.e. AO and CLME, in order to leverage their
respective benefits. We strive to develop an estimator adapted
to both discrete and rhythmic segments of walking, i.e. giving
precedence to AO during rhythmic segments, and to CLME
during discrete transitions. Additionally, this method can
reduce the need for gain tuning. The article is structured
as follows: Section II presents the problem statement. Sec-
tion III overviews the algorithms of CLME and AO in detail.
The mechanism to combine both methods is described in
Section IV. Section V applies this combined estimator to our
target application, i.e. estimating the kinematics of a missing
hip joint. Results are compared and analyzed in Section VI.
The paper ends with a discussion and a conclusion.

II. PROBLEM STATEMENT

The problem addressed in the present paper consists in
estimating in real-time the joint kinematics of one leg from
measurements of kinematic signals taken from the other leg.
A schematic representation is depicted in Fig. 1. Let g be
a time-dependent vector with 3M components containing
kinematic signals of M leg joints, such that for each joint 4:

o q3(i—1)+1 18 the joint position

* q3(i—1)+2 18 the joint velocity

* q3(i—1)+3 i8 the joint acceleration
The problem can thus be expressed as finding a function f
such that:

qult] = f(qxlt]) (1

The subscripts K and U are used to denote the known limb
and the unknown one.

III. RELATED WORK

In this section, we overview two existing methodologies
providing a particular implementation of the function f.
First, CLME augmented with a Kalman filter is presented;
then AO are introduced.

A. Complementary limb motion estimation

CLME was developed by Vallery and colleagues in [17]—
[20]. The principle behind this method is to leverage in-
terjoint coordination [21] and, consequently, to find the
best linear combination of known joint kinematic variables
(position, velocity, and/or acceleration) to estimate similar
variables of another joint.

To construct a CLME, data from both known and un-
known joints are required. Moreover, this framework does
not require to specify which kinematic variables are used to
compose vectors qu and g since it can be implemented
with any combination of position, velocity, and acceleration
signals.

The first step consists in normalizing the variables, i.e.
computing normalized vectors x as:

S; = diag (var(g;)) (2)

z; =S (¢ — i) (3)

with var(q;) being the variance and g; the mean of g;, and

the subscript ¢ denoting both U and K. The best estimator

is defined as the matrix C' such that the expected error

between the normalized vector of the unknown joint and the
estimation is minimized, i.e.:

argmin (Z(HwU - C:BK||)) 4)

Importantly, since this problem is linear, it has an exact
solution, that can be computed as:

Copt = (cov_l(mK, K ) * cov(T, wU))T 5)

with cov(+, -) denoting the covariance function. An estimator
of the unknown joint kinematics can then be constructed as:

ai™" = Agxc +b (©)
A= S;CS;! (7
b= Agx +qu (8)

This approach computes estimates of the kinematic variables
independently of each other, i.e. without accounting for the
fact that one might be the derivative of another. In other
words, following the problem statement, it does not guaran-
tee that the derivative of g3(;_1)41 is equal to g3(;_1)42 and
that the derivative of q3;_1)12 is equal to g3(;—1)+3-

However, there are many reasons why satisfying these
constraints between position, velocity, and/or acceleration is
essential. For instance, if the position estimate is used as
a reference signal for a controller, its dynamics can benefit
greatly from having an estimate of the reference velocity, as
long as it is the actual derivative of the position [22].

To solve this problem, this correlation-based CLME mea-
surement can be coupled with a model-based prediction that
takes into account the derivative relationship between vari-
ables. This can be achieved by coupling a Kalman filter [17],
thus combining a predictor based on an internal model with
a series of integrators, to the CLME-based estimation [23].
Therefore, we define the following variables:

e q;;: the prediction from the internal model of the filter

« g&F: the output from the Kalman filter, combining the

model-based prediction and CLME-based estimation

¢ K: the Kalman gain matrix

The internal model estimate is expressed as a chain of
Euler-explicit integrators, i.e.:

qplt+1] = ap' [t] 9)

where

0
At (10)
1



The output of the whole filter is then obtained as:
olt+1]=qplt+1+ K (g7 - qplt]) (D

The principle of a Kalman filter is to find the best gain
matrix K that minimizes the error of the combined estimates.
Several references explain how to compute K, as a function
of the covariance of the process noise (here the variance of
the acceleration, i.e. var (¢ 3(;—1)+3)) and the observation
noise (here, the variance of the measurement error, i.e.

var qS,Lel,\E[?_nH - QU,S(F1)+1)) [24].

B. Adaptive oscillators

Any periodic signal can be decomposed into an infinite
sum of sinusoidal signals, as captured by Fourier’s theorem.
An estimate of this signal can be constructed by truncating
this sum to its first N terms. Such an estimation can be
applied to the position of the known leg and is thus expressed
as:

N
a1 (D) = a0+ Y agsin(g(t)  (12)
j=1
¢;(t) = jw
with the following parameters: «q the offset, a; the ampli-
tude of the j-th harmonic, w the frequency of the fundamental
harmonic, and ¢; the phase of the j-th harmonic.

AO are a mathematical tool specifically developed in order
to estimate these parameters [25]. The estimation error, € is
computed as the difference between the periodic signal to
be estimated and its estimation. Here we assume the signal
to be estimated is the measured joint angular position of the
known leg, i.e.:

13)

(14)

€(t) = QK,S(i71)+1(t) - q/[x<c7)3(i71)+1(t)

The dynamics governing the learning of the estimation state
variables are given as follows:

o(t) = e(t) 1)
(1) = e(t) msin (6 (1) (16)
1) = e(r) . S8 (1) 17
=) am
b5() = e(t) v S0 sy s

with 1, v, and v4 being the learning gains for, respectively,
the amplitude, frequency and phase. Note that the state equa-
tions (15)-(18) should be discretized in order to be solved
in real-time. This can be done through classical explicit
integration schemes like Euler or Runge-Kutta. In [16], a
method to tune the learning gains gave the following rules:

2 20 22
n=— Vo= 5 ve=— (19
T Tw Tw

with 7, and 7, being the time constants of the amplitude
and frequency dynamics, respectively.

Assuming that both legs are in antiphase during walking,
the estimation of the unknown leg can be built based on the
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Fig. 2. Block diagram of the various components of the fused estimator.

Each block has its own parameters, represented by the vertical arrows. The
input of both CLME and AO are kinematics signals. The CLME output is
filtered with a Kalman filter (KF). Fusion of both estimators is governed by
the AO error e.

state variables learned from the known leg, yet with an extra
phase shift of jm. The estimation of the unknown angular
position can then be expressed as:

+ZO‘J

The velocity and acceleration can be obtained by analytically
differentiating (20), i.e.:

451y (8) = ot sin (¢;(t) + jm)  (20)

qU 3(i—1) 4ot 21

Z% )jw(t) cos (¢;(t) + jm)

N
=3 a5

Since AO build a kind of real-time Fourier series, it only
works during (quasi-)rhythmic movements, i.e. steady-state
walking. During transients, its performance degenerates to
that of a low-pass filter.

qé%(ifl)JrB(t) = Zsin (¢;(t) + jm) (22)

IV. FUSING THE ESTIMATORS

In the previous section, we introduced CLME and AO,
two methods to estimate the unknown leg kinematics from
the known one. In this section, both estimators are fused
together to obtain a more robust estimation of the unknown
side. Fig. 2 illustrates the relationship between the different
blocks.

Both methods have their advantages and disadvantages.
CLME is time-invariant and provides a time-independent
optimal estimation, in the least-squares sense. However, the
quality of this estimation depends on the dataset on which
the gains have been optimized and does not exactly satisfy
relationships between position, velocity, and acceleration
signals. AO can provide an estimation that is exactly in
antiphase with respect to the known leg and that satisfies
relationships between kinematic derivatives. However, it is
governed by its intrinsic dynamics and thus needs time to
reach a new (quasi) steady-state after each transition. As
a consequence, it is preferable to use the estimation from
CLME during transient phases, and to give more weight to



the estimation provided by AO once steady-state locomotion
has been reached.

A fixed weighted average between both estimators would
not take into account the temporal dynamics of the AO-
based estimation. Yet, the quality of this AO-based estimation
is directly provided by the error signal e. For large e,
when the estimation does not match the measurement, state
variables evolve rapidly (15-18), indicating that AO have not
converged. In contrast, small e indicates a slow evolution of
state variables, capturing that AO have converged.

In order to hide high-frequency variations in both the
measured signal and its estimate, we chose to use the moving
average of €, denoted, eyma, as the convergence metric of AO.
Its window size is denoted by n.. The weight that should be
given to the estimation provided by AO is then defined by
the following logistic function, bounded between 0 and 1:

1

W@ =1-17 exp (A (€0.5 — ema))

(23)

with €p5 being a parameter equal to the value of eya
corresponding to a weight of 0.5, and A being another
parameter capturing the function steepness. The nonlinear
profile of (23) allows a rapid shift between CLME and AO.
The output of the fused estimator is eventually computed as:

qiPSE = Wiema) - qp° + (1 — Wi(ema)) - g5™F  (24)

V. APPLICATION FOR AN ACTIVE HIP PROSTHESIS

The previous section showed how to fuse CLME- and
AO-based estimations into a single estimate, giving more
weight to AO when it has converged, i.e. during steady-
state locomotion. In this section, this algorithm is applied
to estimate the position and velocity of a hip joint. These
estimates could be used directly to control a hip prosthesis,
like the one we developed in [11]. In the remainder of this
section, the position of the unknown hip will be denoted 6
and its velocity 6.

A. Dataset

Two pre-existing datasets were used to train, test and
evaluate the estimators. The position and velocity of both
legs were extracted as well as their decomposition into gait
cycles. The first dataset is taken from [26] and contains data
from 12 subjects performing different cyclic or non-cyclic
locomotion-related tasks. Only walking trials with speeds
ranging from 0.6ms™' to 1.8 ms™! were kept for analysis.
The second dataset is taken from [27] and contains data
from 22 subjects who also performing different locomotion
tasks. Only the level-ground and treadmill trials were kept
for all subjects, with walking speeds ranging from 0.5 ms™!
to 1.85ms™!. Trials with fewer than 5 cycles were excluded.
This resulted in a total of 329 trials and 1,974 cycles. We
arbitrarily chose the right leg as the known leg and the left
leg as the unknown leg for each trial.
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Fig. 3. Normalized gains of CLME trained on all available trials. Left: C
matrix; right: b vector. The color represents the different input signals of
CLME and each axis captures its magnitude for estimating both the position
and velocity of the hip. Ellispses capture the normalized distribution of these
points.

B. Generic CLME implementation

The CLME implementation is very similar to that of [17],
where the authors showed that using acceleration signals to
estimate position and velocity was of little interest. There-
fore, we also decided to use only the position and velocity
signals of the known leg to build the estimate. Furthermore,
only hip and knee signals are used and not ankle ones, with
the aim of keeping requirements for body instrumentation as
low as possible, given our target application.

Data from both the known and unknown joints are required
to compute the gains of CLME. Using data from the same
user for both learning and estimation leads to an individu-
alized CLME, i.e. with user-dependent gains A and b. This
yields the optimal CLME that can be designed for a given
individual and task. However it is not always possible to have
access to these data for each and every user. For instance, no
data exist for the unknown joint kinematics of an individual
with an amputation.

On the other hand, it is possible to use generic gains for
CLME, providing a kind of “one-size-fits-all” estimator. This
degrades individual estimations but removes the need for
learning data for each user. To compute these generic gains,
matrix A (7) and b (8) are averaged over all available trials.
A representation of the distribution of the best individual
gains, along with their mean value, is shown in Fig. 3.
Note that the C' matrix is displayed in Fig. 3 instead of the
A matrix, as it captures normalized gains. As pictured in
Fig. 3, each indiviual gain is distributed in signal-dependent
dense clusters. This suggests that averaging may be a valid
approach, at least when it is not possible to compute indi-
vidualized gains.

For the used datasets, numerical values for A and b are
the following:

—0.063s
—-1.15

—0.439

A=y 74 —1.79s7!

= —0.987
—-0.473

0.003 s) 25)

—4.95d
8 1> (26)

b= (—63.3 degs™

The Kalman gain matrix is also averaged over all trials, and
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Fig. 4. Correlation between the AO-based estimation and ground-truth

signals from the dataset, as a function of the time-averaged AO error €,
for the position (left) and velocity (right) signals. Each dot represents one
walking cycle for the datasets. The solid lines represent the best possible fit
of the weighting function (23), eventually used as weight given to the AO-
based estimation. The dashed line captures the slope of the logistic function
at (eo.5,0.5).

we obtained the following optimal gains:

R (0.049 0.004s> o7

0.179s~1 0.446

C. AO implementation

AO parameters were selected as follows: N = 3, 7, =
Tw = 3 8. At the beginning of each trial, the initial parameters
of AO were set to the following values: oy = «; = 1deg,
w=5rads™! and ¢; = Orad.

A useful pragmatic addition to the generic AO is to prevent
the learned frequency w to go below a certain threshold. This
facilitates convergence during steady-state locomotion. Here,
we set a threshold to 0.3 Hz, i.e. well below a typical walking
frequency.

D. Merging function

In the fused estimator, a window size n. = 100 was used,
which corresponds to a time frame of 0.5, given the signal
sampling rate. The parameters of the logistic function (23),
ie. A and g5, were fitted using values from the whole
datasets. For each cycle of each trial, the correlation between
the AO-based estimation and the actual signal was computed
as a function of the time-averaged AO error €. The logistic
function was then fitted to this data cloud using a least-
squares method (Fig. 4).

Note that the value of the correlation may be negative
(when the AO-based estimate is poor), but not the logistic
function. This forces the logistic function to remain close to
0 for negative correlations. This behavior is desired when
the correlation is close to 0 or negative, CLME should be
preferred over AO. The values for the best-fit parameters are:
A = 0.82 and €y.5 = 6.2deg for the position estimate, and
A =0.96 and €y 5 = 4.6 deg for the velocity estimate. Note
that the transition from CLME to AO is steeper for velocity
estimation and occurs for a smaller value of epa.

VI. KINEMATIC ESTIMATION RESULTS

Fig. 5 provides a typical estimation result obtained with
CLME, using both individualized and generic gains. The
individualized CLME produces a good estimation for the
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Fig. 5. Time evolution of the left hip angular position (top) and velocity
(bottom) from subject 08 walking at 1.2ms™! (first four cycles). Red lines
are taken from [26], light blue lines are the estimates from the individualized
CLME and dark blue lines from the generic CLME. Different shades of grey
in the background separate successive cycles.
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Fig. 6. Time evolution of both hips angular position (top) and velocity

(bottom) from subject 08 walking at 1.2ms™! (first four cycles). Red lines
are taken from [26], green lines are estimations from AO. Different shades
of grey in the background separate successive cycles.

position. It is less performant for velocity as it cannot capture
all signal variations. The generic CLME performs similarly
well, but with a significant offset in its position estimation.

The same trial is used as a typical trial for AO (Fig. 6).
It clearly shows that AO need time to converge to their best
estimate, since their quality improves over time. In fact, AO
cannot estimate the left leg position well in the first cycle.
During the following cycles, the shape and amplitude of the
signal converge to those of the actual signals. The estimation
convergence is similar for position and velocity.

An example of the fused estimator is depicted in Fig. 7.
It is compared to the CLME- and AO-based estiamtors for
the same trial as above. Initially, the fused estimator follows
the CLME estimation. As eya decreases, the weight given to
AO, W, increases. The AO contributions are not the same for
position and velocity, with velocity using more of the CLME
estimation. Importantly, the error of the fused estimator is
never larger than the largest error of either the CLME- or AO-
only estimates. This highlights the interest of the proposed
fusion technique, which exploits both approaches during their
most favorable epochs.

Finally, we performed a global analysis of all trials com-
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Fig. 7. Time evolution of left hip angular position (a) and velocity
(c) from subject 08 walking at 1.2ms™! (first four cycles). The different
lines represent actual data from [26] (red), estimation from CLME after
Kalman filter (blue), estimation from AO (green), and estimation from fused
estimator (yellow). The position and velocity errors are given in panels (b)
and (d), respectively. The evolution of the window-averaged mean error of
the AO is given in panel (e), and the corresponding weights of AO in panel
(). Different shades of grey in the background separate successive cycles.

paring the correlation between each of the three estimators
(CLME only, AO only, fused) over each cycle and the
actual kinematic signals from the whole dataset (Fig. 8).
We decided to focus on the first five cycles of each trial,
as this is the epoch where the transition between both
estimators is most valuable. As expected, CLME provides
consistent estimates across cycles for both position and
velocity, given that it is time-invariant. Also, the position
correlation is higher than the velocity correlation, i.e. about
0.81 for position as compared to 0.14 for velocity. AO obey
a dynamic learning trend: their performance is poor during
the first cycle, and improves together with their convergence
(correlation of about 0.30 in position, and even negative
in velocity). They eventually reach a correlation of 0.96 in
position and 0.86 in velocity, indicating that they provide a
high quality estimate after convergence. As captured by the
inter-trial standard deviation, the variability of the AO-based
estimate also decreases over time. This variability is equal
to 0.28 for the first cycle, and decreases to 0.03 for the fifth
one. The fused estimator starts with a performance close to
the CLME estimator, and then shifts towards the AO. This
holds for both mean and standard deviation.

VII. CONCLUSION AND DISCUSSION

This paper presents a novel method to predict the kinemat-
ics of missing leg joint(s) based on corresponding kinematic
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Fig. 8. Correlation between the ground-truth kinematic signals from the

datasets and the corresponding estimation provided by the three estimators:
CLME only, AO only, and fused one. Values are given for the first five
cycles of each trials. Error bars capture the inter-trials standard deviation.

signals measured on the other leg. The method is designed
for both steady-state walking and task transitions, and is
based on two estimators of kinematic signals: CLME, a
correlation-based approach that works during both transients
and steady-state locomotion, and AO, which exploits the
rhythmicity of the task and therefore works only during
steady-state epochs. First, both methods were presented, and
then the fusion approach was explained. We applied the
fused estimator to estimate hip kinematic signals from two
different datasets. The parameters of the different estimators
were computed in a way that they could be used for a
generalized population, although this brought some issues
for the CLME-based estimation, especially with respect to
the position offset. As expected, our new method takes the
best of both individual approaches, favoring CLME when
AO have not yet converged, and AO otherwise.

We observed that CLME is not robust to position offset.
This is expected since its gains are computed on normalized
data. Note that this does not degrade the performance metric
shown in Fig. 8, i.e. correlation, since it is not sensitive
to offset. However, poor offset estimation would be critical
in an actual application, such as controlling an orthosis
or prosthesis. In our future work, we will investigate the
possibility of using the offset estimated by AO, i.e. the
state variable o, to mitigate this error in the CLME-based
estimator, even when AO have not yet converged. Indeed,
preliminary results suggest that o converges faster than the
other AO state variables.

In the present paper, the performance of our estimator
is evaluated only during steady-state walking. However, our
method is also designed to handle sharp transients as well.
During transitions, e.g. between standing still and walking,
we would expect CLME to quickly supersede AO, since the
AO error would increase rapidly. Other datasets include such
transitions (e.g. [28]) and could be used to assess our method.
Preliminary results indicate a good correlation between the
CLME-based estimation and the hip signal during such
transitions, as well as for other transitions, such as from



walking to standing and between different walking speeds.
The correlation analysis showed that the contribution of the
CLME to our fused estimator is larger in the first cycle,
where the convergence of the AO is low. Effective control of
powered devices requires accurate estimation for each cycle,
including the very first one, thus highlighting the necessary
contribution of CLME in our method, even if limited to few
cycles. Moreover, we expect that locomotion in an ecological
environment — i.e. out of the treadmill — would contain much
more walking speed variations and transitions between tasks,
thus providing a larger role to the CLME.

Our newly developed method is well suited for real-
time applications, since neither CLME nor AO require large
computational power. Instead, both rely on a minimal amount
of code. Furthermore, input signals can be acquired in real-
time, for example using IMUs.

Our future work will focus in implementing the proposed
estimator for the control of our designed hip prosthesis
[11] and evaluating its performance in generating reference
signals for this device.
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