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Abstract— Parkinson’s disease is a severe neurodegenerative
disorder that affects sensorimotor control. In particular, several
gait impairments are reported, including a decrease of long-
range autocorrelations in stride duration time series. This
complex statistics is potentially a biomarker of the risk of
falling. This paper aims at developing model-based predictions
about the loss of long-range autocorrelations in the gait of
Parkinsonian patients, and how these autocorrelations can
be restored by an oscillator-based walking assistance. Using
a Super Central Pattern Generator model coupled with an
adaptive oscillator, we show that this type of assistance has the
potential to improve long-range autocorrelations in time series
of Parkinsonian walkers. This requires however to tune the
adaptive oscillator with slow learning gains, raising challenges
for porting this method to an actual device.

I. INTRODUCTION

Parkinson’s disease is the second most common
neurodegenerative disorder worldwide, affecting over 10
million people nowadays [1]. Patients with this disease
encounter a lot of gait impairments such as decreased
gait speed, stride length, and cadence, as compared to
age-matched healthy individuals [2]. This leads to an
increased risk of falling and affects their everyday life [3].
Indeed, the risk of falling and resulting fractures is twice
as likely in Parkinsonian patients as in age-matched healthy
individuals [4]. In a recent study, Warlop and colleagues [5]
suggested that a particular metrics, namely the assessment
of long-range autocorrelations (LRA), is a marker of the
risk of falling in Parkinsonian patients, allowing to detect
gait instability before the first actual fall.

Over the past decades, the assessment of LRA in series
of biological signals – such as gait, heartbeat, breathing,
neural activities, etc. [6] – has received increasing attention.
In the particular case of walking, this feature refers to
the presence of a persistent inter-dependence between the
durations of consecutive strides. In other words, the duration
of the current step significantly depends on all the preceding
ones, including those that happened several minutes ago.
It is believed that the presence of LRA in gait time series
is a marker of the stability, adaptability and flexibility of
the locomotor system [7]. In particular, a decrease in the
presence of LRA in time series of inter-stride intervals
indicates a more random temporal organization, hallmark of
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Fig. 1: The Active Pelvis Orthosis developed in the frame-
work of the CYBERLEGsPlusPlus project [8] can deliver
oscillator-based walking assistance to the user’s hip. It is
now brought to a commercial product by the company IUVO
(Pisa, Italy, www.iuvo.company).

gait instability. Several independent studies have reported a
decreased presence of LRA in the time series of Parkinsonian
patients as compared to those of healthy people [5], [9], [10].

The goal of this paper is to develop a set of model-
based predictions about the deterioration of LRA in people
affected by Parkinson’s disease, and how this can be partially
restored by an assistive method mediated by a robot. Indeed,
in recent years, robot-assisted gait training has received a
growing interest to improve gait of Parkinsonian patients.
First-generation devices were end-effector robots – such as
the Gait Trainer GT1 (Reha-Stim, Berlin, Germany) [11] –
or exoskeletons – such as the Lokomat (Hocoma, Zurich,
Switzerland) [12] – that repeatedly applied a nominal gait
pattern with high intensity to the patient [13]. This therapy
has demonstrated some interesting results for patients,
such as improved gait velocity, endurance, stride length
and duration, cadence, and balance, and a reduction in
severity and frequency of freezing of gait episodes, as
summarized in [14]. Moreover, some of these improvements
were maintained weeks after treatment. However, this type
of robot does not allow the patient to recover a healthy
inter-stride variability, because it applies a stereotyped and
constant gait pattern. Moreover, it does not allow the patient
to actively participate in the movement. In contrast, more
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compliant robots can increase the benefits of such therapies
for patients, as was shown with other pathologies [15], [16].

There is a large body of literature that developed and
validated compliant approaches for robotic locomotion
therapies although, to the best of our knowledge, this has
never been tested with Parkinsonian patients. In the present
paper, we develop a model providing a prediction about the
effect of one of these approaches in particular, regarding the
presence of LRA in Parkinsonian patients. The framework
that is modelled in this paper leverages on the intrinsic
periodicity of locomotion and is based on so-called adaptive
oscillators. An adaptive oscillator (AO) is a mathematical
tool capable of learning the features of a periodic quasi-
sinusoidal input signal in dedicated state variables capturing
its phase, frequency, amplitude, etc [17]. This particular
framework acts like a filter to smooth the input signal, and
can predict the estimated signal evolution in real-time, i.e.
without delay, based on the filtered estimation of the state
variables [18]. In [19], walking assistance was delivered as
an image of the difference between the estimated position in
the near future and the current one, such that the user’s hips
were attracted towards their own predicted future. In [20], it
was shown that delivering a similarly computed assistance
that is proportional to the difference between the current
estimate and the actual signal actually helps in smoothing
the movement but with no injection of mechanical work, on
average.

The actual implementation of an AO-based assistive
framework has already been implemented on several actual
wearable devices for the lower-limb [19], [21]–[23], on top of
which the Active Pelvis Orthosis developed in the framework
of the CYBERLEGsPlusPlus project (Figure 1). This device
has been initially designed for transfemoral amputees, in
order to assist the hip flexion-extension movement and
thus to reduce the metabolic cost of walking [24]. It has
already been used in several (pre)clinical investigations,
that reported interesting effects on the elderly [25], such
as increased gait efficiency, decreased metabolic cost,
increased activation of hip extensor muscles and increased
range of hip motion. Although the same benefits might be
transferable to Parkinsonian patients, there is no evidence
they would be correlated to changes in LRA. The main
contribution of this paper is thus to provide a step towards
assessing the putative effect of an AO-based assistance on
the LRA of Parkinsonian patients, by means of model-based
predictions.

The paper is structured as follows. Section II describes the
methods to (i) model inter-stride time series containing LRA
for Parkinsonian walkers, (ii) include walking assistance in
this modeling framework, (iii) assess LRA in those simu-
lated time series, and (iv) perform statistical analyses. Then
Section III provides the results of these statistical tests. In
Section IV, simulation results are discussed and compared to
what could be obtained during real experiments. The paper

ends with a conclusion.

II. METHODS

In this section, we describe the model used to produce
inter-stride intervals time series of Parkinsonian patients con-
taining LRA, and how we added the effect of an assistance
based on AO to this model.
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Fig. 2: Block diagram of the SCPG model and body (black)
coupled to an AO-based assistance (blue). The parameters
highlighted in red are those to be adapted from healthy values
to take into account the impact of PD. Model parameters
are indicated by dashed lines. Numerical labels refer to the
corresponding equations in the text.

A. Model

1) Super Central Pattern Generator (SCPG): For this
part, we adopted the same formalism as [26], [27] in order
to generate inter-stride intervals time series containing LRA
with similar properties as healthy human walkers.

This model is composed of two parts. The first one repre-
sents a Central Pattern Generator (CPG), modelled through a
Markov chain (Figure 3). Its nodes Xi can be seen as neural
centers firing at a particular action potential. These nodes
are exponentially correlated, because neighbouring neurons
of a CPG are likely to be influenced by similar factors. This
Markov chain is thus modelled by [26], [27]:

Xi = exp(−1/r0)Xi−1 + εi (1)

with r0 the short-range spatial correlation size, and ε a
zero-centered discrete Gaussian process of variance λ2 [27].
From this short-range correlated series {Xi}, a new long-
range correlated one {Xj} is obtained by following the



jumps of a random walker along this chain. The jump size
follows a Gaussian distribution of width ρ, i.e. ∼ N (0, σ2)
with σ = ρ/
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Fig. 3: Illustration of the Markov chain characterizing the
CPG. The values of the action potentials Xi are short-range
correlated, forming superimposed neuronal zones (dashed
colored boxes) of size r0 = 3 in this example, centered
around each neuronal center. Arrows indicate the jumps of
the random walker (adapted from [28]).

Each of these action potentials Xj are linked to a fre-
quency, resulting in a long-range correlated time series of
frequencies [26], [27]:

fj = f0 + γXj (2)

where f0 is the driver frequency, i.e. the average frequency
of the series, and γ a constant.

The second part of this model captures a dynamical model
of the lower-limb biomechanics. It takes the time series {fj}
of the previous part as input to a forced van der Pol oscillator.
Therefore, the jth cycle of this oscillator is initiated with an
intrinsic frequency fj . The system composed of (3) and (4)
forms a van der Pol oscillator, as described in [26], [27]:

ẍ = Tvdp (3)

Tvdp = sin(2πf0t)− x2ẋ+ ẋ− (2πfj)
2x (4)

where x(t) is the hip angular position and ẋ(t) and ẍ(t)
represent its two first time-derivatives, i.e. angular velocity
and acceleration of the hip. This oscillator is driven by
a periodic force, characterized by a nominal frequency
f0, that is equal to the average of the frequency series
of (2). The simulated inter-stride intervals time series is
therefore given by the actual period of the successive cycles
of x(t), obtained by solving this second-order differential
equation using a four-stage Runge-Kutta integrator [26]. By
convention, these cycles are delimited by the zero-crossings
of the signal x(t) when it is decreasing.

2) Walking assistance: In this work, we assume that the
walking assistance is delivered by AO. In our case, the
periodic input signal is the hip angular trajectory x(t), and
a smoothed version of this input, x̂(t), can be obtained from
an AO with the following equation [19]:

x̂(t) = a1(t) sin(ϕ(t)) + a0(t) (5)

where the phase ϕ(t), the frequency ω(t), the amplitude
a1(t) and the offset a0(t) are learned by the internal
dynamics of the AO, see (10)-(13) in the appendix. Note

that the whole dynamics of the AO can be tuned by a single
parameter, namely τ , that governs the learning rate of the
AO state variables, see (14) in the appendix.

The device provides an assistive torque Tosc that is pro-
portional to the difference between the current estimate x̂(t)
and the actual signal x(t) of the hip position, similarly to
what [20] did for the upper-limb. A supplementary term is
thus added to the van der Pol oscillator equation (3):

ẍ = Tvdp + Tosc (6)

Tosc = −k(x− x̂) (7)

where k acts as a virtual stiffness, determining the level of
assistance.

In order to estimate the contribution of this extra assistance
torque in the whole dynamics of the model, we computed
δosc as the ratio between the peak torque provided by the
assistance over the peak total torque, i.e.:

δosc =
maxcycle |Tosc|

maxcycle |Tvdp + Tosc|
· 100 [%] (8)

3) Selection of parameter values: In order to simulate
time series corresponding to Parkinsonian patients, some
parameters of the model have to be adapted compared
to the values reported in [26], [27] for healthy people.
Neurodegenerative disorders like Parkinson’s disease can be
interpreted in this model as a decrease in the correlation
between neural centers, characterized by r0 [26]. To match
the decreased presence of LRA in real time series of
Parkinsonian patients (obtained from [5]), this parameter
was decreased to r0 = 6 compared to the value for a healthy
subject, i.e. r0 = 25. To take into account the increased
standard deviation of those time series, λ was set to 0.8, and
finally, f0 = 1/1.07 [Hz] since the mean stride durations
for Parkinsonian patients is equal to 1.07 sec, as obtained
from real time series [5]. The other parameters of the model
are left at the same values as in [26], [27], i.e. γ = 0.02
and ρ = 25.

In this paper, we would like to predict the effect of the
AO-based assistance for several magnitudes of assistance k
and several learning time constants τ of the oscillator. We
particularly explored 30 combinations, i.e. k = 2, 4, ..., 20
[N·m/deg] and τ = 0.5, 4, 10 [s]. One hundred series of fre-
quencies {fj} containing 1024 points each were simulated in
Matlab R2019a for each pair of assistance parameters (k, τ).

B. LRA assessment

Time series containing LRA have a correlation function
that decreases according to a power law [29]:

C(t) = Cov(yi, yi+t) ∼ t−β (9)

with Cov(·) the covariance function, t the time lag between
two observations of a time series y, and β the scaling



exponent which should be 0 < β < 1 for a long-range
correlated time series.

To assess the presence of LRA in the simulated time
series, we do not assess directly this scaling exponent β,
but rather the so-called Hurst exponent H , related to it
by the relationship β = 2H − 2 [30]. In order to do so,
the evenly spaced averaged detrended fluctuation analysis
(esaDFA) is used in this article. This method – described
in details in [31] – has been selected for two reasons.
Firstly, DFA method can be applied to both stationary and
non-stationary time series. Secondly, adding evenly spacing
to this method decreases the variability obtained in the
estimation of the Hurst exponent [31]. Briefly, a time series
of length N is first integrated and subsequently divided
into non-overlapping intervals of length n. The time series
within each interval is then detrended to remove the local
trend. The root-mean-square fluctuation function F (ni)
is computed on each interval, then averaged over all the
intervals of length ni, so that the average magnitude of
fluctuation F (n) is obtained [31], [32]. This process is
repeated over all interval lengths n, ranging from 10 to
N/2. To obtain evenly spaced values of n in log scale,
the range of log(n) is divided into a series of intervals of
equal length, and the points falling within each interval are
averaged. Finally, log

(
F (n)

)
is plotted against log(n), and

the Hurst exponent is obtained by computing the slope of
the regression line [31].

Although the Hurst exponent has been defined in the
literature as being between 0 and 1 [33], the DFA method
can lead to values larger than 1, because of its relevance for
both stationary and non-stationary time series. In order to
be consistent with the literature, we use the notation of the
α exponent instead of the Hurst exponent. Considering the
value of this exponent, four cases can occur [30]:

• 0 ≤ α < 0.5: the time series is stationary and contains
long-range anticorrelations;

• α = 0.5: the time series is a white noise;
• 0.5 < α ≤ 1: the time series is stationary and contains

long-range correlations;
• α > 1: the time series is non-stationary.

C. Statistical analysis

Model-based predictions regarding the effect of AO-based
assistance as a function of the assistance level k and the
AO learning rate τ required the design of some statistics.
In order to take into account the bi-linearity of the data
shown in Figure 5, we fitted a linear model to the data,
see (15) in the appendix. Briefly, the shape of the data can
be characterized by two linear lines for each value of τ , the
first one going from k = 0 to k = 4, and the second one
going from k = 4 to k = 20.

Then, a general linear hypothesis test is applied on this
model, using a contrast matrix allowing to compare all the
conditions to the baseline with no assistance, i.e. k = 0. The
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Fig. 4: Comparison between (a) a real inter-stride intervals
time series of a healthy subject, from [34] and retrieved from
PhysioNet; (b) a real time series of a Parkinsonian patient,
from [5]; (c) a simulated time series of a Parkinsonian
patient; and (d) the same simulated time series but with the
AO-based assistance, with k = 16 and τ = 10.

p-values are also adjusted for multiple comparisons using the
Benjamini & Hochberg correction. These tests are performed
in R, version 3.6.2 (2019).

III. RESULTS

A typical real time series of a healthy walker (a) and a
Parkinsonian patient (b) are shown in Figure 4, as well as
a simulated time series of a Parkinsonian patient, with (c)
and without (d) the AO-based walking assistance. Two
metrics are computed for each of them: the α exponent
and the standard deviation (std). While these metrics are
originally lower and higher than those of the healthy time
series respectively, it can be observed that the metrics of the
simulated Parkinsonian time series become closer to those
of the healthy one thanks to the simulated walking assistance.

Figure 5 shows the same metrics computed for the
simulated time series for different values of k and τ . In
particular, it highlights an increase in α exponent and a
decrease in standard deviation of the time series when k and
τ increase. It also shows that for τ = 10 and k = 12, the
α exponent is close to the one of healthy walkers. Above
this value, this metric is higher than 1, meaning that the
time series is non-stationary, and that no conclusion can be

https://physionet.org/content/umwdb/1.0.0/
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Fig. 5: Evolution of the α exponent (above) and the standard
deviation (below) of the inter-stride intervals time series for
several assistance levels, compared to the value of healthy
walkers (means indicated by dashed lines, standard devia-
tions indicated by shaded areas) obtained from [5]. The case
where no assistance is applied corresponds to k = 0.
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Fig. 6: Ratio δosc between the peak torque provided by the
AO-based assistance and the peak total torque of the model.

drawn about its persistence. On the other hand, standard
deviation of the time series becomes closer to the healthy
level, but never reaches it.

With regard to the standard deviation, statistical results
show that for τ = 0.5, slightly significant differences
between conditions were observed for k = 16, 18, 20
(p-value = 0.0495, 0.0253, and 0.0147 respectively). Highly
significant differences (p-value < 0.001) were observed for
τ = 4 and τ = 10 for all k.

Concerning the α exponent, statistics show that for
τ = 0.5, no significant difference can be observed between
all assistance parameter pairs and baseline, while highly
significant differences (p-value < 0.001) were observed for
τ = 4 and k ≥ 8, and for τ = 10 and k ≥ 6.

Finally, the contribution of the torque provided by the
walking assistance as a fraction of the peak total torque is
provided in Figure 6. It shows that the torque contribution
of the simulated AO increases with k and τ , but stays below
10% for the values we tested.

IV. DISCUSSION

In this study, we aimed at predicting the effects of
an AO-based walking assistance on the LRA of inter-
stride intervals time series of Parkinsonian patients. These
simulations showed that for some values of τ , great
improvements can be observed for a sufficient level of
assistance. We can highlight two main points from this
analysis: the more k and τ increase, the more the presence
of LRA in the time series increases (α exponent), and the
more the variability of the time series decreases (standard
deviation).

Previous articles [17], [18] have shown that AOs act as a
low-pass filter on the input signal. With a higher level of
assistance, the AO-based assistance filters more frequency
fluctuations, and thus contributes to the decrease of the time
series variability. As the time series becomes less random,
the presence of LRA is increased. This particular effect of
filtering out the high frequencies is visible in Figure 4, by
comparing panels (c) and (d). On the other hand, the time
constant τ characterizes the time it takes to the AO to learn
and synchronize with the input signal. Therefore, higher
values for τ means that the AO will have a longer memory,
and will thus force the gait to resemble previous cycles,
leading to less variability in the series.

These simulations also showed that the torque provided
by the AO-based assistance was one order of magnitude
smaller than the torque produced by the simulated lower
limbs. Nevertheless, this assistance has a significant dynamic
effect on time series metrics. This is in agreement with [35],
which showed that this type of assistance had significant
benefits on the harmonic content of upper-limb movement
of post-stroke patients, while injecting no mechanical



work on average. These results highlight that letting the
patient steering their movement without injecting too much
mechanical work remains beneficial for them.

These simulations naturally lead to some assumptions and
questions about the results we could obtain during actual
experiments with Parkinsonian patients, who would receive
this assistance with a device similar to the one pictured in
Figure 1. The model predicts better results for an AO-based
assistance with a longer memory, i.e. 10 cycles. Until now,
studies that have been done with this type of walking
assistance used an AO capable of learning quickly, i.e. about
four cycles, in order to avoid preventing the user’s ability to
change the features of their movement. Therefore, we can
ask ourselves if by using a greater learning time constant,
the user will retain enough freedom to steer their movement,
i.e. to change cadence or amplitude. In addition, the virtual
stiffness k of this model must be interpreted carefully.
Indeed, this value can be increased arbitrarily in this model,
giving eventually rise to a normalization of the computed
metrics. Nevertheless, in reality, there are physical limits
to this value in order to keep the level of assistance below
safety margins, so as neither harming the user nor damaging
the robot. Therefore, the predictions of the model regarding
the presence of LRA in the time series will probably be
influenced by this limit imposed on k. Nevertheless, the
model shows that the applied torque remains less than 10%
of the torque produced by the lower limbs, which is within
the physical limits of the actual device.

Finally, the interpretation of the parameters of the SCPG
model points out a potential explanation about the origin
of the loss of LRA in Parkinsonian patients. To adapt the
model in order to account for the decrease in LRA in
these time series, we had to decrease r0, i.e. the correlation
size between neural centers of a CPG. Indeed, the loss of
dopaminergic neurons occurring in Parkinson’s disease lead
to a less correlated motor control system, modelled here
through the Markov chain [36]. This decrease in LRA could
also have been associated to an increase in the amplitude
of the driving force of the van der Pol oscillator, as those
patients pay more attention to their gait [26].

Nevertheless, this model has some limitations. It is a
simplified model of the central nervous system as well as
the robot. It models the loss of dopaminergic neurons by a
decreased correlation between neural centers, but Parkinson’s
disease is much more than that. For instance, this model
does not take into account the alteration of the basal ganglia
pathways leading to an inhibition of the motor neurons of
the cortex [37]. Moreover, it does not account for the weight
of the robot, which can influence the way the user walks, by
modifying the body morphology and the associated biome-
chanics, or by accelerating fatigue. Finally, it incorporates a
model about the robot adaptation to the subject, but not the
other way around.

V. CONCLUSION

Parkinson’s disease is characterized by a loss of long-
range autocorrelations in inter-stride intervals time series,
and it is believed that it is an indicator of unstable gait
and predictor of early falls. In contrast to first-generation
assistive robots, more compliant devices like oscillator-based
walking assistance allow the patient to steer their movement,
potentially leading to improved gait parameters. In addition
to standard gait parameters, this article predicts an improve-
ment of the presence of LRA in the inter-stride intervals
time series of Parkinsonian patients receiving an oscillator-
based walking assistance with a large memory, i.e. about 10
cycles. Experiments are currently carried out to verify these
predictions.

APPENDIX

A. Adaptive oscillator equations

The state-spaced dynamic equations of the AO are given
by [19]:

ϕ̇(t) = ω(t) + νϕ
F (t)

a1(t)
cos(ϕ(t)) (10)

ω̇(t) = νω
F (t)

a1(t)
cos(ϕ(t)) (11)

ȧ1(t) = ηF (t) sin(ϕ(t)) (12)

ȧ0 = ηF (t) (13)

with the phase ϕ(t), the frequency ω(t), the amplitude a1(t)
and the offset a0(t).

All these variables converge to the corresponding ones of
the input x(t) by using as teaching signal the error between
the real and estimated inputs: F (t) = x(t)− x̂(t).

In those equations, the learning gains are computed
by [17]:

η =
2

τ
νω =

20

τ2
νϕ =

√
24.2νω (14)

where η is the integrator gain, νω is the frequency gain, νϕ
is the phase gain, and τ is a time constant determining the
time for the oscillator to learn the input signal features.

B. Statistical linear model equation

The bilinear model used to fit the shape of the data in
Figure 5 is given by:

Hi,k,τ = β0 + β1 k + β2 k 1τ=4 + β3 k 1τ=10

+ β4 max(k − 4, 0) + β5 max(k − 4, 0)1τ=4

+ β6 max(k − 4, 0)1τ=10 + εi,k,τ

(15)

for i = 1, 2, ..., 10 and k = 0, 2, ..., 20.

In this equation, H is the answer variable, i.e. the
α exponent or the standard deviation of the inter-stride
intervals time series, β0 is the ordinate at the origin for
k = 0, 1τ=t is the indicator function, i.e. it is equal to 1 if



τ = t and to 0 if τ 6= t, and εi,k,τ ∼ N (0, σ2
ε) is the error

term.

A first line is fitted for each τ to the data between k = 0
and k = 4, and is characterized by the slope β1 for τ = 0.5,
β2 for τ = 4, and β3 for τ = 10. Then a second line is fitted
to the data between k = 4 and k = 20, and is characterized
by the slope β4 for τ = 0.5, β5 for τ = 4, and β6 for τ = 10.
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