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Abstract

Parkinson’s disease is the second widespread neurodegenerative disease. Gait dis-
orders are one of the most critical symptom, as it impacts the mobility, and thus
the autonomy of the patient. Specifically, the stride-to-stride variability increases
and the long range autocorrelations exhibited in healthy gait pattern are reduced.
Consequently, gait is unstable and the risk of falling increases. Robot-assisted gait
training has shown interesting effects on the gait of these patients. Through the
development of a gait model, we predict the potential benefits of an active pelvic
orthosis, not yet tested on Parkinson’s disease patients.

The model, based on optimal control, brings a novel insight on the origins of the
long range autocorrelations in healthy gait. These would be due to a poor control
on the stride duration and on the stride length, with still a tight control on the
velocity. Furthermore, the model adapted to Parkinson’s disease suggests that the
decline in persistence observed in this population is due to a compensatory strategy
set to reduce the variability. Finally, the orthosis is embedded in the model as a
low-pass filter on the stride signals. With a suitable level of assistance, the results of
the simulations indicate that patients recover a healthy gait pattern when using the
orthosis. The results also highlight the importance of the adaptation of the patient
to the orthosis. In conclusion, the predicted results give encouraging perspectives for
the rehabilitation of patients with Parkinson’s disease.
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Chapter 1

Introduction

Today, it is estimated that Parkinson’s disease (PD) affects about 1% of the pop-
ulation over the age of 70 [1]. Given the ageing of the population, the prevalence
is expected to increase in the coming years. This disease is an important cause of
disability in the elderly.

Among the symptoms, a particular emphasis is given to gait disorders. PD patients
walk slower, with smaller steps [2]. But more importantly, the pattern of gait
variability is very different from healthy walking. Indeed, at constant speed, the
series of inter-stride durations exhibit long range autocorrelations (LRA) [3]. This
statistical persistence, marker of healthy gait, is reduced in PD patients. When gait
disorders become serious, risk of falling increases. It is essential to avoid falls for their
physical but also psychological consequences. Indeed, beyond the physical injury (for
example, fracture), falls lead to a fear of falling, and therefore a decrease in activities.
In general, falls lead to a loss of autonomy, muscle weakness, social isolation and
dependence. Since regular physical activity is essential to control the progression
of the disease, immobilization following a fall can have serious consequences on PD
patients [4].

Progress in robotic assistance opens up new opportunities for patient rehabilitation,
and could prevent these falls from occurring. We will investigate on the effect of
an Active Pelvic Orthosis (APO), initially designed for transfemoral amputee. It is
a light-weight, wearable exoskeleton, which provides assistance at the hip level to
smooth the gait signal, while allowing the user to steer the movement [5].

Through modelling, this thesis aims to bring a novel insight on the origins of the LRA
in healthy gait variability. For this purpose, we will draw on a model proposed in 2010
by Jonathan Dingwell and colleagues [6]. Then, this model will be adapted to gait
altered by PD. Again, the interpretation of the model will enrich our understanding
of the mechanisms that regulate walking in PD patients. Finally, a last objective
is the determination of the potential benefits of the APO on the gait disorders. In
particular, the question is whether patients can recover healthy gait patterns with
the orthosis, and under which conditions.
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To meet these objectives, we will first provide a detailed description of the Parkinson’s
disease. We will address the pathophysiology, the resulting symptoms, the current
treatments and some scales to evaluate the disease’s stage. Next, the mathematical
foundations of LRA will be presented. In the same chapter, we will outline some
methods to evaluate the presence of autocorrelations in a time series and discuss
their performances. In Chapter 4, we will review current gait models, based on
the present knowledge of gait characteristics in different populations. We will then
present the model and its adaptations. We will be able to analyze the results of the
simulations and validate them on experimental data. Finally, we will discuss the
interpretation of the model and its limitations.
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Chapter 2

Clinical consideration

2.1 Parkinson’s disease
Parkinson’s disease (PD) is a neurodegenerative disease that affects over 10 million
people worldwide today [7]. This prevalence makes it the second wide-spread neu-
rodegenerative disease, just after the Alzheimer’s disease. Most people are diagnosed
between 45 and 70 years old. In fact, more than 1 in 100 people over the age of 70
have PD [1, 8].

PD patients suffer from various motor disorders: resting tremor, decreasing amplitude
of movement and movement slowing, gait disorders, etc. Physiologically, the main
cause of these symptoms is the degeneration of dopaminergic neurons in the basal
ganglia (BG), provoking less excitation of the cortex from BG [9].

Causes of this progressive destruction are not well known. However, genetic factors
may be involved, as well as environmental factors (higher incidence in rural regions,
use of pesticides, presence of heavy metals, etc.). Also, repeating head traumas
(among boxers for example) is a risk factor [1].

2.1.1 Pathophysiology
To better understand PD, here is a partial description of the structure of BG, its
connections with the rest of the brain and some of its roles [10]. BG are composed
of five substructures: the caudate nucleus, the putamen, the globus pallidus (in-
ternal and external parts, respectively GPi and GPe), the substantia nigra (pars
compacta and pars reticula, SNpc and SNpr) and the subthalamic nucleus (STN).
The caudate nucleus and the putamen form together the striatum (Str), the structure
which receives the inputs of the BG. The striatum receives glutamatergic excitatory
projections from the cortex and dopaminergic projections from the substantia nigra.
All the interactions between these different parts are depicted in Figure 2.1.

The first main pathway is the corticostriatal pathway. When the striatum’s neurons
are activated by the cortex, they inhibit in turn the globus pallidus through GABAer-
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Figure 2.1: Diagram of the interactions within BG and towards the rest of the brain. Excitatory
(resp. inhibitory) projections are represented by "+" (resp. "-"). Adapted from [10].
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Figure 2.2: Consequences on the neuronal interactions in BG due to the degeneration of the
substantia nigra in PD. Adpated from [10]
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gic projections. At rest, the globus pallidus constantly inhibits the thalamus, which
has excitatory projections towards the supplementary motor area (SMA). Within
this pathway, we can distinguish the direct and the indirect pathway:

1. The direct loop is simple: the striatum projects on the internal segment of the
globus pallidus. The consequence is the interruption or at least the reduction
of the inhibition on the thalamus and therefore the excitation of the cortex.

2. The indirect loop passes through more intermediate neurons: the striatum
projects on the external segment of the globus pallidus, which has projections on
the subthalamic nucleus. This latter provokes activity in the internal segment
of the globus pallidus and consequently more inhibition of the thalamus.

In a nutshell, the direct loop facilitates the cortex activity while the indirect loop
reduces this activity. The balance between these two paths must be finely tuned.
In the striatum, two types of neurons are at the origin of these two pathways: the
neurons with dopaminergic receptors of type D1 (facilitated by dopamine) and those
of type D2 (inhibited by dopamine).

The balance between the direct and the indirect pathway is regulated by the nigros-
triatal pathway. The substantia nigra has dopaminergic projections on the striatum,
facilitating on the one hand the direct pathway (by stimulation of D1 receptors) and
on the other hand, inhibiting the indirect loop (by stimulation of D2 receptors). The
net effect is therefore excitatory on the cortex, first by the diminution of the activity
of the globus pallidus and consequently, by a bigger excitation of the thalamus.

Since PD consists in the progressive destruction of dopaminergic fibers to the stria-
tum, the balance between the direct and indirect pathway is disrupted and it results
in a lower stimulation of the motor cortex. As seen in Figure 2.2 the direct pathway
is less facilitated and the indirect pathway is less inhibited.

Due to its connections to the SMA and the primary motor cortex, the BG is involved
in motor preparation and motor control. It is thought that BG is responsible for
the regulation of motion’s quality: timing, speed and acceleration, and regulation of
muscle tone [2].

2.1.2 Symptoms
As detailed in section 2.1.1, the projections between BG and the motor cortex (M1
and SMA) are disrupted in PD. Symptoms appear when 50% to 70% of dopaminergic
neurons are destroyed. Before this point, the brain compensates the loss by plasticity
processes. At the end of the disease, the loss of dopaminergic neurons reaches 90% [11].

It results in several movement impairments, such as movement slowing or reduced
amplitude (bradykinesia); or at the extreme, no movement at all (akinesia) [12]. Mo-
tor preparation is also critical for PD patients. Reaction times are usually increased
and the execution of complex and automatic movements requires more attention
from the patients. For this reason, they often experience difficulties to execute two
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tasks simultaneously [9]. PD patients also suffer from resting tremor, which tends to
disappear during voluntary movements, muscle rigidity, abnormal rhythmicity and
postural instability [8].

These symptoms are reflected in gait by reduced velocity, shorter stride length,
asymmetry between the legs, impaired balance and lack of automaticity. Overall gait
is unstable, leading to an increasing risk of falling. Like most symptoms of PD, gait
disturbance is progressive with the stage of the disease [9].

2.1.3 Diagnosis: rating scales
Several indicators exist to assess the progress of the disease. One of the most used is
the Hoehn & Yahr (H&Y) scale. It owes its name to its authors, Melvin Yahr and
Margaret Hoehn and has been published initially in 1967 [13]. This qualitative scale
describes five stages of the disease, from 1 to 5. In the modified H&Y scale, three
stages has been added: 0, 1.5 and 2.5 [14]. An overview of this scale is presented in
Table 2.1.

H&Y Symptoms
0 No sign

1
Unilateral symptoms, of minimal severity

Tremor, bradykinesia, rigidity of one arm/leg
No functional impairment

1.5 Unilateral symptoms, involving neck and spine

2
Bilateral symptoms, of minimal severity

No balance impairment
Potential speech abnormalities and muscle stiffness in the trunk

2.5 Mild symptoms on both sides

3
Balance impairment, falls become common

Mild to moderate bilateral symptoms
No assistance needed for daily life activities

4
Severe disability

Assistance needed for some daily life activities
Ability to walk unassisted despite difficulties

5 Wheelchair essential to move around

Table 2.1: Description of all stages of the H&Y scale

While the H&Y score focuses on motor performances, the Unified Parkinson’s Disease
Rating Scale (UPDRS) also includes other aspects, such as intellectual functions,
mood, sleep disturbance, daily activities, etc. This scale was introduced in 1987 and
recently updated by the Movement Disorder Society (MDS) [15]. Disabilities are
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grouped in four sections and individually assessed by a score from 0 to 4, from no
problem to severe problem. The total score indicates the severity of the disease, 199
being the maximum score.

More specific tests are also used to assess particular aspects of PD. For example, the
BESTest assesses balance performance [16].

2.1.4 Treatments
Due to the variety of disorders affecting patients, treatments must be adapted to
each individual case. It is however important to note that we cannot heal from PD,
we can only mitigate symptoms. As soon as the treatment is interrupted, symptoms
come back [7].

The most common therapy is pharmacologic. Drugs aim to increase dopamine concen-
tration through dopamine precursor (Levodopa) or to mimic its effect (DA agonists,
catechol-O-methyltransferase (COMT) inhibitors, and monoamine oxidase (MAO)
inhibitors) [17]. Medication generally helps to reduce tremor and muscle rigidity,
and to improve speed and coordination of movements. When the disease progresses,
medications can be combined. Unfortunately, it quickly becomes insufficient.

Some patients may undergo surgery. Among the different alternatives, one consists
in the removal of a part of the globus pallidus (inhibiting the thalamus). However,
due to potential serious and irreversible side effects, it is currently almost no longer
practiced [18]. A tube can also be inserted in the intestine tube to deliver continuously
L-dopa. This treatment requires the patients to be connected to a pump, significantly
limiting daily activities. For this reason, this treatment is only administered to
patients in the severe stages of the disease [18]. Deep brain stimulation is also
an option. A neurostimulator is implanted under the collarbone and connected to
electrodes, placed to stimulate subthalamic nucleus or the internal part of the globus
pallidus [1].

Complementary treatments are often needed, such as exercises or physical therapy.
These therapies apply to specific movements. For example, gait disorders can be
reduced using auditory or visual cues, split-belt treadmill can reduce gait asymmetry,
etc [8]. Exercises can be guided by a robotic assistance to recover smooth and healthy
movements and trajectories.
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Chapter 3

Mathematical framework

The correlation structure of time series is a key parameter to characterize human gait.
Healthy gait exhibits LRA, but it tends to disappear with age and some pathologies
like PD. This chapter provides the mathematical foundations of LRA, its definition,
properties and the methods used to assess whether a stochastic process is a long
memory process or not.

3.1 LRA: Definition and properties
We consider a stationary time series f(n) = xn, of mean µ = 0 and constant variance
σ2. The autocorrelation function C(τ) of such stochastic process is defined as:

C(τ) = Cov(xn, xn+τ ) (3.1)

In other words, C(τ) corresponds to the covariance between two samples spaced by
a time τ . The time series f(n) is said to be a long memory or a long correlated
process if its autocorrelation function scales in a power-law fashion:

C(τ) ∼ τ−β (3.2)

with 0 < β < 1 [19]. This theoretical function is depicted in Figure 3.1 for
β = [0.2, 0.5, 0.8]. We observe an asymptotic behaviour: the function decays ex-
tremely slowly for high values of τ and tends to 0 when τ =∞. Consequently, one
property of the autocorrelation function of long memory process is that its sum over
the infinite diverges [19]. Moreover, we observe that for lower values of β, the decline
is slower. We say that the persistence of the process is stronger.

In practice, in a long-range correlated process, the value of xn statistically depends
on a large number of previous values, with a decreasing strength when these values
are more distant in time. In contrast, in a short range autocorrelated processes, xn
only depends on a relatively small number of values (for example, if β > 1).
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Figure 3.1: Autocorrelation function of a long memory process, with different values
of β

3.2 Methods to assess LRA in time series
When we have a time series to analyze, we do not know its autocorrelation function.
In LRA, since the autocorrelation function is defined between 0 and infinity, it
is particularly challenging to determine β from finite time series. Therefore, two
indicators are used to assess whether a time series is a long memory process: the
spectral exponent, denoted α, and the Hurst exponent, H. Several methods exist
to evaluate one or the other. However, due to the asymptotic behaviour of LRA,
these methods are susceptible to produce inaccurate results. It is advised to use
sufficiently long series to get the best result possible (Section 3.3.1). An integrated
method is useful to check the consistency of the results (Section 3.2.3).

3.2.1 Power spectrum analysis
On the first hand, the spectral exponent is directly related to the spectrum of the
time series. The Wiener-Kintchine theorem states that the power spectrum density
(PSD) of a time series is the Fourier transform of its autocorrelation function [20].
Consequently, in LRA, the PSD of f(n) is:

P (k) ∼ k−α (3.3)

for small k and with α = 1− β [19]. It means that LRA present small fluctuations
in high frequencies and high fluctuations in lower frequencies. Therefore, a rapid
analysis of the PSD of the time serie provides α. In the plane log(PSD) versus
log(freq), −α is the slope of the linear regression. This is illustrated in Figure 3.2.
For LRA, α ranges from 0 (white noise) to 1 (high persistence). This method is quick
and computationally cheap but presents some disadvantages. The computation of the
power spectrum density requires the choice of a particular window. The smoothing
of the spectrum will be different according to the chosen window, which can alter
the result α [19].
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Figure 3.2: Power spectrum density of long memory process (blue) and linear
regression (red) of slope −α = −0.59

3.2.2 Random walk analysis: RRA and DFA
On the second hand, random walk analysis can be used to find the Hurst exponent. A
time series can be converted to a random walk using partial sum: Rn = x1+x2+...+xn.
Then, the mean square displacement is characterized by the Hurst exponent [21]:

〈R2
n〉 ∼ n2H (3.4)

In this context, we will consider the Rescaled Range Analysis (RRA) and the De-
trended Fluctuation Analysis (DFA).

The DFA has been introduced by Peng et al. [22] in 1994. We consider a time series of
length N . The first step of this method is the partial sum computation to get the ran-
dom walk profile. Then, this profile is divided into Ns = N

s
non overlapping intervals

of size s. The size of the interval typically ranges from 4 to N
4 and are not necessarily

a multiple of N . Therefore, at the end of the profile, a short part of the random walk
will remain in most cases and will not be used. For each interval, the linear trend
is removed and the standard deviation Q is computed. Then, Q is averaged over
all the intervals of same size s. This operation is repeated for different sizes of interval.

The diffusion plot is the graphical representation of log(Q) versus log(s). We observe
that the mean standard deviation Q scales with s as a power law:

Q(s) ∼ sH (3.5)
with H the Hurst exponent, equal to 2−β

2 . The Hurst exponent correspond to the
slope of a regression line drawn in the diffusion plot, as illustrated in Figure 3.3a.

When H > 1
2 , the time series presents positive LRA. As H gets closer to 1

2 , the
process becomes more random, while values close to 1 indicates a stronger persistence.
Below 1

2 , the series is said to be anticorrelated, or negatively correlated.
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RRA is based on the same principle. The metric Q is no longer the standard deviation
of the interval, but the range of this interval divided by the standard deviation [23].

RRA and DFA present the advantage to be less sensitive to imperfect measurements.
Indeed, the noise level is reduced when the time series are converted into random
walk. Moreover, they are more reliable to distinguish trends caused by external
effects from LRA, since the intervals are systematically detrended [21]. However, of
these two methods, only the DFA can be used on non-stationary series [24].

Evenly-spaced DFA

In order to increase the accuracy of the DFA, evenly spacing should be adopted. The
method is similar to the classic DFA but differs in the choice of the interval’s sizes.
While the classic method uses integers between a minimum and a maximum length,
the evenly spaced DFA selects values of s that are linearly spaced in the diffusion
plot [25].

In practice, a minimum (smin) and maximum (smax) interval length should be
determined, as well as the number of length k. Then:

s1 = smin

si = si−1 ∗ 10
log10(smax)−log10(smin)

k−1
(3.6)

The difference between the classic DFA and the evenly spaced DFA is illustrated in
Figure 3.3. Both methods are executed on the same sequence of length N = 1024
with a minimum interval length of 4 and maximum N

4 . For the evenly-spaced DFA,
we chose k = 50. The expected H is 0.75. The evenly spaced DFA is closer to the
results, with an estimated H = 0.7532, versus H = 0.7273 found with the traditional
method. This difference is explained by a disproportionate weighting of the larger
timescale s in non-uniform spacing. This region is over-represented in the diffusion
plot and affects the regression computation.

3.2.3 Integrated method
An integrated method, suggested by Rangarajan and Ding [19], allows to detect
possible mistakes in the assessment of the correlation exponent. Two methods should
be used, the spectral analysis and either DFA or RRA. Then, if the estimates are
correct, the spectral exponent and the Hurst exponent should be consistent with
equation 3.7. This equation will rarely be satisfied, due to the asymptotic behaviour
of LRA. Therefore a difference d = |H − 1+α

2 | < 0.1 is tolerated [19, 16]. This
integrated method is more robust to relatively short sequences (up to 512 points).

H = 2− β
2 = 1 + α

2 (3.7)
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3.3 Performance analysis of methods used to as-
sess LRA exponents

3.3.1 Evolution of the accuracy as a function of the series
length

For all methods described above, the length of the process under analysis is a key
factor in determining the accuracy (and therefore the reliability) of the result. This
section aims at analyzing the evolution of the accuracy of these methods for different
series lengths.

Two methods have been used to generate long memory processes characterized by a
Hurst exponent of 0.8, or equivalently α = 0.6. The first method, the spectral synthe-
sis, uses the spectrum property of LRA of Equation 3.3. The method is described in
[19].The second one generates a fractional Brownian motion (fBm) through a method
described by Rambaldi et al. [26]. With each of these two methods, we generated 500
series of 128, 256, 512, 1024 and 2048 points (100 series of each length). Then, we
computed the Hurst exponent of each series with the spectral analysis, RRA, DFA
and evenly-spaced DFA. Finally, we calculated the mean and standard deviation of
the results obtained on series of the same length, generated with the same method
and evaluated with the same methods. In Figure 3.4 each point is the average Hurst
exponent found across 100 time series. Figure 3.5 represents the standard deviation
of these results.

From Figure 3.5, we clearly observe that the variability of the results decreases when
the sequences are longer in all cases. This supports the idea that using longer series
allow to get more reliable estimates of the correlation structure of these series. Biases,
highlighted by Figure 3.4, tends also to be reduced in longer series, especially when
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using RRA. We also observe that estimation methods perform better when series
were generated by the method belonging to the same domain: the spectral analysis
results are more accurate when the series have been generated by spectral synthesis
and DFA have better performance with fBm. This was already observed by Roume
et al. [27]. These graphs also confirm that evenly-spacing reduces the bias of DFA.
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Figure 3.4: Mean Hurst exponent obtained for different series length N , with spectral
analysis (blue), RRA (red), DFA (yellow) and evenly-spaced DFA (green). For each
N , 100 series have been generated based on a) spectrum synthesis and b) fBm theory.
The expected value (dashed line) is H = 0.8.
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Figure 3.5: Evolution of Hurst exponent variability as a function of the length of the
time series for different assessment methods: spectral analysis (blue), RRA (red),
DFA (yellow) and evenly-spaced DFA (green).
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3.3.2 Evolution of the accuracy of the estimates as a func-
tion of the true α/H

Borders values (α = 0 or 1, H = 0.5 or 1) are also subjects to some inaccuracies. In
this section, we analyse the performances of all the methods of correlation structure
assessment for different strengths of persistence. In Figure 3.6, H (resp. α) has been
discretized from 0.5 (resp. 0) to 1 by step of 0.5 (resp. 1). For each value of H
or α, 100 time series have been generated with spectral synthesis or through fBm
theory. Then, these series have been analyzed with spectral analysis, RRA, DFA
or evenly-spaced DFA. Each sub-panel is referred to one different pair of analysis
method and generation method. The average result over the 100 of each true H
value is represented on the Figure 3.6.

0 0.5 1

true 

0

0.2

0.4

0.6

0.8

1

S
p
e
c
tr

a
l 
s
y
n
th

e
s
is

E
s
ti
m

a
te

d
 

Spectral analysis 

0.5 0.75 1

true H

0.5

0.6

0.7

0.8

0.9

1

E
s
ti
m

a
te

d
 H

RRA

0.5 0.75 1

true H

0.5

0.6

0.7

0.8

0.9

1

E
s
ti
m

a
te

d
 H

DFA

0.5 0.75 1

true H

0.5

0.6

0.7

0.8

0.9

1

E
s
ti
m

a
te

d
 H

Evenly-spaced DFA

0 0.5 1

true 

0

0.5

1

1.5

fB
m

E
s
ti
m

a
te

d
 

0.5 0.75 1

true H

0.5

0.6

0.7

0.8

0.9

1

E
s
ti
m

a
te

d
 H

0.5 0.75 1

true H

0.5

0.6

0.7

0.8

0.9

1

E
s
ti
m

a
te

d
 H

0.5 0.75 1

true H

0.5

0.6

0.7

0.8

0.9

1

E
s
ti
m

a
te

d
 H

Figure 3.6: Evolution of the accuracy of LRA assessment methods as a function
of the expected LRA exponent. Long range autocorrelated processes have been
generated either by spectral synthesis (first row) or fBm (second row) and assessed
through spectral analysis (blue), RRA (red), DFA (yellow) and evenly-spaced DFA
(green).

Again, it appears clearly that spectral analysis is more biased for series generated
on the basis of fBm theory, series on which DFA is more performant. Furthermore,
spectral analysis is more reliable when the persistence is weaker, but gets defective
for values of α close to 1. In contrast, DFA tends to under-estimates the persistence
for strong autorrelation, but gets high precision for more random processes. On the
other hand, RRA presents biases at both sides of the interval. It should be noted,
however, that generation methods may be at the origin of the biases.
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3.3.3 Discussion
For all simulation performed later in this work, we will generate series of 1024 strides.
Above this length, the accuracy is no longer significantly improved, compared to
the computation costs that arise from it. However, concerning experimental data,
the constraints linked to their collection does not allow us to have series of such
length. In particular, most PD patients are not able to walk 1024 consecutive strides.
Consequently, series of 256 or 512 strides will be analysed.

Also, in the rest of this work, we will systematically use the evenly-spaced DFA for
the Hurst exponent assessment, due to the strong evidence of the performance of
this method, shown both in the previous sections and in the literature [25, 28].
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Chapter 4

State of the art

4.1 Characteristics of healthy and parkinsonian
gait

Gait is a complex mechanism involving several neural structures such as the motor
cortex, the cerebellum and basal ganglia. It also requires the integration of sensorial
feedback from visual, vestibular and peripheral receptors [29]. The complex coordi-
nation of these structures is not yet fully understood. Therefore, models continue to
evolve to best simulate the characteristics of healthy walking and to adapt to other
populations, such as the elderly or patients with neurologic impairments.

In particular, we are interested in the small fluctuations present in the gait pattern
under stationary conditions. It was initially assumed that those subtle fluctuations
were pure random noise. However, Hausdorff and colleagues have shown that those
fluctuations exhibit long range autocorrelations, extending over hundreds of strides
[3]. Among different studies, those LRA have been quantified with a Hurst exponent
of 0.76 [3], 0.88 [30], 0.9 [29], 0.79 [31, 32] and 0.78 [6].

According to the walking speed, the persistence of stride series follows a U-shaped
function, with the minimum at the preferred walking speed (PWS). The stronger
persistence for higher and lower velocities reflects a loss of adaptivity and stability.
The PWS is determined by biomechanical constraints, the selected velocity mini-
mizes energy consumption. When one moves away from its PWS, he is subject to a
"biological stress", reducing its adaptive capabilities [33].

At contrary, reduced persistence is observed in elderly and in people suffering from
neurodegenerative disease, like PD and Huntington disease [34]. Concerning PD, the
degree of impairment is correlated with the loss of persistence [16]. It must also be
noted that the variability is increased, unlike the elderly for those the variability
remains unchanged. The lack of persistence is associated with instability, people fail
to optimally regulate their gait. Therefore, they are more likely to fall.

We conclude that the level of correlation in gait variability is a key element. De-
viations from an optimal level in either direction are a marker of lower adaptive
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capabilities [35]. On the one hand, stronger correlations suggest a sub-correction
of gait. These are due for example to non-optimal velocities, leading to less degree
of freedom for strides corrections. On the other hand, weaker correlations indicate
over-correction of gait and are associated with poor health. Due to impaired control,
people do not exploit the redundancy of walking enough and therefore spend too
much energy in strides corrections.

There is a growing clinical interest of LRA indicators. Currently, the clinical diagnosis
is based on the means and standard deviations of the velocity and of the stride
durations. Since LRA change significantly with age and disease, this indicator could
contribute to the development of an accurate and reliable diagnosis [36]. Moreover,
this index help to discriminate fallers from non-fallers, while other measurements do
not [37].

4.2 Models
Our understanding of the origins of LRA in gait is still limited. Through the
interpretation of gait models, one could identify the causes of this pattern. In par-
ticular, whether LRA are of biomechanical or neuronal origin is still an open question.

4.2.1 CPG-based models
A popular model is the SCPG, the Super Central Patter Generator. CPG are
neural networks that are thought to be responsible for the generation of rhythmic
movements, due to their oscillatory activity. To end up with the SCPG, CPG-based
models have evolved a lot in the last decades, in parallel with the new findings about
gait. The basic building block of this model is a simple oscillator, which produces a
periodic output. A first attempt to generate strides series with LRA is the noisy CPG,
described in [3]. The frequency of the oscillator switches randomly at each strides, i.e.
a gaussian noise is added to the mean frequency. However, the noisy CPG fails to
reproduce the correlation structure of human gait. In the same paper, Haudorff et al.,
present a successful alternative: the correlated CPG model. Again, the frequency of
the oscillator fluctuates, but according to some rules. Only certain transitions from
one frequency to another are allowed, and with a certain probability. This model
generates series characterised by a Hurst exponent of 0.75. Nevertheless, the cor-
related CPG model does not address the question of gait altered by age or by diseases.

This issue is solved by the Neural hopping model, published in 2001 by Hausdorff
and Ashkenazy [34]. The model can be seen as a random walk on a chain of different
neural centers, each of them characterized by a different frequency fi (Figure 4.1).
A step of the random walk from one mode to another represents the "hopping".
Frequencies fi follow a Gaussian distribution and have short-range correlations. At
each stride, there is a jump from one center to another: the jump size follows a
Gaussian distribution of width C. This parameter varies according to the populations:
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for stronger persistence of the series, C is bigger, allowing larger jumps and therefore
a wider exploration of the chain. Finally, a low amplitude noise is added to the
frequency of the chosen neural center.

Figure 4.1: Illustration of the neural hopping model. Sequence of four transitions.
The frequencies fi have short range correlations and the jump size follows a gaussian
distribution. [34]

At last, the SCPG is presented by West and Scafetta [38]. It is composed of a similar
stochastic correlated CPG to that of the neural hopping model, coupled to non-linear
oscillators. The most important difference is the absence of Gaussian noise at the
output of each node. Instead, the series of frequencies generated by the random walk
feed a forced Van der Pol oscillator, whose output models the motion of the lower
limb. Moreover, West and Scafetta modelled the change of velocity by modifying
the strength of correlation among the neural centers.

4.2.2 Modelling of the basal ganglia loop
As the basal ganglia degenerations are linked to gait impairments, another modelling
approach focuses on the basal ganglia loop. Those models are based on the knowl-
edge of the BG structure and projections (both internal and external). Artificial
neural networks directly mimic the neural structure of BG. One layer represents one
population of neurons (one substructure of BG). The number of neurons in each
layer and the projections between layers are as close as possible to the real structure
of BG. Those models are convenient to simulate the changes that arise in PD. Indeed,
the decreased dopamine level can be modelled on acting on the connections between
neurons [39]. However, those models are not directly linked with gait.

Models of the basal ganglia has also been refined in the last decades. For example, it
has been recently discovered that the external globus pallidus was not homogeneous
[40]. Such a discovery allows to refine the model by adding new projections and new
sub-populations of neurons.

4.2.3 Mechanical approach
While the neural origin of LRA seems widely accepted, some argue that the cor-
relation structure might be of biomechanical origins. In their paper published in
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2007, Gates et al. [41] presented a pure mechanical model able to reproduce the
persistence observed in both healthy subjects and PD patients. They adapted a
simple passive walking model [42] composed of two legs connected by a friction-less
hip joint. The system weight is represented by two point masses located at the feet
and one at the hip. An impulse push-off gives at each step the necessary energy to
maintain the movement. This force, applied to the trailing foot, varies from step to
step to include motor and sensory noise. Moreover, it is regulated by a proportional
feedback controller. By modifying noise levels and feedback gains, a large range of
correlation structures were obtained.

The major flaw of this method is the lack of interpretability: it is difficult to translate
the model parameters into physiological characteristics. Moreover, there is no unique
solution to model gait degradation (for example in PD patients), which suggests
different explanations of the changes in the LRA structure.

Although this model reproduces successfully different gait pattern, one cannot deny
the supra-spinal influence on the correlation structure. For example, gait becomes
more uncorrelated when guided with a metronome [34]. As the low motor neurons,
actuators and feedback are the same as in free walking, supra-spinal control is critical
in the deterioration of the LRA. Therefore, one can infer that LRA generation could
not be only of biomechanical origin.

4.2.4 Model based on optimal control
In 2010, Dingwell et al. proposed a discrete model based on optimal control [6].
Thanks to a higher level of abstraction, this paper suggests a simple interpretation of
the origins of LRA in gait. We will detail this model in the next section and extend
it to model the parkinsonian condition, with and without robotic assistance.
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Chapter 5

Material and methods

5.1 Healthy gait
This section introduces the model developed to reproduce the properties of the
human gait variability. This model is adapted from a controller proposed by Dingwell
et al. (2010) [6]. They simulated series of 512 strides and validated it on healthy
subjects walking on a treadmill. The first objective was to reproduce the results of
this paper, then to extend it to sequences of 1024 strides.

5.1.1 Data
The experimental data used to validate the model are those collected by Dingwell,
available in open access on Dryad. The dataset is composed of 34 strides sequences.
The experiment involved 17 healthy young adults. Each participant were asked to
walk on a treadmill for 5 minutes at a self-selected speed. Each one completed two
trials with a 2 minutes break in between. Series length ranges from 248 to 309 strides.

5.1.2 Model
The model is described by a discrete system. Each stride is characterized by two
variables, the stride duration and the stride length. Those variables are computed
by iteration by the following system:

xn+1 = xn +G(I +N)u(xn) + η (5.1)

where xn is the state vector containing Tn, the stride period and Ln, the stride length;
G is a diagonal gain matrix; I is the identity matrix to which N , a diagonal noise
matrix is added. The term Nu(xn) is therefore a command-dependant noise. Finally,
η is an additional noise vector. The first (resp. second) non-zero term of N and the
first (resp. second) term of η follow a zero-mean Gaussian distribution of variance σ1
(resp. σ2). The index n indicates the stride number.

This system can be interpreted as follows: each stride (xn+1) is equal to the previous
stride (xn), to which motor noise (Nu(xn)) and perceptual noise (η) are added. A
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correction is applied through the command u(xn) to meet the walker’s goal.

The objectives of the walker are represented by the cost function and the command
is computed to minimize this cost function. In the context of treadmill walking,
the only constraint is to stay on the treadmill. In order to meet this constraint, it
is assumed that subjects aim to maintain a constant velocity, equal to that of the
treadmill (v). Mathematically, it means that the following equation holds at each
step.

Ln − vTn = 0 (5.2)
This objective function leaves room for some variability as several pairs [T, L] lead
to the same velocity. In the T-L plane, all these pairs form a straight line, called the
Goal Equivalent Manifold (GEM). However, a specific pair [T ∗, L∗] is naturally chosen
by subjects as the Preferred Operating Point (POP). This pair is determined by the
minimization of energy consumption and depends on biomechanical characteristics
such as length of the legs and inertia. A control is therefore applied to stay close
to this point. Considering the objective on the velocity and on the POP, the cost
function is given by:

C = αe2 + βp2 + γu2
1 + δu2

2 (5.3)

The first term penalizes the error on the velocity, with e2 = (L− vT )2. The second
term concerns the distance from the POP, with p2 = (T − T ∗)2 + (L − L∗)2. The
third and fourth terms penalize the command, u1 (resp. u2) being relative to the
correction applied to T (resp. L).

Finding the optimal command is a classic linear-quadratic-gaussian (LQG) control
problem. The system described in Equation 5.1 is linear and corrupted by Gaussian
noises and the cost function is quadratic. The LQG framework provides an output,
namely the command, optimal in the sense that it minimizes the expected value of a
quadratic cost criterion.

We consider this system to be fully observable, i.e. at each step the exact state
is known and not estimated from noisy information. In that case, as developed
by Todorov [43], the system described in Equation 5.4 has as optimal solution the
command in Equation 5.5.

xn+1 = Axn +Bun + εnCun + η

Cost per step = xTnQnxn + uTnRun
(5.4)

un = −Knxn

Kn = (R +BTSn+1B + CTSn+1C)−1BTSn+1A

Sn = Qn + ATSn+1(A−BKn); SN = QN

(5.5)
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As the system here is time-invariant, the feedback gain Kn is constant and found by
solving Equation 5.6 [44].

K = (R +BTSB + CTSC)−1BTSA

S = Q+ ATSA− (ATSB)(R +BTSB + CTSC)−1BTSA
(5.6)

The main difference with the paper of Dingwell (2010) concerns the command compu-
tation. While the model introduced above aims at finding the optimal command, the
model of Dingwell relies on a sub-optimal command to over-correct the velocity error.
Indeed, the command is first computed with G (Equation 5.1) equal to the identity
matrix. Then, a gain (G = 1.24I) is applied to this command to compute next states.

Table 5.1 presents a summary of the parameters used for the simulations. In addition,
the initial state is set to the target state.

Parameter Dingwell’s model Adapted model

G

1 0
0 1

 for command computation1.24 0
0 1.24

 for state update

1 0
0 1



σ1 0.01 0.01
σ2 0.017 0.017
α 10 30
β 2.79 1

γ = δ 10 10
v 1.21 [ m

sec ] 1.21 [ m
sec ]

T ∗ 1.105 [sec] 1.105 [sec]
L∗ vT ∗ [m] vT ∗ [m]

Table 5.1: Values of the parameters of the models for a healthy subject

Each model will be used to generate 20 series of 1024 strides. Each simulation
generates a stride duration series T [n], a stride length series L[n] and velocity series
S[n]. The mean, the standard deviation and the Hurst exponent of each series is
computed. Those variables are then averaged over the 20 simulations and compared
to experimental results.

5.2 Gait altered by Parkinson’s disease
Gait degradation is a critical symptom of Parkinson’s disease since it is linked to an
increasing risk of falling. This section focuses on the walk pattern of subjects with
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PD: what is different compared to healthy subjects, and the physiological reasons of
these differences.

To address these questions, experimental data will be first analysed to quantify these
changes at different stages of the disease. Then, the model developed for healthy
subjects will be adapted to best fit PD condition.

5.2.1 Data
The data that were analyzed and subsequently used to build the model were collected
by Warlop et al. for a paper published in 2016 [16]. This study includes 20 patients
with PD asked to walk overground for 10 minutes at a self-selected speed. For each
patient, stride durations were extracted for series of at least 512 strides. In addition,
the data provides the state of the disease of each patient, assessed through the H&Y
score. Table 5.2 shows the distribution of subjects as a function of the H&Y score.

H&Y # subjects
1 3

1.5 3
2 5

2.5 6
3 3

Table 5.2: Distribution of subjects according to the H&Y score

We are interested in the evolution of the standard deviation and the correlation
exponent of the strides interval series as a function of the disease progression. We
already know from the literature that the variability is increased with PD and that
the persistence gets weaker. To quantify those change, the standard deviation and the
Hurst exponent of the inter-stride duration series of each subject are computed. Then
those values are plotted against the H&Y score of the patient. A linear regression is
drawn to fit these points in order to outline the evolution of those variables according
to the disease’s stage. The model will then be adapted to fit the values given by this
regression. Moreover, the correlation between those variables and the disease’s stage
is assessed through the Spearman’s coefficient.

In the article of Warlop [16], the Hurst exponents were computed using evenly spaced
DFA with overlapping intervals. In contrast, we used here non-overlapping intervals,
as described in section 3.2.2, for the sake of consistency with the rest of the analysis.
We can therefore expect slightly different results.
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5.2.2 Model
The parameters of the model must be adjusted to fit the values given by the regression
found with the experimental data.

We expect a higher level of variability and a lower degree of persistence (Chapter 4).
Therefore, at first, to reflect the increased variability, noise is added to the system.
In practice, we simply amplify by a factor ξ the additive noise η:

xn+1 = xn +G(I +N)u(xn) + ξη (5.7)

We are able to quantify, or at least approximate, the variability increase of stride
duration sequences (T ) for each stage of the disease thanks to experimental data.
However, we have no information concerning the variability of stride length series (L).
Therefore, it is assumed that both variables evolve the same way with the disease.
Then, both components of the noise will be amplified by the same factor. If the
variability of stride duration increases, it is likely that variability of stride length
increases too. The origins of this supplementary noise will be discussed in Chapter 7.

Next, the decline in persistence is handled through the modification of the control
gains. Indeed, it is discussed in [6] that stronger control over a variable leads to less
error persistence. This principle is applied to Parkinson’s condition: β, weighting
the error over T ∗ and L∗, is increased to reduces the persistence of both T and L
series. Again, as we have no experimental data of L series, it is assumed that its
persistence evolves in a similar way to that of the T series.

It must be noted that increasing the variability in the system has also a slight effect
on the persistence and increasing the control through β reduces the variability. We
must therefore consider the parameters conjointly rather than independently.

The regressions drawn among the experimental data will indicate the values to
approach for each H&Y score. In order to select the best parameters for each stage
of the disease, several combinations of values of β and ξ have been systematically
tested. The multiplicative factor ξ has been discretized from 1 to 4 by step of 0.1 and
β has been discretized from 1 to 10 (by step of 0.1 from 1 to 5, then by step of 1).
For each pair of parameters, 100 sequences of 1024 strides have been generated. The
mean standard deviation (std) of the stride duration series and their mean Hurst
exponent (H) have been compared with the reference values (std∗ and H∗). The
selected parameters are those minimizing the error as expressed in the following
equation:

ξ, β = argmin

(std− std∗

std∗

)2

+
(
H −H∗

H∗

)2
 (5.8)
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5.3 Robot-assisted gait
The robot-assisted gait training has shown interesting effects on the gait of PD
patients and might used for rehabilitation purposes [45]. This section introduces
the APO, a device initially designed for transfemoral amputees and which has never
been tested on PD patients. Through the integration of the APO in the gait model,
we could predict its impact on patients and potentially support its benefits.

5.3.1 APO
The devices currently used for robot-assisted gait training have some disadvantages:
they do not allow walking in an ecological environment, they steer the movement of
the patient’s legs, and they do not encourage the patient to actively participate in the
task, since they provide them with a strong assistance. The APO described in details
in Giovacchini et al. [5], addresses these drawbacks. It is a light-weight, wearable
exoskeleton which provides active assistance for the hip flexion-extension movement.
The control of the orthosis is designed to provide an “assistance-as-needed” to the
patient. It means that the patient participates actively to the movement, the effort
is promoted. Furthermore, there is no predefined trajectories, the robot adapts to
the user’s intentions in real time. To fulfill these requirements, the control is based
on an algorithm presented by Ronsse et al [46], which relies on the use of adaptive
oscillators (AOs).

AOs are a mathematical tool introduced by Righetti et al [47], capable to learn the
frequency, amplitude and offset of a periodic quasi-sinusoidal input signal, in this
case the hip position, in dedicated state variables. It can therefore anticipate the
evolution of these states variables in real-time. When the main features of the input
signal slowly change, it produces an error signal computed as the difference between
the estimated state and the actual state. From this error signal, the oscillator learns
the new signal characteristics, and synchronizes its output. AOs act like a low-pass
filter to smooth the input signal [48].

In gait, the input signal (lower-limb position) is periodical but no longer sinusoidal.
Since the signal is periodic, we can derive an estimate from its Fourier decomposition.
Several oscillators must be put in parallel, such as each one of them learns one
frequency component of the signal [46].

In the APO, the assistance torque is computed thanks to an inverse model[46]. The
future value of the hip position is estimated through the AOs. Then, the inverse
model is used to compute the expected torque of the hip, part of which will be
supplied by the robot[5]. This fraction characterized the robot stiffness. The more
the robot participates in the movement, the stiffer it is.

A major advantage of this method is that it only requires to measure the joint
position to get the user’s intention, unlike methods based on the EMG. Moreover,
no reference trajectory needs to be specified. The only a-priori knowledge embedded
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to the controller is the assumption that lower-limb movement is periodic [48]. The
APO adapts to the patient’s will, while helping them to have a smoother walk .

5.3.2 Model
As the orthosis has a low-pass filter effect, it can be modelled as a :

xn+1 = xn + (I +N)u(xn) + ξη − λ(xn+1 − xn)
(1 + λ)xn+1 = (1 + λ)xn + (I +N)u(xn) + ξη

xn+1 = xn + (1 + λ)−1((I +N)u(xn) + ξη)

where λ =
λ1 0

0 λ2


(5.9)

The parameter λ represents the level of assistance of the orthosis, with λ1 the filter
strength on the state variable T and λ2 on L. Higher values correspond to a higher
degree of assistance.

For the first set of simulations, it is assumed that the patients adapt their control to
the orthosis. It means that the motor command computation takes into account the
filter and is optimal in the sense of the system described by Equation 5.9. For each
H&Y score, the level of assistance required to recover healthy level of variability is
computed. In other words, we search for the optimal λ so that the average variability
of the T series is as close as possible to that of healthy subjects. For this purpose,
36 values of λ between 0 and 3.5 have been tested, with 20 strides simulation for
each value. Then, when the optimal λ’s have been found, 20 series are simulated
for each H&Y score with the corresponding λ. The mean Hurst exponents and the
mean standard deviations across these simulations are extracted.

The same process is conducted in a second set of simulation. In that case, we consider
that the patients do not adapt to the orthosis. Then, the command computation is
be based on the system described by Equation 5.7.

A second question is whether the filter is applied to both variables, only the stride
length or only the stride frequency. We consider at first that the filter is applied to
both T and L, with the same strength, i.e. λ1 = λ2 > 0. Next, we compare these
results with those obtained when the APO acts only on the stride frequency, i.e.
λ1 > 0 and λ2 = 0; or when it acts only on the stride length, i.e. λ1 = 0 and λ2 > 0.
For each scenario we simulate 20 series for each H&Y score, with the values of λ
found under the assumption that the patients do adapt to the orthosis.
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5.4 Block Diagram
Figure 5.1 provides a schematic presentation of the models in the cases of healthy
gait, altered gait by PD and gait of patients assisted by the APO. To illustrate, the
general stride distribution and an example of a series are provided.

Figure 5.1

We first consider the case of healthy gait. The central nervous system (CNS) receives
as input the target strides characteristics T ∗ and L∗ that arise from the target speed.
Moreover, the actual values of T and L are fed back to the CNS. Thanks to these
information, this block computes the optimal command sent to the body, the second
block.According to this command and to the system characterized by the body and
by the possible external disturbances, the following stride is generated. This stride
is sent back to the CNS and the loop start again.

In middle panel, we represented the schematic stride distribution. In healthy gait,
the strides (blue dots) are distributed along the GEM (black line) and form an ellipse,
whose center is the POP. Recall that the GEM is the line formed by the T-L pairs
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with which the target speed is obtained. The control applied on the speed pushes
the points close to the GEM; the control applied on the POP brings the points closer
to the POP. Therefore, the elliptical shape in healthy gait is due to a high control
to the velocity and a low control on the POP. This low control give rise to LRA in
series of inter-stride duration like the one represented in the top right panel, with a
Hurst exponent around 0.8.

In gait altered by PD, noise is added to the command that comes from the CNS
to the body. It results in a greater dispersion of the strides in the T-L plane and
in higher fluctuations in the stride series. Moreover, the control gain on the POP
is increased, which gives a more circular shape to the distribution of strides. In
the series shown in the middle left panel, the strides duration are more random,
testifying a lower correlation exponent.

Finally, the robotic assistance acts directly on the body. The CNS is aware of the
changes it makes and adapts the control. From Equation 5.9, it appears that the noise
is reduced. Therefore, the strides distribution is less spread out. The command is
impacted by the same factor. We see from the bottom right panel that the persistence
is stronger than the one of the healthy gait (H = 0.87 versus H = 0.79). In the T-L
plane, this is manifested by a narrower and longer elliptic distribution along the GEM.
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Chapter 6

Results

6.1 Healthy gait
In this section, we will first compare the results of the simulations with the ex-
perimental data to validate our model. Next, we will analyse the effect of some
parameters on these results.

6.1.1 Comparison with human experimental data
The results of both models, compared to human data, are represented in Figure 6.1.
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Figure 6.1: Comparison of a) the mean values, b) the standard deviations, and c)
the Hurst exponent of the inter-stride duration T, length L and velocity S, between
experiment data (in blue) and simulated data (in red). Dots represent the mean value
across 20 simulations and the vertical bars represent the 95% confidence interval.

By construction, the means fit exactly their experimental corresponding data, since it
is set as the goal function. The variability is also very similar to the human data for
T , L and S and for both models. Also, these ones succeed to reproduce a relatively
strong persistence of T and L series.
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However, experimental data suggest that velocity is slightly antipersistent (H < 0.5).
The model of Dingwell reproduces this behavior through the use of a sub-optimal
command. On the other hand, with a high optimal control of the velocity (high α),
this variable is no longer anti-persistent but is close to random noise.

6.1.2 Impact of the weights of the cost function
The control gain α and β (Eq. 5.3) may have a significant impact on the results of
the simulation. The effects on the variability and on the persistence are studied in
this section. These parameters represent the relative importance of the error on the
velocity and on the preferred point [T ∗, L∗] respectively, balanced with the penalty
given to a high corrective command. The higher the importance of the error, the
stronger the control. Results of the analysis are presented in Figure 6.2.

The stride period and stride length sequences show similar evolution, regarding the
magnitude of the variability and the statistical persistence (Figures 6.2a, 6.2c, 6.2b
and 6.2d). The standard deviation and the persistence increase with lower values
of β but the impact of α is limited. Indeed, β weights the distance to the preferred
point, regulating directly the length and the period of the stride. A high weight gives
more penalty on this term and reduces the persistence of the error.

Concerning the velocity, the variability (Figure 6.2e) and the persistence (Figure
6.2f) are higher when both α and β are small, i.e., when the control on both the
velocity and the preferred point is low. When α is large (yellow, purple and green
lines), the impact of β is limited. Indeed, the velocity is already tightly regulated so
the increasing regulation of T and L has no effect. However, when α is lower, i.e.
when the control on the velocity is weaker, β has a more crucial role. Through the
regulation of T and L, the speed is also constraint. By approaching the preferred
point, we also approach the target speed, since the speed is expressed as L

T
.
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Figure 6.2: Evolution of (a,b) the stride period, (c-d) the stride length, and (e-f) the
velocity as a function of beta. Each line correspond to a different value of alpha. For
these simulations, γ = δ = 10.
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6.2 Gait altered by Parkinson’s disease

6.2.1 Data analysis
The evolution of the strides characteristics is outline in Figure 6.3. Each point repre-
sents one subject. In Figure 6.3a (resp. Figure 6.3b), its x-position depends on the
progress of the disease, while its y-position depends on the observed variability (resp.
LRA exponent) in the inter-strides duration series. These results are approximate
with the regression lines in red. First, it confirms that the variability increases and
the persistence decreases in patients with PD, compared to control healthy subject.
However, patients in the first stage of the H&Y scale exhibit gait characteristics
similar to healthy patients.

Furthermore, the gait alterations are progressive. The variability is correlated with
the H&Y score with a Spearman’s coefficient of 0.50. Concerning the persistence,
the coefficient is equal to −0.63. This latter is lower than the one found by Warlop.
Those coefficient being relatively high, we can conclude that the disease stage is
relevant to the variability of stride duration series and to the temporal organisation
of this variability.

We also notice that gait is not significantly altered in patients at stage 1 of the disease,
compared to healthy subjects. According to the linear regression, persistence is even
stronger. Since we observe no notable difference, parameters for the population with
this H&Y score will remain unchanged.
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Figure 6.3: Evolution of a) the standard deviation and b) the Hurst exponent of the
inter-stride duration with the Parkinson’s disease stage assessed through the H&Y
score.
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6.2.2 Model parameters fitting
Next, we need to find the parameters so that the simulation results match the
regressions drawn in Figure 6.3. From all the parameters tested in the optimization
process, optimal parameters are summarized in Table 6.1, for each stage of the
disease and for healthy subjects. Both β and ξ increase with the H&Y score.

H&Y score β ξ

Control 1 1
1 1 1

1.5 1.2 1.5
2 1.85 2

2.5 3 2.5
3 6 3.2

Table 6.1: Model parameters in different stage of PD

As shown in Figure 6.4, these parameters produce stride sequences which, on average,
meet the variability and persistence requirements. Stage 1 is the only exception,
since we chose not to optimize the model parameters, due to the high similarity to
healthy gait characteristics.
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Figure 6.4: Simulation of inter-stride duration in patients with different stages of
Parkinson’s disease. Comparison of a) the standard deviation and b) the Hurst
exponent of the simulated sequences (red dots) with with the regression line obtained
through experimental data (in blue).
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6.3 Robot-assisted gait
As stated in Section 5.3.2, the values of the parameter λ, representing the level of
robotic assistance, have been selected according to a variability criteria. The optimal
values are summarized in Table 6.2.

H&Y
λ1,2

with adaptation
λ1,2

without adaptation
1 0 0
1.5 0.7 0.7
2 1.4 1.5
2.5 2 2.3
3 2.5 3.3

Table 6.2: Value of the APO parameter for different disease’s stage, with and without
the adaptation of the patient to the APO

Two scenarios are under analysis, either the user adapts his motor control to the
APO or he does not. In both case, as expected, the more the disease progresses
(higher H&Y), the higher the level of assistance (higher λ). We also observe that the
level of assistance required to recover healthy levels of gait variability is higher if
the patient does not adapt to the APO. Lastly, we stress that it is not necessary to
provide assistance for patients at the first stage of PD (λ = 0).

These values of λ produces strides series of mean standard deviations and mean
Hurst exponent represented in Figure 6.5 (case 1: the patient adapts his control)
and in Figure 6.6 (case 2: the patient does not adapt his control).

In both scenarios, the APO reduces gait variability and increases the Hurst exponent
of stride duration series. The variability of assisted patients fits perfectly the one of
healthy subjects. Since it was the only criteria for λ optimization, one could expect
this result. In contrast, the levels of persistence go beyond the healthy levels, in
particular when the patients do not adapts. In the most extreme case (no adaptation,
H&Y = 3 ), the mean Hurst exponent is almost 1, the upper limit value of LRA.
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Figure 6.5: Simulation of the effect of the APO on inter-stride duration series of
patients, in case of patient adaptation to the orthosis. Comparison of a) the standard
deviation and b) the Hurst exponent of the simulated data (red dots) to non-assisted
patients (blue line) and healthy subjects (green line)
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Figure 6.6: Simulation of the effect of the APO on inter-stride duration series of
patients, in case of no adaptation from the patient to the orthosis. Comparison of a)
the standard deviation and b) the Hurst exponent of the simulated data (red dots)
with non-assisted patients (blue line) and healthy subjects (green line)
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Finally, Figure 6.7 presents the comparison of the Hurst exponents of the stride
duration obtained with different variables impacted by the filter.
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Figure 6.7: Comparison of the Hurst exponent of inter-stride duration sequences of
patients with robotic assistance, in case the robot filters 1) both the stride duration
and length (dark blue), 2) only the stride duration (red), 3) only the stride length
(green) and 4) no robot assistance (light blue)

It appears that the persistence of the T series is not significantly increased when
the APO only acts on the length of the strides, in comparison with a situation of
non-assistance. The Hurst exponent of the stride duration series is only increased if
the APO acts directly on the cadence, regardless of whether the APO acts on L or
not. Still, there is a small decline if the APO only filters the stride duration.
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Chapter 7

Discussion

7.1 Healthy gait
The model succeed to reproduce gait fluctuation, in terms of standard deviation and
statistical persistence.

7.1.1 Model interpretation
This model provides a simple interpretation. LRA in gait variability is simply due to
a limited control on the stride durations and stride lengths. Errors on the POP are
tolerated within a certain range, as long as the speed remains relatively constant.
The correlation structure of one series depends on how important the errors are. If
the cost of the correction is dominant compared to the benefit of having a no error,
then the error will "persist". The command sent to correct the error will be low
to balance the high control gain. Therefore, if we take a look at Equation 5.1, the
stride will mainly depend on the previous one and trends will appear in the stride
series. At contrary, if errors are highly penalized (like the velocity), they will be
systematically corrected. In that case, the term xn + u(xn) will be almost constant
and the stride fluctuations are only due to noise.

This is confirmed by the results of the analysis done in section 6.1.2. We observed
that, all variables included, when we increase the control gains α or β, the persistence
of the corresponding series is reduced.

7.1.2 Model limitations
The simplicity of the model presents the advantage to provide a straight-forward
interpretation. But as a consequence, this model has several limitations. First,
only fluctuations around the mean behavior are modelled. It is assumed that the
target speed is the PWS and remains constant during the whole walking session. In
addition, no explanation is given for the choice of this speed. This assumption is
valid for treadmill walking, as the velocity is set by the treamdill and does not change,
but it is harder to apply to overground walking. Changes in velocity could have an
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impact on the variability. It is known that the PWS is the velocity minimizing the
variability in gait [33]. However, in our model, target velocity is decorrelated from
the fluctuations regulation. Any change to this parameter will have no impact on
the variability or the persistence in the stride series.

Next, the model is discrete. It is not intended to describe the full dynamics within
each stride, rather the net effect on the inter-stride dynamics. While this model
describes a discrete control, it is thought that humans have online control on gait. It is
therefore difficult to establish a link between the model and physiological structures.

7.2 Gait altered by Parkinson’s disease

7.2.1 Data limitation
First of all, we question the reliability of the values taken as references to adjust the
healthy model. These are taken from the regression plotted from the experimental
data.
First, due to a methodological difference for the estimation of the Hurst exponent,
those results are slightly different from those reported by Warlop [16]. While Warlop
proceed to the DFA with overlapping intervals, we used non-overlapping intervals.
In the literature, it is often specified to use non-overlapping intervals [22, 25, 21].
However, to our knowledge, no clear arguments has been reported to justify this
choice, thus not excluding that both methods are valid.

Then, the use of the H&Y score could be misleading. This indicator is not directly
related to gait. Moreover, it classifies patients in broad categories. Some patients
could have the same H&Y score but relatively different gait characteristics.

Finally, we must keep in mind that this regression is constructed from the data of only
20 patients. For some H&Y score, only three strides series were available. Additional
data could modify this regression and could even show a non-linear evolution. In this
case, in the absence of a clear trend, the more obvious choice was the linear regression.

All these aspects lead us to question the reliability of the regression line that the
model aimed to fit, but the quantitative values are not really the subject. These
data allow us to sketch an evolution of the walking characteristics. This qualitative
analysis is sufficient to draw some interesting conclusions about gait disorders in PD.

7.2.2 Model interpretation
Two main parameters change compared to the healthy gait model: the amplitude
of noise in the system (through the factor ξ) and the weight of the error over the
POP in the cost function (β). We will discuss in this section the possible physiologic
origins of these changes.
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In particular, the model does not explain why variability increases. Indeed, this
element is modelled through an input value of the model, rather than a consequence
of any change. A first hypothesis is to relate the variability increase to a reduced
velocity. PD patients generally walk slower than healthy subjects. It is also known
that healthy subjects naturally select the speed which minimizes the energetic cost,
and therefore the variability. Consequently, one could argue that if patients walk
slower for some reasons, they move away from their optimal speed and the variability
increases. However, several studies reject this hypothesis and claim that velocity
decline is not correlated to the variability increase or only partially [30, 49, 50]. For
example, older people walk more slowly but such an increase in variability is not
observed [51].

The reduced gait speed is actually a typical example of movement slowing (bradyki-
nesia), a well known symptom of Parkinson’s disease. It is explained as a higher
sensibility to energetic cost. For PD patients, fast and large movements are associated
with higher energy expenditure than they really are. In fact, capacities are intact,
patients are able to perform normal movement if they are asked to, but they will be
less likely to do so if they have no specific instruction. In 2007, Mazzoni et al [12]
showed that Parkinson’s patients need more trials to reach the required velocity, but
once they do, they have the same accuracy as control subjects. Movement slowing
does not compensate any loss of accuracy, but rather respond to energy criteria.

Physiologically, the increased variability might be due to the disruption of the con-
nection between BG and the motor cortex [8]. The lack of dopamine to stimulate
the striatum results in less excitation of the cortex. The connection is weakened
and more unstable, producing more variable response. We would then consider
a noisy command. In the literature, a longer motor preparation is observed in
PD patients [52]. If they have the possibility to initiate a movement when they
are ready, they will take more time than control subjects[12]. This delay is not
possible while walking, as strides follow each other. If the motor preparation is not
appropriate, motor command is not optimal and produce more variability. How-
ever, walking is an automatic behavior and should involve the cortex in a minimal way.

While the causes of the variability increase remain unclear, it is very likely that the
persistence decrease results from a strategy to compensate the variability increase.
Patients would pay more attention to regulate not only the velocity, but also stride du-
ration and stride length. In the model, this is equivalent to increase the weight (β) of
the error over the POP in the cost function. Several elements support this hypothesis.

First, we observe a decrease in automaticity in patients. The movement, normally
automatic, requires a conscious effort. Walking requires more attentional resources
and involves higher neural structures [53]. Moreover, gait is highly impacted when
patients have to execute another task while walking[54]. The attentional resources
are recruited for this second task and gait must relies on the faulty BG.
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Secondly, the use of temporal and spatial cues improve gait stability in PD patients
[8, 51, 53]. Indeed, using a metronome to set stride frequency or using floor markers
to set stride length help patients to reduce gait variability. It can be seen as an
element that forces patients to take the compensatory strategy further.

7.3 Robot-assisted gait
The purpose of those simulation was to determine if the orthosis would help patients
to recover a healthy gait and in what conditions.

First, the APO succeed in reducing the variability to recover levels similar to those
of healthy subjects. However, the persistence of the stride durations series is higher
than those of healthy subjects. This is particularly true for patients in advanced
stages of the disease and under the hypothesis that patients do not adapt their
control to the orthosis. It is however reasonable to assume that patients do adapt
to the APO, considering that Parkinson’s patients adapt successfully their gait to
split-belt treadmill [55]. This adaptation is thought to be done within the first
50 strides [56]. However, this could take longer to the specific adaptation to the
APO. Further researches would be needed to investigate on the time constant of the
adaptation in order to adjust the orthosis rigidity to this time constant. The level of
assistance would increase as the patient adapts to it.

It should also be noted that the reference value taken for healthy subject is derived
from only 34 experimental stride series. As mentioned in chapter 4, different values
have been reported in the literature. Those ranges from 0.76 to 0.9. Values in this
range might be acceptable, but indicate an unstable gait beyond.

Next, the results indicate that the orthosis does not necessarily have to act on the
stride length to recover healthy correlation structure of the strides duration. However,
it would be probably necessary to enhance the stride length series. This stride state
variable has not been extensively studied due to the absence of data. However, one
might anticipate a similar behavior to the strides duration series. By the definition of
AOs, it is clear that the APO smoothes the walking pace but we can also reasonably
assume that the stride length are also low-pass filtered.

40



Chapter 8

Conclusion

Due to the population ageing, Parkinson’s disease affects more and more people.
Gait disorders experienced by these patients can be a significant handicap, as they
increase the risk of falling and therefore lead to a loss of autonomy.

Gait is a complex mechanism, involving several neural structures. Locomotion is an
automatic behavior, but its regulation is not fully understood. In particular, the
stride-to-stride variability exhibits LRA, whose origin is unclear. Therefore, gait
models have evolved a lot in the last decades, especially to reproduce the LRA of
healthy gait and to adapt to other populations. While some models successfully
reproduce different gait pattern, their interpretation might be difficult.

Moreover, we have highlighted the complexity of the analysis of LRA. The existing
methods to assess quantitatively the presence and the strength of the persistence can
produce biased results. To improve the accuracy, it is suggested to use sufficiently
long time series, which is rarely possible in experimental conditions.

The development of a discrete model based on optimal control brought a novel insight
on the origins of the LRA in healthy gait variability. The LRA would be simply due
to a weak control on the strides duration and on the strides length. In contrast, the
control on the velocity is tight and enables a steady gait.

Then, the adaptation of this model to PD patients suggested that the persistence
decline observed in this population is due to a reinforced control strategy set up to
reduce the increased variability. However, the origin of this additional variability re-
mains unclear. Moreover, data are insufficient to drawn any quantitative conclusions.

Finally, the simulations indicate that the APO could help patients to recover healthy
gait patterns, provided that they take into account the orthosis in their motor control.
By acting as a low-pass filter on gait variables, the APO reduces gait variability and
positively acts on the statistical persistence of the strides series. Consequently, gait
is more stable and the risk of falling should decrease. In the future, those promising
predictions will have to be validated on subjects.
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