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Resumen

Caracterizaciones de la marcha en la enfermedad de
Parkinson

La enfermedad de Parkinson (EP) es una enfermedad neurodegenerativa que afecta el sis-

tema de control motor encargado de los movimientos voluntarios del cuerpo humano y las

funciones cognitivas. EP es la segunda enfermedad neurodegenerativa más común despues

de la enfermedad de Alzhaimer con una población mundial aproximada de 6 millones y con

un estimado de 18 millones de personas para el año 2040. Se caracteriza por la muerte de

las neuronas dopaminérgicas en un area conocida como substancia nigra pars compacta, que

afecta directamente la función de los ganglios basales, afectando el sistema de control mo-

tor. Las principales manifestaciones motoras que se presentan debido a EP son bradicinesia,

hipocinesia, alteración del equilibrio y de la marcha. Ademas, la EP afecta la capacidad de

aprendizaje movimientos y de tareas repetitivas. Debido a las limitaciones funcionales de

los movimientos que se presentan durante la progresión de la enfermedad, se han diseñado

tratamientos invasivos (quirúrgicos) y no invasivos (medicamentos) para mejorar la calidad

de vida de los pacientes. Los trastornos motores en la EP muestran una alta variabilidad

interindividual que desaf́ıa las estrategias actuales basadas en la observación en el entorno

cĺınico para determinar la evolución real de la enfermedad y monitorear la respuesta a la

terapia. Diferentes investigaciones han intentado analizar cuantitativamente los patrones de

marcha por métodos lineales enfrentando varias limitaciones debido a la naturaleza no esta-

cionaria de los patrones de marcha. Sin embargo, esa variabilidad contiene patrones ocultos

que no son fácilmente cuantificables en una rutina clinica por su alta complejidad. Debi-

do a que el patrón de marcha podŕıa abordarse como un sistema caótico determinista, es

posible asociar a individuos sanos con un alto comportamiento caótico (complejidad) y las

anormalidades de la marcha presentes en pacientes con EP, se puede asociar con uno menor

(menor complejidad). En el presente trabajo se desarrolló en dos partes. La primera parte

consistió en la caracterización no lineal de la marcha de la EP mediante un análisis caótico

determinista que representa la dinámica temporal de la marcha con un conjunto mı́nimo de

parámetros. Espećıficamente, se obtuvieron parámetros retardo (delay) y dimensión embe-

bida para reconstruir el espacio de fase y sus coeficientes caracteŕısticos, a saber,exponente

Lyapunov, dimensión de correlación y entroṕıa aproximada. Se encontraron diferencias es-

tad́ısticas (p < 0, 05, prueba de Mann-Whitney) para el exponente de Lyapunov y la entroṕıa

aproximada al describir los patrones de marcha de los grupos control y EP. La segunda parte

de este trabajo tuvo como objetivo representar de forma no lineal la cinemática de las extre-

midades inferiores, destacando las diferencias entre los estad́ıos de la EP. Para ello, se incluyó

pose estimation basado en aprendizaje profundo para obtener los puntos de referencia del

cuerpo y sus series temporales y, posteriormente, construir el espacio de fase basado en sus



x

derivadas. Luego se calculó el mayor exponente de Lyapunov, la dimensión de correlación

y la entroṕıa aproximada, dando como resultado diferencias estad́ısticamente significativas

(Prueba de rango Kruskal-Wallis, p < 0,05), particularmente entre los controles sanos y las

etapas 3, la etapa más avanzada, y al comparar el estadio 1 frente al estadio 3. Estos ha-

llazgos brindan información sobre cómo los patrones complejos pueden estar relacionados

con la progresión de la enfermedad en la EP y pueden implementarse fácilmente utilizando

dispositivos de video RGB asequibles.

Palabras clave: Enfermedad de Parkinson, Caos, Exponente de Lyapunov, Sistema

Dinámico, Marcha, Control Motor.
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Abstract

Gait characterizations in Parkinson’s disease

Parkinson’s disease (PD) is a neurodegenerative disease that affects the motor control system

responsible for the voluntary movements of the human body and cognitive functions. PD is

the second most common neurodegenerative disease after Alzheimer’s disease with a world

population of approximately 6 million and an estimated 18 million people by 2040. It is cha-

racterized by the death of dopaminergic neurons in an area known as substantia nigra pars

compacta, which directly affects the function of the basal ganglia, affecting the motor control

system. Motor manifestations include bradykinesia, hypokinesia, balance and gait disturban-

ce. In addition, PD affects the ability to learn movements and repetitive tasks. Due to the

functional limitations of movements that occur during the progression of the disease, in-

vasive (surgical) and non-invasive (medication) treatments have been designed to improve

the quality of life of patients. Motor disorders in PD show high inter-individual variability

that challenges current observation-based strategies in the clinical setting to determine the

current course of the disease and monitor response to therapy. Several researchers have at-

tempted to quantitatively analyze gait patterns by linear methods, facing several limitations

due to the non-stationary nature of gait patterns. However, this variability contains hidden

patterns that are not easily quantifiable in a clinical routine and are highly complex. Because

of the gait pattern could be approached as a deterministic chaotic system, it is possible to

associate healthy individuals with high chaotic behavior and the gait abnormalities present

in PD patients can be associated with decreased chaotic behavior. This work is developed

in two parts. The first part consisted in making a non-linear characterization of the PD gait

by means of a deterministic chaotic analysis that represents the temporal gait dynamics

with a minimum set of parameters. Specifically, embedding and delay dimension parame-

ters were obtained to reconstruct the phase space and its characteristic coefficients, namely

Lyapunov, correlation dimension, and approximate entropy. Statistical differences (p < 0,05,

Mann-Whitney test) were found for the Lyapunov exponent and the approximate entropy

when describing two gait patterns, that is, the control and PD groups. The second part of

this work aimed to represent the kinematics of the lower extremities in a non-linear way,

highlighting the differences between the stages of PD. For this, a widely used deep learning

framework was implemented to obtain the reference points of the body and its time series

and subsequently build the phase space based on the first-order derivatives. The largest

Lyapunov exponent, correlation dimension, and approximate entropy were then calculated,

resulting in statistically significant differences (Kruskal-Wallis rank test, p < 0,05), particu-

larly between the healthy controls and stage 3, the most advanced stage, and compare stage

1 versus stage 3. These findings provide insight into how complex patterns may be related

to disease progression in PD and can be easily implemented using imaging devices like RGB
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video capture. Keywords: Parkinson’s disease, Chaos, Lyapunov exponent, Dynamical

system, Gait, Motor control.
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1 Introduction

1.1. Parkinson’s disease

Parkinson’s disease (PD) is a neurodegenerative disorder that affects the motor control sys-

tem and non-motor functions associated with cognitive alterations [1]. After Alzheimer’s

disease (AD), PD is the second most common neurodegenerative disorder worldwide, with a

affected population of 6 million and an estimation determinates that it will be an increase of

18 million in 2040 [2][3]. Alterations due to this disease include diminished quality of life of

people in elderly age, increasing risk of falls and injuries. Although the manifestations of the

disease are not visible earlier, the disease progression is well-defined by the cardinal features

such as bradykinesia or slowness movement, rigidity, rest tremor, and postural instability [4].

In 1817, James Parkinson’s work “An essay on the Shaking Palsy”, was the first in describing

this neurological syndrome [5]. Subsequent works were carried out based on separating the

disease from other neurological conditions such as Multiple Sclerosis (MS) which has similar

features. Despite to the clinical efforts for discovering therapeutics targets and minimize

the disability, the mortality in PD has increased during the last two decades in populations

among 70 to 85 years, with a mean life from to first diagnosis of 15.3 years [6][7]. Due to

the disability caused by the disease, the economic burden increases significantly because the

cost of diagnosis and treatment in the health system and the high mortality rate compared

to the general population[8]. For this reason, research groups worldwide seek to design clini-

cal trials, surgical and pharmacological treatments to counteract PD effects. Therefore, they

seek to improve the accuracy of the diagnosis and the disease monitoring [9]. To the date, the

Hoehn and Yahr scale (HY) is globally used to assess the PD progression, which is divided

into 5 stages (table 1-1), from mild involvement (stage 1) to severe involvement (stage 5) [10].
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Hoehn and Yahr scale Modified Hoehn and Yahr scale

1: Only unilateral involvement, usually with

minimal or no functional disability.

1.0: Unilateral involvement only.

1.5: Unilateral and axial involvement

2: Bilateral or midline involvement without

impairment of balance.

2.0: Bilateral involvement without impairment

of balance.

2.5: Mild bilateral disease with recovery on

pull test.

3: Bilateral disease: mild to moderate

disability with impaired postural reflexes;

physically independent.

3.0: Mild to moderate bilateral disease; some

postural instability; physically independent.

4: Severely disabling disease; still able to

walk or stand unassisted.

4.0: Severe disability; still able to walk or stand

unassisted.

5: Confinement to bed or wheelchair unless

aided.

5.0: Wheelchair bound or bedridden unless

aided.

Table 1-1: Hoehn and Yahr Scale. Take from Movement Disorders: A Video Atlas 2021

Springer

However, PD diagnosis and monitoring is challenging since it can be confused with other

pathologies that affect the motor control system. In this context, bio-markers have been de-

veloped for the early detection of PD disease such as positron emission tomography (PET)

to detect the accumulation of α-synuclein protein levels in cerebrospinal fluid, cloud compu-

ting to assess voice disorders (dysphonia), phase alterations in Rapid Eye Movement (REM)

[11][12][13]. Furthermore, gait and balance as biomarkers are valuable because they can be

correlated with disease progression, are not expensive, non-invasive and reliable [14]. Gait

and motor profile in PD is outlined below.

1.2. Gait and motor impairments

PD motor impairment is due to the loss dopaminergic neurons in the Substantia-Nigra Pars

compacta (SNpc) located in the Basal Ganglia (BG) [15]. The most common symptoms are

bradykinesia, rigidity, rest tremor, postural instability and gait disturbances [1][16]. Particu-

larly, gait is a repetitive sequence of movements of all limbs, characterized by semi-periodic

movements which requires complex interactions among the neuromuscular, tendon, and os-

teoarticular systems [17][18]. Usually, human gait is described in terms of cycles, a period

between successive heel strikes of the same foot [19][20][21]. This cycle are divided in two

phases: the stance phase that represents the 60 % - 62 % of entire cycle when the both limbs

are in contact on the ground, and the swing phase which ranges from 38 % - 40 % when one

limb are lifted off the ground and the other limb are in contact with the ground (figure 1-1)

[19][20][22].
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Figure 1-1: Phases of the gait cycle. Take from: A Review of Computational Musculoskeletal

Analysis of Human Lower Extremities A. Alamdari, V.N. Krovi, in Human

Modelling for Bio-Inspired Robotics, 2017.

Physical variables such as stride length, cadence, swing time, kinetics and kinematics fea-

tures are usually obtained to describe the gait mechanics and the disability progression in

PD. Typically, gait parameters are assumed to be normally distributed (e.g. identically and

independently distributed) being the average and deviation the usual report. It has shown

that these parameters may be correlated with the impairment in voluntary motor control

becoming in disease’s hallmarks [23][24]. However, meaningful clinical questions remain un-

solved since gait complexity is reduced to a set of uncorrelated observations. In fact, human

gait exhibits complex fluctuations that hides essential control mechanisms that are not easy

quantifiable in a traditional linear analysis [18][25]. In contrast, the gait motor control is a

dynamic complex system showing where different subsystems (sensory, cortical, sub-cortical,

medulary and musculoskeletal) are interacting. A review of this system is summarized as

follows

Gait motor control

Gait control is composed of motor commands generated and executed by the central nervous

system (CNS) and the peripheral nervous system (PNS). This system is highly adaptable

when an individual learn a new movement as the nervous system is damaged as well [26][27].

There are multiple conceptual frameworks to explain how these movements are learned,

generated and optimized. However, the first approach to the PD monitoring relies on how

functional movements are produced being the motor control they key concept. A simple

motor control model consists of sensory input, central processing and the output. Motor

output is constructed by matching sensory inputs namely, proprioceptive, vestibular and

visual, to the internal representation of the body and retrieve a learned pattern (central
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processing) composed of sequential muscle activation and a kinetic chain. Once the central

processing select the most suitable motion sequence, motor commands are sent through of

spinal cord to motor cells or α-motor neurons and toward the muscles by PNS [26][27][28].

This information processing is carried out by sensory and primary motor cortex, pre-motor

cortex, supplementary motor area, cerebellum nucelus , the Thalamus, and basal ganglia.

Particularly, basal ganglia (BG) generate positive feedback on the thalamus, brain cortex

and the brain stem avoiding rigidity and hypokinesia, the default manifestation without this

regulation.

Figure 1-2: Motor components of the basal ganglia . Take from: Neuroscience.Purves D,

Augustine GJ, Fitzpatrick D, Hall W, LaMantia AS, White L. Oxford Univer-

sity sixth edition.

Briefly BG is composed by “several nuclei namely putamen, subthalamic nuclei, caudate nu-

cleus, globus pallidus, substancia nigra (dopaminergic cells)”[26] determining which motor

plan should be execute at any time by positive feedback upon the motor cortex and brain

stem nuclei (figure 1-2) [28]. In addition, other dopamine-dirven neural networks within the

CNS knows as central pattern generator (CPG) and locomotor mesencephalic region (MLR)

produce cyclic and oscillatory flexor/extensor patterns outputs associated to normal move-

ments, even in sensory absence [26][27]. In summary muscular commands results of merged
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BG, CPG, MLR and motor cortex. Despite their oscillatory activation and the periodic-like

behaviour of the gait, motor commands and motor output (kinematics) are variable due to

sensory feedback, sensory noise and motor network redundancy [28]. Surprisingly, therefore,

the variability of movements is a sign of normalcy, but a stereotypical behavior is a sign of

dysfunction [26][27]. The variability may increase when the CNS or PNS are damaged and

the control movement is impaired. For clinicians, this way of assessment would represent an

unique opportunity to differentiate the cause of the problem through motion analysis. From

this point of view, characterizing human gait as a complex a dynamical system may unveil

meaningful patterns with prognostics and predictive value in PD.

Dynamical system

For a long time, several researches have studied the variability of human movement to assess

motor performance in everyday tasks. In a first approach this variability has been assumed

as system noise and modeled by linear models (additive or multiplicative) [29][30]. Linear

system relies on the causality, superimposition (linear combination of the inputs) and time

invariance assumptions. Similarly, normal distribution of the output are commonly accepted.

Thus, linear analysis provides a description of the magnitude of variability by a statistical

moment (e.g. median, deviation) referred to normal distribution. A major limitation for

applying linear analysis upon gait patterns relies on ignoring the interdependence among

gait cycles and the non-linearities herein observed. In fact, the variability of the apparently

“noisy behaviour” results of non-linear interactions that may provide relevant information

regarding the complex systems and motor networks [29][30]. Hence, nonlinear analysis may

provides a way to observe the impaired state of the motor control system and associate it to

the variability of the motor output i.e. joint kinematics [29][30]. In fact, nonlinear dynamics

have been found in complex physical and biological signal, associated to human movements,

brain and heart activity [29][30]. For this reason, researchers have performed gait analysis

using nonlinear dynamical systems theory (fractals, nonlinear systems, chaos) to describe

the biomechanics and human motion of the gait [25][31]. This phenomenon could be studied

by as non-stationary process in the time domain as the evolution of its state-space from a

set of initial conditions as a dynamical system [29][30]. Being so, complex fluctuations can

be described as a set of continuous or discrete functions, which are solved using differential

equations or different numerical methods. 1

1.3. Chaotic behavior of gait

Gait is by nature a non-stationary dynamic system due to the presence of complex fluc-

tuations in human locomotion, observed from time series. In the nature of the human gait,

these time series are apparently random, noisy, unpredictable and furthermore, it hides re-

1Analysis nonlinear dynamical systems (Chaos theory) will be discussed in the next section.
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levant information about the system. However, the irregular fluctuations that appear in the

gait dynamics are not a stochastic system, since they can be determined and described by

the temporal evolution of the system, since parameters and initial conditions [25][32][33].

Therefore, deterministic dynamical systems can describe these functions using differential

equations or numerical methods for continuous or discrete cases respectively, which have

nonlinear characteristics. The nonlinear systems can be studied through the chaos theory

since it belongs to a subset of this area [29]. Chaos theory emerges due to interaction of sim-

ple nonlinear components and is defined as “aperiodic bounded dynamics of a deterministic

system with sensitive dependence on initial conditions” [25][34]. However, it should be noted

that all chaotic systems are nonlinear, but not all systems are chaotic [29][35]. The normal

gait has a high complexity characterized by chaotic behaviour that can be associated with

healthy subjects, and gait’s abnormalities in PD has decreased its chaotic nature associated

to fluctuations random and periodic [29][32][33].

Figure 1-3: Theoretical model of complexity as it relates to health. Take from: Complexity

and Human Gait L.M. Decker a, F. Cignetti a and N. Stergiou.Rev Andal Med

Deporte. 2010;3(1):2-12

The predictability in a chaotic system lies between the periodic system which has high

predictability and the noisy or random system which has low predictability (figure 1-3).

Therefore, complex fluctuations obtained from gait time series, may help to understand the

level of complexity impairment given in PD progression [29][33]. For this reason, researchers



8 1 Introduction

have developed techniques to analyze and quantify complex fluctuations that are present in

nonlinear time series [25][33].

1.4. Chaotic quantification of the gait

The complex fluctuations are present in gait dynamical and they are associated to chaotic

behaviour that can describe the disease progression in their different stages. For this, it is

necessary make reconstructions of the system dynamics represented by state space or phase

space in order to characterize the reconstruction dynamics [25].

1.4.1. Phase space

As mentioned above, the nature of gait implies chaotic behavior because of very complex

fluctuations in gait dynamics. The gait is apparently random (figure 1-4), but actually it is

deterministic in the phase space. This type of representation provides alternative solutions

when the differential equations are impossible to solve.

Figure 1-4: Left knee kinematic gait time series, apparently random and noisy.

A state-space is a representation of the dynamic systems, where the coordinates represents

the values of a specific point of the state of the system [30][33]. These states values, can

be defined a curve (phase trajectory) that representing the time evolution of the system

into the phase space, where the trajectory converge in a subspace of low-dimensional called

attractor (figure 1-5) [33][36][37]. In the gait case, the attractor can gives information of

asymptotic behaviour of the kinematic temporal evolution, joints and so on [33]. Therefore,

a phase space is a representation of relations not visible in the original domain.
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Figure 1-5: Phase space reconstruction. Representation of the time evolution of dynamical

system by left knee. The trayectory into phase space converge in a subspace

called attractor.

Takens’ theorem is used to phase space reconstruction from two parameters: time delay (τ)

and embedding dimension (εd) [38], where a system’s phase space could be described by a

single variable, x(t) and its delayed versions x(t − τ), when the whole set of equations is

unknown [38][39]. Let a time series:

x(t) = (x1, x2 . . . , xN) (1-1)

and its parameter time delay τ , the phase space shows the correlations between time series

original x(t) and their displacement version

x(t− τ) = (x1+τ , . . . , xN+τ ) (1-2)

According to Takens’ theorem, phase space reconstructions can be performed with any time

delay (figure 1-6). However, if the delay τ values x(t) and x(t − τ) are small, the system

does not show appreciable changes in the state and the information obtained will be little

[25][39]. If the delay τ values are large, the values of each state will be almost independent,

so the system loses information about its dynamics [25]. Therefore, it is necessary to find a

suitable delay value that will not cause problems in the reconstruction of the dynamics.
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Figure 1-6: Time delay (τ). Original time series x(t) and its delayed version x(t− τ) by τ

factor.

Time delay

Mutual 
Information

Figure 1-7: First local minimum of the Average Mutual Information (AMI) between x(t)

and its delayed versions x(t− τ).

For this, it is calculated the dependence as the mutual information (MI) I(x(t), x(t−τ)) that

is auto-correlated between x(t) and x(t− τ) by τ factor. To find the best time delay value,

choose the first local minimum of the Average Mutual Information (AMI) [40] between x(t)
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and its delayed versions (figure 1-7), which are associated to the delay τ , and it is estimated

as follows [39][41]:

τ = argmin
τ

N∑
i=1

p (xi, xi+τ ) log2

(
p (xi, xi+τ )

p (xi) p (xi+τ )

)
(1-3)

“In practice the AMI function may not have a local minimum, but may, e.g., be a monoto-

nically decreasing function of τ . Consequently other criteria have been developed, such as

the lowest value of τ for which the AMI function drops below the value 1/e or 0”[41].

Once obtained time delay, it is calculated the smallest number of trajectories not cros-

sing each other into the phase space or called embedding dimension (εd), using False Nea-

rest Neighbors (FNN) method. This means that the embedding dimension is the minimum

number of variables required to form a phase state from times series [29]. Let us defined

[25][29][41]:

Yτ (t) =
(
xt, xt+τ , . . . , xt+(d−1)τ

)
(1-4)

Yτ (t)
∗ =

(
x∗t , x

∗
t+τ , . . . , x

∗
t+(d−1)τ

)
(1-5)

where Yτ (t) is a point d-dimensional and Yτ (t)
∗ is a point nearest neighbor into phase space.

Let a:

R2(d) = || Yτ (t)− Yτ (t)∗ ||22 (1-6)

and r a threshold for pair FNN points Yτ (t) and Yτ (t)
∗

√
R2(d+ 1)−R2(d)

R2(d)
> r (1-7)

Therefore, the embedding dimension εd is equivalent to the smallest value d, when calculating

the distances between the points d and d+ 1 dimensions (figures 1-8 and 1-9). If the value

of r is greater than a threshold, the “neighbor” is considered a false neighbor [29][30].
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Figure 1-8: The points (red) are apparently look like neighbors in a dimension d.

Figure 1-9: The points (red) in the highest dimension d + 1, shows that one of the points

is a false neighbor.
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Although the delay time and embedding dimension are found, this parameters to phase

space reconstruction can produce inaccurate values. The calculation for time delay can be

affected by noisy, because if the sampling frequency of the time series is too high to obtain

more data, the points are strongly correlated and is possible that first minimal local of

MI are not found [29][30]. In the case of the embedding dimension, the noise increases

the percentage of false neighbors, which increases the number of dimensions mistakenly

[29][30]. Alternatively, due to the inaccuracy of the calculated values for the time delay and

the embedding dimension, the phase space reconstruction can be done calculating the first

order derivatives as velocity dx
dt

and acceleration d2x
dt2

provide a description more accurate of

these relationship fundamentals. It is known as the differential phase space or differential

embedding:

x(ti)→
{

(ti),
dx

dt
(ti), ...,

dm−1x

dtm−1
(ti)

}
, (1-8)

where x(ti) is i-th term of the time series and m the derivative order [42][43]. Once the phase

space is constructed, the level of complexity that present the attractor due to the behaviour

chaotic in the gait, it can be used as nonlinear tools to describe the dynamical system.

Chaos descriptors as Largest Lyapunov exponents (LLE), Correlation dimension (CorDim)

and Approximate entropy (ApEn) , can describe the loss information, the sensitivity to the

initial conditions and system’s complexity.

1.4.2. Chaos descriptors

Largest Lyapunov exponent

A way to measure the level of complexity of dynamical system into phase space (for this case

chaotic behaviour) is Largest Lyapunov exponent. LLE characterizes the rate of separation

of infinitesimally nearby the trajectories, where they can converge or diverge (figure 1-10).

Two points of the trajectories Y (t) and Y (t)∗ are choose randomly as initials conditions

within the phase space and then, Euclidean distance is calculated, as [29][30][40]:

D(t) = || Y (t)− Y (t)∗ ||1 (1-9)

The distance D(t) can be expressed as a function of t and λ as follows:

|| Y (t)− Y (t)∗ ||1' Ceλt (1-10)

ln( || Y (t)− Y (t)∗ ||1) ' lnC + λt (1-11)
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where λ is the Lyapunov exponent.

𝑌Τ(𝑡)

𝑌Τ(𝑡)
∗

D(𝑡)

Figure 1-10: Knee kinematic trajectories into phase space. Two trajectories experience ex-

ponential separation.

Then, the largest Lyapunov exponent is then calculated using the slope of the least-squared

line (figure 1-11) defined by ln(D(t)) vs t−1 as follows:

λ =
1

t
〈ln( || Y (t)− Y (t)∗ ||1)〉 (1-12)
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Figure 1-11: LLE is determined by calculating the slope of the plot (red linear fit) of the

average divergence versus expansion step on a log–log plot.

Type of motion Lyapunov exponent

stable fixed point λ < 0

stable limit cycle λ = 0

chaos 0 < λ <∞
noise λ =∞

Table 1-2: Possible types of motion and the corresponding Lyapunov exponents. Take from

Kantz, Holger, and Thomas Schreiber. Nonlinear time series analysis. Vol. 7. pag

68. Cambridge university press, 2004.

If λ > 0, the trajectories have an exponential divergence, i.e, chaos. However, this separation

of the trajectories cannot separate further that the diameter of attractor [29][30][44]. If λ < 0,

trajectories quickly exponentially converge to a stable fixed point [29][30]. If λ = 0, there

is no convergence or divergence of the trajectories, because the trajectories only move away

or toward each other more slowly than exponentially (table 1-2). This appears in a set of

movements with a limit of cycles and it is known as marginally stable [29][30].
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Correlation dimension

Correlation dimension (CorDim) estimates the probability that two points Yi(t) and Yj(t)
∗

in the phase space are close after a distance threshold is set, where Yi(t) and Yj(t)
∗ are

patterns of the kinematic data [29][45]. To calculate the correlation sum C(α), it is calculated

a function of different values of α for N points of vector time series into m-dimensional sphere

(figure 1-12), and it is counted the number of points of attractor into the sphere as follows

[29][33]:

C(α) =
1

N(N − 1)

N∑
i,j=1,i 6=j

Θ(α− ‖Yi(t)− Yj(t)∗‖) (1-13)

Θ =

{
0 if α− ‖Yi(t)− Yj(t)∗‖ < 0

1 if α− ‖Yi(t)− Yj(t)∗‖ ≥ 0
(1-14)

where C(α) is the correlation sum for each α, over all points on attractor and Θ is the

Heaviside step function [29][30][33].

𝑌𝑖(𝑡)

𝑌𝑗 𝑡 ∗

Figure 1-12: A point choosing circumscribed by multiple circles of radius α, where the

number of points is counted within these circles.

The correlation dimension is calculated finding the slope of a log− log between the correlation

sum against the α values (figure 1-13) [29][30][45].
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Figure 1-13: Correlation dimension is determined by calculating the slope of the plot (red

linear fit) of the correlation sum versus α on a log–log plot.

Approximate entropy

Approximate entropy estimates probability observation patterns are not similar [30][46].

ApEn takes points of the time series of length N = x1, x2, ..., xN and is divided into shorts

vectors of length εd, where εd is a pattern window (figure 1-14). Once is divided the length

in shorts vectors, it is counted how many vectors are similar to each other. For example, to

determine whether two vectors are similar respect to a pattern window defined, it is compared

each element of the first vector with the corresponding element in the second vector [29][30].

Therefore, if the differences are below the radius r = || Y (i) − Y (j)∗ ||1 of the entire time

series, with Yi(t) and Y (j)∗ points into phase space, can be considered as similar.“If the r

value is too small, then the counts are thrown off because similar data points are not seen

as similar. If r is too large, then details of the system dynamics are lost”[29]. This process

is repeated, but now with pattern window of length εd + 1 [29]. The indicator function, Ni

is computed as:

Ni =
N∑

i,j=1,i 6=j

1(‖Yi(t)− Yj(t))‖1 < 0,2 ∗ var(x(t))) (1-15)
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where (‖Yi(t)− Yj(t))‖1 is not higher than 0,2 times the variance of the time series x(t) [47].

Figure 1-14: Time series of length N , where its compare the similarity between two sections

of N by a pattern window εd.

Finally, approximate entropy is estimated by the difference between φεd − φεd+1 (Eqn.3-9)

φεd =
1

N − εd + 1

N∑
i=1

log(Ni) (1-16)

EntApprox = φεd − φεd+1 (1-17)

where φεd and φεd+1 are the functions to compare the different counts for each length εd and

εd + 1. If φεd − φεd+1 value is approximately zero, the time series is repeatable (for example

the sin function). However, if φεd − φεd+1 is positive when the time series are apparently

randomness.

1.5. Contribution

The main contribution of this study is a novel characterization of the Parkinson disease by

non-linearly representing of the temporal gait dynamics in a phase space which allow make

objective measurements of the disease progression. This work used two ways to explore the

differences among the different disease stages:

The presented method captures the non-linear structure of gait and serves to discri-

minate between Parkinson’s and healthy patterns by manually tracking of the main

joints of the lower limbs. The method starts by reconstructing a phase space from the

gait data and a chaotic analysis estimates delay and embedding dimension parameters

from which main gait descriptors are obtained.
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The method was applies a deep learning framework to track body joints in a 2D

video and the resultant time series are stored to find differences among the disease

stages. Since the human gait is a semi-periodic and mechanically constrained to a

dynamic system, position, velocity and acceleration describe the system and configure

a phase space. This phase plane is constructed by computing the first and second order

derivatives of the kinematics times series.

The advantage of characterizing the progression of Parkinson’s disease from gait dynamics

is that this method could be used as an alternative tool for clinicians to help assess the level

of motor control impairment caused by the disease. This method is easy to implement and

interpret, at low cost.
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Characterizing the gait dynamic by
estimating Lyapunov exponents on

gait kinematic trajectories in
Parkinson’s Disease

Presented on the 15th International Seminar on Medical Information Processing and Analy-

sis SIPAIM 2019, Medellin Colombia, November 2019

Observation of Gait patterns is the available evaluation in clinical routine of the motor

manifestations in Parkinson’s Disease (PD). Lately, different investigations have attempted

to quantitatively analyze gait patterns by linear methods facing several limitations since the

non-stationary nature of the gait patterns. This study presents a non-linear characterization

of the Parkinson’s disease gait by a deterministic chaotic analysis which represents the tem-

poral gait dynamics with a minimum set of parameters. Specifically, delay and embedding

dimension parameters were obtained for reconstructing the phase space and its characteristic

coefficients, namely Lyapunov, correlation dimension, and approximate entropy. Statistical

differences (p < 0,05, Mann-Whitney test) were found for the Lyapunov exponent and the

approximated entropy when describing two gait patterns, i.e., control and PD groups.

2.1. Introduction

Parkinson’s disease (PD) is the second most common neurodegenerative disorder after Alzhei-

mer’s disease increasing the social and economic burden in societies with a high aging rate

[48]. Its anatomopathological process involves the progressive loss of dopaminergic neurons

of the mesencephalic black substance pars compacta (SNpc), as well as the presence of in-

tracellular inclusions called Lewy bodies [49]. PD is clinically characterized by akinesia or

slowness of movement, rest tremor and rigidity [49], including gait disturbances. Slow and

shuffling gait with shortened stride length are thus, the main hallmarks of parkisonian gait

maintaining normal cadence in most of the cases [50]. In this context, gait analyses and

functional scores have been used as a part of routine clinical test for the assessment of the

motor performance [32] and the disease progression such as 2 minute walk test, up-and-go
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test, 180-degree U-turn test, and the The Unified Parkinson’s Disease Rating scale (UPDRS)

[51][52]. However, many studies have suggested that the course of PD is not linear being the

rate of deterioration highly variable and faster in the early phase of the disease, specially

in PD patients with gait abnormalities [52][53]. Hence, different studies have been aimed to

quantitatively analyze the PD, including in most of the cases, linear analysis models on gait

times series. These models have several limitations for capturing the non-stationary of the

gait. Because linear methods are based on superposition principle, they assume that small

changes in the gait cycles result in small long-term effects on gait pattern [30]. Thus, several

quantitative gait assessments in PD do not take into account the non-linear dynamic of the

gait patterns reducing its analysis to descriptive statistics. In contrast, some studies have

highlighted the chaotic behaviour of the gait time series as a marker the normal and abnor-

mal movement [32][54]. The term chaos herein used, describes an apparently unpredictable

behaviour whose long-term evolution can be determined by its phase space reconstruction,

given a particular set of initial conditions [55]. In this sense, gait pattern must be unders-

tood like a chaotic process whose states are determined by non linear descriptors [54][56].

Previous research has shown this chaotic dynamic on different biomedical signals such as

motion records including gait and eye movement [57][58], using several characteristic coeffi-

cients such as largest Lyapunov exponent, correlation dimension and approximate entropy

[57]. Although some research have been conducted on chaotic gait analysis in PD gait pat-

terns [32], the results have not been extended to clinical setting, since most of them included

small population and few gait data. In this sense, exploratory studies are required for an

accurate quantitative characterization of PD gait.

The main contribution of this study is a characterization of the PD patterns by a determinis-

tic chaotic analysis of the kinematic gait times series. Unlike other gait analyses, the method

herein presented captures the non linear structure of the gait and serves to discriminate Par-

kinson and healthy patterns. The method starts by reconstructing a phase space from the

gait data and a chaotic analysis estimates delay and embedding dimension parameters from

which main gait descriptors are obtained, namely the largest Lyapunov exponent, correlation

dimension and approximate entropy.

2.2. Methods

2.2.1. Data set

This exploratory analysis was conducted in a video database from CIM@LAB (Computer

Imaging and Medical Applications Laboratory) at the Universidad Nacional de Colombia.

Database included 14 subjects, distributed in 7 PD patients and 7 control subjects recruited

by free consent and under ethical approval of a certificated committee. They showed a low

fall risk during balance and functional performance screening. Each subject, freely walking

under uncontrolled conditions, was recorded by a single lateral camera at 24 and 60 frames
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per second. Subjects were asked to maintain 5 meters walkway during 1 minute, completing

between 25-30 gait cycles at their normal walking speed. Body-Attached marker protocol

was implemented according to the industry standard ‘plug-in-gait full body’ marker set[59].

Group Male Female Age: years (mean± std) Height: meters (mean± std)

Control 4 3 60.85±9.59 1.68±0.09

Stage 2 2 2 53±10.29 1.6±0.09

Stage 3 2 1 67.33±2.08 1.53±0.05

Table 2-1: Participants

Lower limb kinematic data (hip and knee) were extracted from body marker references using

Kinovea. Once the time series were obtained, right and left limbs were separately analyzed

by the chaos descriptors taking into account each frequency sample of the video.

2.2.2. Chaotic gait approximation

Chaos may be though of as an apparently random dynamics of a set of observations in

the time domain, which actually follow deterministic patterns that are made evident when

the phase space is constructed. In such space, trajectories determinedly evolve towards a

particular subspace or attractor of the system [55]. This kind of processes has been identi-

fied in several biomedical signals like electroencephalogram or arterial blood flow patterns

by computing their Lyapunov exponent and correlation dimension [57][60][61][62]. Likewise,

gait has been reported to follow sort of chaotic rules in both young and healthy elder peo-

ple, interestingly a phenomenon characterized using a unique parameter, i.e., the Lyapunov

exponent [57][63][64]. In consequence, it turns appealing to get a gait characterization with

a single descriptor. Specifically, kinematic time series x(t) were herein analyzed in the phase

space X φ
t (τ, εd), using the above-mentioned chaos descriptors and PD motor alterations were

characterized.

2.2.3. Construction of the phase space: time delay and the

embedding dimension

A phase space should represent fundamental relations between system variables. Takens theo-

rem [38] claims that a system phase space could be described by a single variable, x(t) and its

delayed versions x(t− τ), when the whole set of equations is unknown. For an N -dimension

time series x(t) = (x1, . . . , xN), and its delay parameter τ , the phase space X φ
t represents

the correlations between x(t) and the time-delayed versions x(t−τ) = (x1+τ , . . . , xN+τ ) of x.

The first local minimum of the Mean Mutual Information [40] between x(t) and its delayed
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versions, is associated to the delay T , estimated as follows:

T = argmin
τ

N∑
i=1

p (xi, xi+τ ) log2

(
p (xi, xi+τ )

p (xi) p (xi+τ )

)
(2-1)

A number of delayed time series may be then determined by multiples of the T parameter,

x(t−mT ) , being m a non negative integer value. The smallest number of delayed-time series

required to reconstruct the phase space X φ
t , including the original time series x(t), is known as

the embedding dimension εd, herein determined by the False Nearest Neighbors (FNN) [65].

Let us define YT (t) =
(
xt, xt+T , . . . , xt+(d−1)T

)
a point within the d-dimensional phase space

and YT (t)∗ =
(
x∗t , x

∗
t+T , . . . , x

∗
t+(d−1)T

)
its nearest neighbor, R2(d) = || YT (t)−YT (t)∗ ||22 and

the regularizer value r of the pair of FNN points a lower bound as:

√
R2(d+ 1)−R2(d)

R2(d)
> r (2-2)

Hence, the embedding dimension εd is equivalent to the smallest d value that generates a

minimal number of FNN points in the phase space. Once the phase space is constructed, th-

ree main statistical invariants can be introduced to analyze the chaos properties, such as the

Lyapunov exponent and the entropy and attractor dimension measurements. Those descrip-

tors have been useful for assessing the sensitivity to the initial conditions, the information

loss and the system complexity respectively [55].

2.2.4. Largest Lyapunov exponent

Largest Lyapunov exponent(λ) characterizes the separation of infinitesimally nearby tra-

jectories in the X φ
t (T , εd) phase space. Once the delay parameter T and the embedding

dimension εd are estimated, the exponential separation rate between d-dimensional points

can be expressed as D(t) = || YT (t)− YT (t)∗ ||1. This can also be expressed as a function of

t and λ as D(t) = Ceλt (Eqn. 3-2 and Eqn. 3-3), as follows [40]:

|| YT (t)− YT (t)∗ ||1' Ceλt (2-3)

ln( || YT (t)− YT (t)∗ ||1) ' lnC + λt (2-4)

The largest Lyapunov exponent is then calculated using the slope of the least-squares line

defined by ln(D(t)) vs t−1 as follows:

λ =
1

t
〈ln( || YT (t)− YT (t)∗ ||1)〉 (2-5)
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If λ > 0, the system is defined as chaotic [44]. Conversely, when λ < 0 the system converges

to a fixed point in the phase space. Thus, Rosenstein algorithm [40] has been the most used

implementation for this computation, providing a robust calculus for short and noisy time

series.

2.2.5. Correlation dimension and approximate entropy

Correlation dimension estimates the probability that two points Yi(t) and Yj(t)
∗ in the

phase space are close after a distance threshold is set. In contrast, approximate entropy is

the likelihood that observation patterns are not similar [30][46]. These two descriptors were

estimated for the same X φ
t (τ, εd) phase space. A mathematical description was included in

the Appendix 3.5. Chaos descriptors, in sections 3.2.6, 3.2.7, were calculated in MATLAB

2018b (Mathworks, Natick, Massachusetts, USA).

2.2.6. Statistical analysis

Since the current data showed a non-normal distribution, Mann-Whitney statistical test

(MW) was used to evaluate statistical differences under a significance level of p < 0,05, in

order to differentiate the Control and Parkinson group.

2.3. Results

A main aim of the present investigation was to characterize the gait with a minimum number

of parameters, searching basically a sparse interpretation of the gait kinematic temporal se-

ries for each of the herein explored groups: Control and PD. Fig. 3-4 shows the reconstructed

phase space from one participant of each experimental group, with associated delay (T = 10

and embedded dimension εd = 3) for the control subject, while the PD patient had (T = 7

and εd = 3). The found values for these parameters reflect actual differences of gait patterns

in these two conditions. Since Parkinson’s disease is characterized by reduced movements

(hipokinesia), its attractor showed a smaller value when comparing with the control subject.

As observed, the cycles defined by these two conditions follow very different patterns for

both the hip and the knee, indicating this complex dynamics could be summarized. The-

se qualitative differences were also tested by extending the analysis to quantitative chaos

descriptors aforementioned in section 3.2.6. Mean and dispersion values of chaos descriptors

for hip kinematics are presented in Tab. 2-2, and statistically significant differences were

found between groups for both Lyapunov exponent and approximate entropy. Higher Lya-

punov exponent values were found in healthy, evidencing the higher variability in the gait

pattern of control subjects. Likewise, Tab. 2-3 shows similar results for knee kinematic data,

being the Lyapunov exponent in control group higher than PD. Statistical differences were

again found. Previous investigations have reported chaotic patterns associated with healthy
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central nervous systems [32], in agreement with our current results. In contrast, correlation

dimension was not different in both groups.

Figure 2-1: Right lower limb

Figure 2-2: Left lower limb

Figure 2-3: Qualitative results: Typical phase space reconstruction for a PD subject and

a control subject from kinematic time series: right (1a) and left (1b) sides.

For each, the phase parameters were: Parkinson (T = 7, εd = 3) and Control

subjects (T = 10, εd = 3).
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Largest Lyapunov

exponents

Approximate

entropy

Correlation

dimension

mean SD p mean SD p mean SD p

Hip

(L)

Control 11.88 1.58
< 0,01

0.55 0.07
< 0,01

2.63 1.08
0.62

PD 4.6 0.81 0.31 0.1 2.51 0.63

Hip

(R)

Control 10.52 2.39
< 0,01

0.59 0.06
< 0,01

3.15 0.27
0.53

PD 5.13 1.03 0.3 0.09 3.42 0.84

Table 2-2: Hip kinematic analysis in left(L) and right(R) limbs.

Largest Lyapunov

exponents

Approximate

entropy

Correlation

dimension

mean SD p mean SD p mean SD p

Knee

(L)

Control 12.37 2.43
< 0,01

0.58 0.1
< 0,01

2.58 0.33
0.53

PD 4.78 1.94 0.39 0.15 2.66 0.52

Knee

(R)

Control 12.18 2.21
< 0,01

0.59 0.06
0,053∗

2.26 0.72
0.71

PD 5.28 1.40 0.29 0.09 2.68 0.85

Table 2-3: Knee kinematic analysis in left(L) and right(R) limbs.(*) indicates marginal

significance.

2.4. Discussion

The deterioration of the neuronal structures yielded by movement disorders are complex

showing different chaotic patterns [50][66]. Different studies have been done to quantify the

chaotic disturbances that occur in gait. Kinematic time series may be chosen as input for

state space reconstruction [63]. Likewise, the chaotic nature of the motor output has been

also addressed by a physiologically model of stride interval of the gait [32]. This model

indicated that stride interval is chaotic in healthy subject, but this chaotic nature changed

towards a stochastic behaviour in PD states [32]. Furthermore, there are evidences show that

fractal behaviour is seen in gait of healthy participants but it is reduced in PD gait [50]. Our

purpose, was to calculate the chaos descriptors on gait kinematic temporal series (hip and

knee). We also found a higher chaotic behaviour in PD in agreement with previous research

[67]. However, there are several limitation in the current work, since the small sample and

the short time series.
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2.5. Conclusions

A novel gait characterization of parkinsonian gait patterns was presented. Phase space re-

construction from kinematic patterns qualitatively highlighted the chaotic gait patterns in

both groups. Furthermore, the largest Lyapunov exponent and the approximated entropy

can be used as descriptors of the motor impairment for differentiating PD and healthy gait.

Whether the current methodology is able to accurately describe or predict the PD progres-

sion, must be tested in future research. Finally, this kind of biomarkers is easily interpretable

and integrable with medical practices, improving the current predominance of observational

motor assessments.

2.6. Appendix - Math definitions

2.6.1. Correlation dimension

Correlation dimension estimates the probability that two points Yi(t) and Yj(t)
∗ within the

phase space are close according to a distance threshold α. First, the correlation sum C(α)

is calculated as a function of α for N points in X φ
t (τ, εd) as follows [45]:

C(α) =
1

N(N − 1)

N∑
i,j=1,i 6=j

Θ(α− ‖Yi(t)− Yj(t)∗‖) (2-6)

Θ =

{
0 if α− ‖Yi(t)− Yj(t)∗‖ < 0

1 if α− ‖Yi(t)− Yj(t)∗‖ ≥ 0
(2-7)

Where Θ (Eqn. 3-6) is the Heaviside step function. Thus, the slope of the log(C(α)) vs log(α)

determines the correlation dimension value, a quantity directly proportional to the level of

chaos in the system and to the space occupied by the trajectories into X φ
t (τ, εd) [45][68].

2.6.2. Approximate entropy

Approximate entropy reflects the likelihood that observation patterns are not similar [30][46].

First, it was estimated the number of points Yj(t) of the above-mentioned phase space of N

points and εd dimensions, with a distance respect to a Yi(t) point, || Y (i)− Y (j)∗ ||1, is not

higher than 0,2 times the variance of the original time series x(t) [47]. This value is denoted

as Ni. Being 1 the indicator function, Ni is computed as:

Ni =
N∑

i,j=1,i 6=j

1(‖Yi(t)− Yj(t))‖1 < 0,2 ∗ var(x(t)) (2-8)
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An φεd parameter is then calculated as the sum of the logarithms for all Ni values, divided

in N − εd + 1 (Eqn. 3-8). The same computation for a X φ
t (τ, εd + 1) phase space is repeated.

Finally, approximate entropy is estimated by the difference between φεd − φεd+1 (Eqn.3-9)

φεd =
1

N − εd + 1

N∑
i=1

log(Ni) (2-9)

EntApprox = φεd − φεd+1 (2-10)
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Characterizing Parkinson’s disease
from gait dynamics using chaos

descriptors

As presented on the 17th International Seminar on Medical Information Proces-

sing and Analysis SIPAIM 2021, Campinas Brasil, November 2021.

Motor disorders in Parkinson’s Disease (PD) show high inter-individual variability which

challenges the current observational-based strategies in the clinical setting to determine the

actual disease evolution and monitoring the therapy response. In spite the recent development

of the motion capture technology, it is still hardly transferable to the routine exam and the

non-linear disease patterns are poorly explored. Because gait pattern could be approached as

deterministic chaotic system, this work aimed to non-linearly represent lower limb kinematic

standing out the differences among PD stages. For doing so, a widely used deep learning

framework was implemented for obtaining the body landmarks and their temporal series and

thereafter, construing the phase space based on the first order derivatives. Largest Lyapunov

exponent, correlation dimension and approximate entropy were then computed resulting in

statistically significant differences (Kruskal-Wallis rank test, p < 0,05), particularly between

healthy controls and stages 3, the most advanced stage, and comparing stage 1 face to stage 3.

These findings provide insights on how the complex patterns may be related with the disease

progression in PD and easily implemented using affordable video devices.

3.1. Introduction

Parkinson’s disease (PD) is a neurodegenerative disorder typically characterized by akinesia

or slowness of the movement, rest tremor, rigidity, and gait disturbances [69][70], due to the

loss of dopaminergic cells in the substantia nigra and a subsequent basal ganglia dysfun-

ction [71]. Currently, the monitoring of the disease progression relies on observational-based

screening as the the Parkinson’s disease rating scale (UPDRS) and the neurologist expertise.
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Nevertheless, the evolution motor disorder in PD are highly variable among patients being

the actual disease status commonly underestimated by the clinical exam [24]. Particularly,

gait disturbances are hardly quantified in clinical settings since these involve complex multi-

level interactions between the neuromuscular and musculoskeletal systems leading to reduced

step length and joint of motion and increased inter-limb asymmetries [72]. Moreover, main

spatio-temporal gait variables i.e, stride interval, step length and cadence, are commonly

reported as an average value in places where sophisticated devices for motion capture are

available. In this context, a previous research has found cadence, stride and stance duration

as the most discriminating gait variables between the early PD stage and unaffected subjects

using a marker-based tracking strategy [73]. However, gait dynamics is characterized by an

apparently irregular or chaotic behaviour that hides essential or deterministic patterns not

easily quantifiable by the average and similar statistics [18], which suggest that non linear

approaches are needed. Particularly, double pendulum models have provided the first in-

sights about the chaotic behaviour of the gait, a phenomenon that may be associated to

the dynamics of the neuromuscular subsystem [33]. Consequently, non-linear dynamics has

been explored to distinguish between PD and healthy patterns when the gait times series are

mapped to the phase space [39] (a previous study of ours) and clustered using Gaussian mix-

ture models [74]. However, what extent these approaches may capture patterns associated

with PD progression has not been sufficiently explored. Summarizing, a gait based staging

and monitoring in PD urgently demand of robust data representation and reliable metrics

reducing the current dependency on expensive equipment.

A main contribution of this study is a novel characterization of the Parkinson disease by

non linearly representing the temporal gait dynamics in a phase space which facilitates ob-

jective measurements of the disease progression. Briefly, the method applies a deep learning

framework to track body joints in a 2D video and the resultant time series are stored for

later analysis. Since the human gait is a semi-periodic and mechanically constrained dyna-

mic system, position, velocity and acceleration describe the system and configure a phase

space. This phase plane is constructed by computing the first and second order derivatives

of the kinematics times series. As the gait dynamic is chaotic and non-linear by nature,

largest Lyapunov exponents (LLE), the correlation dimension (CorDim), and the approxi-

mate entropy (ApEn) were calculated to characterize abnormal spatio-temporal patterns in

a set of patients with different degrees of the disease. This article is organized as follows:

first the whole framework is explained, followed of the description of the experimental set

up. Finally, qualitative and quantitative results are presented ending up with discussion and

some conclusions.

3.2. Methods

As gait abnormalities are not easily quantifiable for PD stages in clinical scenarios, spatiotem-

poral patterns are computed in gait cycles using video recordings. Firstly, body landmarks
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were first tracked for a set of gait recordings using a deep learning strategy [75]. Velocity

and acceleration were then calculated from the resulting kinematics times series and used as

dimensions of a phase space. Finally, the respective non-linear descriptors of the system are

obtained for comparing disease stages.

3.2.1. Data set

This analysis was conducted with the CIM@LAB (Computer Imaging and Medical Applica-

tions Laboratory) video database at the National University of Colombia, constituted by 18

PD patients and 20 control subjects, enrolled under ethical approval of a certified committee.

PD patients were categorized based on UPDRS scale being this applied by trained personal.

Each participant walked at normal speed along a 4-meter walkway during two minutes, com-

pleting between 25 to 30 gait cycles. Motion in lateral view was recorded by a single RGB

camera at 24 in some patients and 60 frames per second in the remaining data set, being the

resulting videos up-sampled and down-sampled respectively to 50 frames per second using

single interpolation and random sub-sampling.

Group Male Female Age: years(mean±std) Height: meters(mean±std)

Control 11 9 60.95 ± 8.22 1.65 ± 0.008

Stage 1 5 1 61.35 ± 8.93 1.63 ± 0.09

Stage 2 2 1 63.2 ± 10.88 1.61 ± 0.12

Stage 3 5 4 61.06 ± 9.23 1.63 ± 0.09

Table 3-1: Participants

3.2.2. Body landmarks detection

Openpose is a widely used deep learning framework that detects a set of body landmarks

[75], trained with annotated databases of common daily activities, i.e., the common Objects

in Context (COCO) and Human Pose Dataset (MPII) [76][77]. This network is composed

of 7 convolutional layers applied in two stages estimating both, a vector field that encodes

limb orientation, the Part Affinity Fields (PAFs), and the body parts as a confidence map,

resulting in a set of 25 keypoint candidates. As the keypoint candidates must be associated

to specific body segments, the network aligns the estimated PAFs with a model of body

segments [75], and each of the body landmarks is labeled and retrieved as shown in figure

3-1.
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Figure 3-1: Openpose landmarks. Showing from left to right: control subject, PD stage 1,

PD stage 2 and PD stage 3. Key points are retrieved as 2D coordinates in the

image domain

3.2.3. Pre-processing and kinematic reconstruction

Since lower limbs are prone to self-occlusion when applying a single lateral view of the gait,

their respective keypoints may be missed for certain parts of the gait cycle. Therefore, the

miss-located coordinates were manually detected and linearly interpolated using an open

source tool with a MATLAB interface [78]. Afterwards, angles with respect to the vertical

of the hip, knee and ankle were calculated at each time point, using 3 consecutive key points

given by arctan (θ), and producing the time series of the joint motion [17]. Since the keypoint

estimation is also prone to small oscillations (jitter [79]), a Savitzky-Golay smoothing, a

2-order polynomial least-squares fitting, was applied to a sliding window of 15 samples [80].

Resulting times series were characterized using a deterministic chaotic approach

3.2.4. Chaotic gait approximation

Chaotic systems have been widely observed in several biomedical signals like electroencepha-

logram or arterial blood flow [57][60][61][62]. Human gait shows a chaotic dynamics that

involves complex and non-linear interactions between neuromuscular and musculoskeletal

systems. Usually, chaos is associated with a unpredictable dynamics. While a chaotic system

is highly dependent on the initial conditions, its behaviour is deterministic and bounded in

the phase space [29]. This essential feature of the human motion have been found disrupted

in PD gait which may be associated to the motor network impairment [18][32]. Therefore,

this kind of non-linear approach could be highly sensitive to the disease progression as neu-

ron and network damage progresses. Since gait is a quasi-periodic pattern and is subject

to mechanical and physiological constraints, the solution of the associated equations can be

bounded to a compact space or attractor. A previous research has demonstrated that non-

linear descriptors can be properly implemented even in a extremely short data set (e.g. 200

samples) when the right parameters are chosen and considering that it is difficult to acquire

large time series from human walking [81]. Furthermore, a chaotic approximation captures

complex behavior using few coefficients that typically describe the phase space trajectories
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as it will be herein demonstrated.

3.2.5. Construction of the phase space

A phase space is a representation of relations not visible in the original domain. The pha-

se space is usually determined by the local minimal of the Mutual information between

time-delayed versions of the original kinematic times series and the smallest number of di-

mensions for reconstructing an attractor with not crossing trajectories [65]. Nevertheless,

this method depends on the delay computation which may be quite inaccurate for many

time series [42]. Alternatively, the first order derivatives dx
dt

such as velocity and acceleration
d2x
dt2

provide an equivalent and more accurate description of such fundamental relationships,

an approximation known as the differential phase space or differential embedding as follows

[42][43]:

x(ti)→
{

(ti),
dx

dt
(ti), ...,

dm−1x

dtm−1
(ti)

}
. (3-1)

x(ti) is i-th term of the time series and m the derivative order. Once the phase space is cons-

tructed, the trajectories form regular but no identical loops known as attractor, a hallmark of

the non-linear dynamics. A comprehensive description of this phenomenon is provided by se-

veral descriptors like Lyapunov exponent, Correlation Dimension and Approximate entropy

which are further explained below.

3.2.6. Largest Lyapunov exponent

The level of complexity is measured by the rate of convergence or divergence of nearby

trajectories within the attractor. One way of measuring this is by using Lyapunov exponent

(λ), a description of the infinitesimal separation among nearby trajectories in the phase

space, read as D(t) = || Y (t) − Y (t)∗ ||1, where Y (t) and Y (t)∗ are points on trajectories

inside the phase space. This can also be expressed as a function of t and λ as D(t) = Ceλt

(Eqn. 3-2 and Eqn. 3-3), as follows[40]:

|| Y (t)− Y (t)∗ ||1' Ceλt (3-2)

ln( || Y (t)− Y (t)∗ ||1) ' lnC + λt (3-3)

The largest Lyapunov exponent is then calculated using the slope of the least-squared line

defined by ln(D(t)) vs t−1 as follows:

λ =
1

t
〈ln( || Y (t)− Y (t)∗ ||1)〉 (3-4)
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Typically, this computation provides and a set of coefficients known as the Lyapunov expo-

nent spectrum. Obtained attractor related to the solution of a set of nonlinear differential

equation is defined as chaotic if presents at least one positive Lyapunov exponent λ > 0

[44][29]. If λ < 0, the trajectories will have exponentially fast convergence [29]. If λ = 0,

there is neither convergence nor divergence of the trajectories [29].

3.2.7. Correlation dimension and approximate entropy

Correlation dimension (CorDim) estimates the probability that two points Yi(t) and Yj(t)
∗ in

the phase space are close after a distance threshold is set. In contrast, approximate entropy

(ApEn) is the probability observation patterns are not similar [30][46]. Chaos descriptors, in

sections 3.2.6, 3.2.7, were calculated in MATLAB 2020a (Mathworks, Natick, Massachusetts,

USA).

3.2.8. Statistical analysis

Since the computed descriptors showed non-normal distribution and several disease stages

are simultaneously compared, multi variable non-parametric statistical test (Kruskal-Wallis

which relies on the ranks of the data and the chi-square (χ2) statistic) and pos-hoc analysis

was applied to evaluate statistical differences between control and Parkinson groups under

a significance level of p < 0,05.

3.3. Results

A non linear characterization of the lower limb gait kinematic in PD was performed by a

quantitative measure of the disease stages. Globally, λ parameter was set greater than zero

in all groups (figure 3-4 and 3-7) and the phase space trajectories formed distinguishable

and non overlapping attractor, which suggests the chaotic nature of the phenomenon [44]. In

spite of this observation is extremely difficult, under the current experimental conditions, to

be completely sure that the widespread assumptions related to chaotic dynamics are being

fulfilled e.g. to guarantee infinitesimal perturbations between time points at the fixed fre-

quency sampling. Moreover, it is so difficult to state that every trial of a patient’s gait comes

from a deterministic model in which an actual chaotic attractor is observed since neuro-

muscular control may introduce additional non-linearity as opposed to a simply mechanical

model. Therefore, current results must be carefully interpreted.
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Figure 3-2: Right Hip

Figure 3-3: Right Hip

Figure 3-4: Typical phase space reconstruction for different disease stages from hip kine-

matic time series.
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Figure 3-5: Right Knee

Figure 3-6: Right Knee

Figure 3-7: Typical phase space reconstruction for different disease stages from knee kine-

matic time series.



3.3 Results 37

** **

Figure 3-8: Left Hip

**
**

Figure 3-9: Right Hip

**
**

Figure 3-10: Right Knee

Figure 3-11: Statistically significant differences are signed as ** after pos hoc analysis is

performed
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Statistical test results were summarized only presenting the chaos descriptors that showed

significant differences among PD stages.

Qualitatively, the phase space derived from hip kinematics showed a characteristic ellipsoidal

attractor with no single path, consistent with its quasi-periodic motion and the joint me-

chanical restrictions. Consequently, these trajectories look similar among groups as shown

in figures 3-2 and 3-3, where some differences can be observed in the average λ and ApEn.

Multi-class statistical test showed that λ and ApEn coefficients comes from different distri-

butions (figure 3-8 and 3-9 with χ2 probability of 0,002 and 0,03 respectively) being the

difference for the stage 3 when compared to stage 1 statistically significant in the post-hoc

contrast. However, no differences were found w.r.t. states 2 and 3. These results suggest

hip mechanisms are affected in most advanced stages since the clinical stages 2 and 3 are

similarly compromised.

As in the hip joint, mapping knee kinematic temporal series to the phase space results in a

well-defined attractor where a small loop of trajectories in the upper-left are circumscribed

within a larger loop, suggesting two mechanically constrained phases of the knee joint during

gait cycle (figure 3-5 and 3-6). Similarly, λ coefficient was greater than zero in all cases for

the knee data. Unlike hip dynamics, knee patterns appear quite different in stage 3 (figure 3-6

at left). Nevertheless, observation showed significant differences for ApEn among PD stages

(χ2 probability of 0,002 ). Pos-hoc contrast confirmed statistical differences between control

group and stage 3, and between stage 1 and stage 3, which are reasonable observations from

a clinical point of view (figure 3-10). As in the hip characterization, no differences between

stage 1 and control group. Therefore, knee dynamics is mainly affected in the last stages of

PD. Summarizing the current results, lower limb dynamics was characterized by a chaotic

pattern in all PD groups and healthy controls, being the last stages the ones exhibiting large

coefficients while no findings were observed in early stages.

3.4. Conclusions

This work aimed to characterize PD stages by non linearly representing the gait dynamics,

using a deep learning-based pose estimation framework. Chaotic patterns were bilaterally

found in the phase space derived from the lower limb kinematics in PD and control, highligh-

ting the gait hidden and deterministic dynamics. As the three non-linear parameters namely,

λ, ApEn and CorDim were found to be higher in the last stages of disease and similar to

healthy controls in the first stage, this representation of the gait data might distinguish

complex patterns associated with the disease progression, a desirable tool for monitoring the

actual disease status and the therapy response. Since chaotic system assumptions may not

be fully met in the current experimental conditions, results must be carefully interpreted.

Alternatively, deviations from a periodic behaviour could be addressed as a more general

stochastic process to overcome some of these limitations. Finally, being the current metho-

dology cost affordable an easily implementable, it could be tested in a large cohort of PD
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patients for establishing the gait pattern as robust PD biomarker.

3.5. Appendix-Math definitions

3.5.1. Correlation dimension

Correlation dimension estimates the probability two points Yi(t) and Yj(t)
∗ within the pha-

se space are close according to a distance threshold α. First, the correlation sum C(α) is

calculated as a function of α for N points in the phase space as follows [45]:

C(α) =
1

N(N − 1)

N∑
i,j=1,i 6=j

Θ(α− ‖Yi(t)− Yj(t)∗‖) (3-5)

Θ =

{
0 if α− ‖Yi(t)− Yj(t)∗‖ < 0

1 if α− ‖Yi(t)− Yj(t)∗‖ ≥ 0
(3-6)

Where Θ (Eqn. 3-6) is the Heaviside step function. Thus, the slope of the log(C(α)) vs log(α)

determines the correlation dimension value, a quantity directly proportional to the level of

chaos in the system and to the space occupied by the trajectories into phase space.

3.5.2. Approximate entropy

Approximate entropy estimates probability observation patterns are not similar[30][46]. First,

it was estimated the number of points Yj(t) of the above-mentioned phase space of N points

and εd dimensions, with a distance respect to a Yi(t) point, || Y (i)− Y (j)∗ ||1, is not higher

than 0,2 times the variance of the time series x(t) [47]. This value is denoted as Ni. Being 1

the indicator function, Ni is computed as:

Ni =
N∑

i,j=1,i 6=j

1(‖Yi(t)− Yj(t))‖1 < 0,2 ∗ var(x(t))) (3-7)

An φεd parameter is then calculated as the sum of the logarithms for all Ni values, divided

in N − εd + 1 (Eqn. 3-8). The same computation for a phase space is repeated. Finally,

approximate entropy is estimated by the difference between φεd − φεd+1 (Eqn.3-9)

φεd =
1

N − εd + 1

N∑
i=1

log(Ni) (3-8)

EntApprox = φεd − φεd+1 (3-9)
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This work presented a novel strategy to characterize Parkinson’s disease using nonlinear

representation of temporal gait dynamics in a phase space that facilitates the objective mea-

surements of disease progression. The information about gait abnormalities was extracted

from kinematic time series of gait cycles using video recordings. The method takes advantage

of spatial and temporal relationships that allows characterized gait patterns dynamics and

associate them to disease’s progression. Finally, the strategy was able to distinguish diffe-

rences among some stages of the disease.

In this thesis, a novel strategy to extract kinematic time series was used with a deep learning-

based pose estimation framework. The phase space reconstruction was essential to represent

the hidden patterns inside the deterministic dynamics of the gait, allows find the chaotic

nature of the gait using the chaos descriptors as LLE, CorDim and ApEn. Despite the high

variability and the complex fluctuations of kinematic time series, initially, it was possible

quantify and to find differences between healthy subjects and patients with PD and then find

differences among some stages of the disease but, since chaotic system assumptions may not

be fully met in the current experimental conditions, results must be carefully interpreted.

Finally, being the current methodology cost affordable an easily implementable, it could be

tested in a large cohort of patients with PD.

In addition, although the pose estimation frame tracking used to assess lower limbs kinematic

gait patterns is acceptable, the upper limbs kinematic time series tracking needs improve-

ment, due to tracking errors of each limb joint. The important reason is because by having

the tracking information of the upper and lower limbs, the gait balance could be characteri-

zed when the dynamic movement of coupled angles between the left shoulder and the right

hip or between the right shoulder and the hip is analyzed. Also, the dynamics of the CoM

could be characterized because it is potentially a biomarker that gives relevant information

about of disease progression.

Although gait dynamics were characterized from kinematic time series of healthy subjects

and patients with PD, it is important to make capture video in the frontal plane since lateral

movements are associated with trunk stability during a gait cycle and these could provide

information about how the balance is disturbed and how the CoM moves whereas the disease

progresses. Therefore, the additional information extracted by frontal plane video capture
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could complement the information obtained with sagittal plane video capture and it could

make a reconstruction model to characterize the kinematic gait dynamic and the CoM in

3D. As the number of video captures of patients with PD is limited, it is recommended to

increase the number of videos to expand the current database, it is even suggested to create

a public database managed by the ethics committee, with identity protection of participants

to reproduce the results obtained in this work or to obtain new results.
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