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Abstract

The balance control is known to be a complex motor skill, which involves the

integration of many types of sensory information. The postural control is

achieved by feedback mechanisms based on the body-sway motion detected

primarily by visual, vestibular, and proprioceptive sensory systems. Static

posturography provides an objective assessment of postural control by char-

acterizing the body sway during upright standing. The Center-of-Pressure

(CoP) signal is recorded by a force platform and analyzed according to dif-

ferent techniques. Traditional approaches decompose the CoP signal into

antero-posterior (AP) and medio-lateral (ML) time series and extrapolate

geometrical, statistical and spectral parameters.

In this dissertation the problem of analyzing CoP signals was faced with

two different strategies.

Firstly, I applied geometrical parameters to describe the CoP signals and

a multivariate statistical approach to analyze differences in quiet standing

between groups of pathological and healthy subjects, in two different stu-

dies. A new acquisition protocol was proposed, which adds to frontal open-

and closed-eye conditions, conditions in which quiet standing of the subject

is evaluated after a fast or a slow head rotation, on the left or on the right

side, both with eyes open and closed.

The aim of the first work (accepted to be published in Human Movement

Science) was to analyze the postural control of volleyball players and the

impact that vision has on it. The main hypothesis of this study was that,

since volleyball players use the visual system differently from untrained

subjects, the role of vision on postural control should also be different.

Volleyball players showed greater CoP ellipses with respect to controls. A

multivariate approach to data analysis demonstrated that the two groups



were different when the subjects kept their eyes open, but they were not

with visual deprivation. The influence of the athletes expertise and team

role on balance performances was also analyzed. Differences in the upright

stance of national and regional athletes were found, as well as differences

between defensive players and hitters.

The second work (published in Gait & Posture) evaluated differences in pos-

tural performances in controls and patients with residual neuro-ophthalmic

deficits after a traumatic brain injury. It was possible to evidence significant

balance abnormalities in TBI patients with respect to controls. Moreover,

by means of a multivariate analysis, I was able to discriminate different

levels of residual neuro-ophthalmic impairment.

The second approach was based on the hypothesis that CoP signal contains

rotational components. To verify this hypothesis and to extract rotational

components from the CoP signal, the rotary spectra analysis - a well known

technique developed in the meteorological and oceanographic field in the

70s - was applied. Rotary spectra analysis involves the representation of a

two-dimensional signal in the complex plane as a superimposition of ellipses,

which can be analyzed in terms of their shape and orientation. Each ellipse

is the sum of a counterclockwise (CCW) and a clockwise (CW) rotating

phasors, called rotary components. This approach allows to consider both

the AP and ML time-series not only as mono-variate signals, but also as

components of a complex signal, taking into account both the amplitude

of the whole signal, and its phase. The rotary spectra approach permits

to separate rotational isofrequential components from non-rotational ones,

providing a different approach in understanding of the physiological mech-

anisms underlying postural control.

The rotary spectra analysis was applied to the CoP signal of a population

of healthy subjects. The presence of rotational components in the signal

was demonstrated, and useful parameters about the rotational character-

istics of the body sway were extracted. An interesting result highlighted

by this new approach was that the mode value of the rotary spectra fell

in the range 0.14-0.17 rps. The peak that was observed in this frequency



range probably has a physiologically explainable meaning that was never

documented before. I hypothesized that rotary spectra peaks obtained in

the study of postural control during upright standing are strictly correlated

to the bursts of muscle sympathetic nerve activity. This work passed the

first stage of review to be published in Motor Control.

Since the CoP signal is not strictly stationary, considering the classical ro-

tary spectra analysis it is possible only to obtain frequency marginals of the

signal during the 60s test. To analyze the CoP trajectories as non-stationary

random signals, the classical rotary spectra theory was extended to deal with

non-stationary signals. In particular, I applied both bilinear Cohen’s class

Choi-Williams time-frequency distribution and wavelet method to obtain

time-frequency analysis of rotating components. This allowed evaluating

rotational characteristics of the CoP signal in the time-frequency plane.

As interpretation and classification of a large number of time-frequency dis-

tributions could be difficult, time expensive, and highly depending on the

researcher, I developed an automatic analysis method. It consists of three

main steps: (i) using image processing tools, the main frequency compo-

nents were identified on the time-frequency plane; (ii) a set of features was

extracted; (iii) a clustering algorithm was applied. Applying this method

to the distributions calculated by the time-frequency rotary analysis of the

CoP signals of a population of healthy subjects, I obtained a fast and re-

peatable description of each distribution in terms of frequency components.

Moreover, a classification in five groups of the distribution was obtained.

In conclusion, both the two followed strategies gave satisfactory results.

The proposed protocol and the evaluation of geometrical parameters allowed

highlighting differences between groups of pathological and healthy subjects.

I proposed a new approach in analyzing CoP signal in terms of rotational

components, which gave interesting results on a group of healthy subjects.

The technique was extended to time-frequency domain and an automatic

analysis method of time-frequency distribution was developed.
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1

Introduction

Human upright stance is intrinsically unstable. Even when a subject is asked

to stand quietly in upright position, his/her body shows small postural oscillations.

A small deviation from a perfect upright position results in a torque due to gravity

that accelerates the body further away from the upright position. To maintain the

upstanding position the destabilizing torque due to gravity must be counterbalanced

by a corrective torque exerted by the feet against the support surface [1]. The resultant

of these movements is perceived by the subject as a continuous body oscillation around

the perfect upright position.

However, maintaining an equilibrium position is essential in all daily activities [2],

and balance impariments could lead to high risk of fall and injuries, expecially in the

elderly.

This imposes critical demands on the postural control system.

Balance control is known to be a complex motor skill that involves the integration

of many types of sensory information to plan and execute flexible movement patterns to

achieve different potential postural goals [2]. Regulation of normal posture and balance

is achieved by feedback mechanisms based on the body-sway motion detected primarily

by visual, vestibular, and proprioceptive sensory systems. Afferent information - vi-

sual, vestibular and proprioceptive - about internally or externally generated postural

perturbations, need to be gathered, weighted and centrally integrated, to choose the

most appropriate postural response. The complex physiological mechanisms underlying

these reactions can only be unraveled under carefully controlled experimental condi-

tions, with calibrated control of the environment, standardized bodily perturbations

1



1. INTRODUCTION

and use of quantitative outcome measures.

Balance assessment involves different aspects: first of all it is necessary to hypo-

thesize models of the mechanisms underlying postural control regulation, secondly to

develop reliable instruments and protocols to quantify balance performances, and fi-

nally it is necessary to have analysis and interpretation tools to cope with experimental

evidences. All these three aspects have been extensively described in literature.

In this chapter we will synthetically describe the most important models of the

postural control and introduce most used quantitative techniques to assess balance.

1.1 Postural control models

The mechanism underlying spontaneous sway are not fully understood, and con-

troversy remains regarding the organization of sensory and motor system contributing

to spontaneous sway [3].

According to Morasso at al. [4], the complexity and uniqueness of postural control

is due to the following reasons:

• the mechanic plant ( the controlled object) is intinsically unstable;

• the controlled variable (the Center of Mass: CoM) is not directly measurable;

• the available sensory receptors operate quite close to their absolute threshold of

sensibility;

• stability critically dependent upon delays in the reafferent signals;

• there is a dynamic coupling with other motor subsystems, which is not relevant

so much for accuracy as it is for stability itself.

The starting point for every model of postural control during quiet standing is the

biomechanical model described by numerous authors in literature (e.g. [1, 3, 4, 5, 6, 7,

8]) as a linearized inverted pendulum.

Fig. 1.1. shows the biomechanical model of quiet standing in the Antero-Posterior

(AP) plane. The motion of the body could be assumed to be determined by two forces:

2



1.1 Postural control models

Figure 1.1: Biomechanical model of quiet standing in the Antero-Posterior (AP) direction

(from Morasso et al., [4]). The variables y, z, θ are horizontal, vertical and angular position

of the CoM; u is the horizontal position of the CoP. About the forces: f is the ground

reaction force,τankle is the total ankle torque due to all the muscles operating around the

ankle. h, δ, m are constant parameter representing, respectively, the length of the segment

from the CoP and the center of the ankle, the distance of the center of the ankle from

ground and the subject’s mass.

the weight force mg applied in the Center of Mass (CoM) and the ground reaction

force, applied to the Center of Pressure (CoP).We can write the canonical equations:

f +mg =
∂mv

∂t
. (1.1)

f × (CoM − CoP ) =
∂Itω

∂t
, (1.2)

where m is the total mass of the body, It its inertial tensor, v the velocity of the CoM

and ω the angular velocity. We can simplify the equation as:

fhδ + fvu+ τankle = 0, (1.3)

where τankle is the torque applied by the ankle muscles,fh and fv are the horizontal

and vertical components of the ground reaction, δ is the vertical displacement of the

ankle from the support surface, and u is the horizontal displacement of the CoP from

3



1. INTRODUCTION

the ankle. Moreover, we can write:

fv −mg = m≈̈0 (1.4)

fh = mÿ (1.5)

τankle +mgy =
∂Iaθ̇

∂t
≈ Iaθ̈ ≈ mh2ks

ÿ

h
= mhksÿ (1.6)

y and z are the horizontal and vertical positions of the COM with respect to the ankle;

θ is the angle with respect to the vertical line; m is the weight of the body excluding

the feet,Ia is the corresponding moment of inertia with respect to the ankle joint, h is

the distance of the COM from the ankle, and ks is a shape factor that depends on the

distribution of mass in the body.

Looking at equations 1.3 and 1.4, we can approximate the vertical component to zero;

therefore we are able to write

u(t) ≈ − 1

mg
θankle, (1.7)

that means that CoP signal is a scaled version of the ankle torque.

There are three approximations in the model, that are well satisfied for sway in quiet

standing:

• the vertical acceleration of the barycenter is negligible;

• the moment of inertia is constant

• the angular acceleration is proportional to the horizontal acceleration of the COM.

We can now combine the previous obtained equations:

ÿ =
g

hks + δ
(y − u) = k(y − u). (1.8)

This means that the CoM-CoP difference is proportional to the acceleration of the CoM.

From the point of view of motor control, this equation defines the transfer function of

the body plant and thus y(t) can be considered as the controlled variable whereas u(t)

the control variable.

4



1.2 Assessing postural control

Although the biomechanical model is accepted by all the researchers, there is still

a debating about the organization of sensory and motor system contributing to spon-

taneous sway. The hypothesis that the stabilization of balance during quiet standing

is achieved by the intrinsic stiffness of ankle muscles, due to the mechanical proper-

ties of the muscles and connective tissue with no neural command, was formulated by

Winter et al. [9, 10] on the basis of two arguments: the experimental observation

that the oscillation on the support surface of the center of mass (COM) appears to

be in phase with the center of pressure (COP) and the theoretical consideration that

such phase lock is incompatible with the afferent and efferent delays associated with

active control. Morasso and Schieppati [4] demonstrated, on the basis on the model of

the inverted pendulum, that the phase relation is a consequence of the dynamic of the

model and that is independent from the stabilization system. Moreover, other articles

[4, 11, 12, 13] demonstrated that the ”stiffness model” is not plausible because of the

non-physiological critical value of the necessary stiffness, much higher than values mea-

surable in normal subjects. The importance of a central nervous activation during quiet

standing was demonstrated (e.g. by Gatev et al. [14]) observing that electromyographic

activity of ankle muscles is modulated in anticipation of postural sway.

An alternative to the ”stiffness model” is the widely held view that the corrective

torque is generated through the action of a feedback control system [1, 3, 15]. The

feedback mechanism involves a time delay due to sensory transduction, transmission,

processing, and muscle activation [15].

Finally, a third view observes that feedback mechanisms contribute to postural

stabilization, but states that feedback alone in insufficient and that feed-forward pre-

dictive mechanisms are required to explain postural control behavior [7]. Mello et al.

[16] verified the presence of electromyographic evidences for anticipatory mechanism in

body sway control. Also other works suggested the presence of internal models [4, 17],

or intermittent control model [6, 18].

1.2 Assessing postural control

The complex physiological mechanisms underlying postural control mechanisms can

be unraveled under carefully controlled experimental conditions, with calibrated control

of the environment, standardized bodily perturbations and use of quantitative outcome

5



1. INTRODUCTION

measures [19]. However, in clinical practice, non-quantitative measures are still used.

Horak [2] classified different approaches to the clinical assessment of balance in (i)

functional approach, (ii) systems approach and (iii) quantitative methods. Functional

assessment tools rate the performance of various tasks requiring balance control in or-

der to identify the functional limitations or capacity to do a task or activity (Tinetti’s

test, Berg Functional Balance Scale). A system approach to balance assessment tries

to identify the set of impaired subcomponents underlying the functional balance limi-

tations in order to focus treatment on those subcomponents. In this work we will focus

our attention on quantitative assessment of postural control.

Literature describes a wide range of different posturography techniques [2, 5, 19,

20, 21, 22]. Earlier methods for evaluating balance are summarized in [23]. It is

common practice to allocate a particular posturography technique to one of two major

categories: Static posturography and Dynamic posturography [24].

In the static approach the subjects is asked to stay on a flat, horizontal, unper-

turbed surface with eyes open or closed; the spontaneous sway movements are typically

recorded through the trajectory of the CoP (Center of Pressure) on the support surface

and the trajectory is parameterized according to different techniques.

In the dynamic approach the spontaneous posture is perturbed by means of different

types of typically unpredictable stimuli in order to evaluate the relative contribution

of the visual, vestibular, and somatosensory channels in regaining the initial posture.

Perturbations of the quiet standing could be due to moving platforms (see fig. 1.2) or

to external forces [19].

These two techniques are complementary as they address different aspects of the pos-

ture control system and yield independent types of information. Baratto et al. [5]

pointed out two main differences among the two techniques:

• In the static case, most sensory channels are activated near or below the phy-

siological threshold, with the exception of the plantar cutaneous receptors; in

the dynamic case all the sensory channels are activated above threshold and feed

strong reflex actions.

• In the static case, the main source of disturbance (the instability of the body in-

verted pendulum) is internal and predictable and thus the control system can rely

6



1.2 Assessing postural control

on some kind of internal anticipatory model; in the dynamic case the disturbance

is usually unpredictable and the response is essentially a set of reflexes.

Figure 1.2: Different types of platform movements (from [19]). A: Baseline position. B:

Rotational movements of the support surface, usually about the ankle axis as shown here.

C: Horizontal translations of the support surface, shown here for the anterior-posterior

direction. D: Combinations of simultaneously occurring rotations and translations. E:

Purely vertical displacements

.

Table 1.1: Different techniques and outcome measures to objectively assess postural

control (modified from Bloem et al. [19]).

Equipment Outcome measures

Kinematics Motion sensors Segment motion

Optical motion analysis 3-D spatial representation of body in time

Kinetics Force platforms Center of pressure (CoP)

Torques

Shear forces and moments

Electromyography EMG Electrodes Muscle activity

To objectively assess postural control in static and dynamic conditions, different

techniques have been employed [19, 22]. This includes kinetic measures (analysis of

forces and joint moments), kinematic measures (analysis of how body parts move) or

measures of muscle activity such as electromyography (EMG). Table 1.1 summarizes the

different techniques. Kinetics is the most widely applied in quantifying postural control,

in both dynamic and static condition. In our discussion we will focus our attention on

7



1. INTRODUCTION

kinetics techniques, in particular to the use of force platforms in evaluating postural

control in quiet standing, accordingly with the static paradigm.

1.3 Clinical applications

Quantitative posturography has been applied in investigating postural control in

healthy subjects, both adults [5, 25, 26, 27] and children [28, 29]. In literature, several

papers have addressed the effect of aging on balance performances using posturography

[30, 31, 32, 33, 34].

Moreover, posturography has been used in evaluating balance in a wide spread

range of pathologies, e.g. in vestibular patients [35], pathologies of the central nervous

system, as Parkinson [36, 37, 38, 39], and multiple sclerosis [40],pathologies of the

peripheral nervous system as diebetic patients [41, 42, 43], in traumatic brain injury

patients [44, 45, 46], in patients after a stroke [47], and many other cases [48, 49, 50].

Another important field of application of the quantitative posturography is in the

sport disciplines. The effectiveness of a balance training in preventing serious injuries

was demonstrated in various sports [51, 52, 53, 54]. Training allows sport expertise to

acquire new abilities in balance control according to the discipline practiced [55, 56].

In literature there are studies investigating postural control in dancers [55, 57, 58],

gymnasts [59], judokas [55], soccer [60] and volleyball players [61, 62].
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2

Static posturography

In this chapter I will focuse on static posturography as a quantitative technique

aimed at characterizing the body sway during quiet standing. In static posturography

the trajectories of the Centre of Pressure (CoP) on a plane surface are recorded by

means of a force platform. The CoP is used as a measure of postural stability, and it

is recorded both in antero-posterior (AP) and medio-lateral (ML) components.

In literature an important effort was done to methodologically improve acquisition

settings to assess postural performances in quiet standing. Therefore I will briefly

describe a typical experimental set up and the most used acquisition protocols.

Many approaches have been used to cope with CoP signal. Traditional parameters

are extracted from the CoP trajectories under the assumption that the CoP is a sta-

tionary time series. They provide geometrical and statistical description of the signal,

in time and frequency domain [1, 2]. An alternative method for analyzing CoP signal

was described in [3], modeling the signal as a fractal Brownian motion. Moreover, also

the chaotic approach was proposed to look inside the dynamic properties of the signal

[4]. A description of the most widely used signal processing approaches to cope with

the CoP signal will be provided.

2.1 Acquisition setup and protocols

In this section I will briefly describe as a typical acquisition set up instruments used

during my experiments, and will analyze the main aspect of the static posturography

acquisition protocol according to the literature.
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2. STATIC POSTUROGRAPHY

2.1.1 Typical experimental setup

A typical experimental set-up for posturographic studies consists of a force plate

and a signal conditioning and acquisition chain to store signals in a computer, which is

used for the offline extraction of suitable parameters from the centre of pressure (CoP)

trajectories [5]. Force platforms can be equipped with either piezoelectric or strain

gauge-type sensors [6].

In my experimental acquisitions I used a Kistler type 9286A force platform, with

piezoelectric 3-component force sensors. Table 2.1 shows the force platform technical

characteristics, while figure 2.1 shows its dimensions. The resulting analogue data are

amplified and and converted into digital data by means of Step32 Junction box and

the Step32 PCI card. The acquisition software is Step32.

Table 2.1: Force platform Kistler type 9286A: technical characteristics.

Measuring range Fx, Fy kN -2.5...2.5

Fz kN 0...10

Linearity %FSO < ± 0.5

Crosstalk Fx↔ Fy % < ± 1.5

Fx, Fy↔ Fz % < ±2.0

Fz↔ Fx, Fy % < ±0.5

Overload Fx,Fy kN -3/3

Fz kN 0/12

Hysteresis %FSO ± 0.5

Rigidity x-axle /µm ≈12

y-axle N/µm ≈12

z-axle /µm ≈12

The subject is usually asked to stand as quiet as possible of the platform surface,

in a quiet environment and for a few seconds (details of the acquisition protocol will

be discuss in the next pages). Figure 2.2 shows the picture of a subject during a

stabilometric test.

From each acquisition, the system records eight output signals: four of them are a
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2.1 Acquisition setup and protocols

Figure 2.1: Dimension of the Kistler force platform type 9286A (from the force platform

data sheet)

.

linear combination of the horizontal forces in the xy plane (we assume x as the antero-

posterior axes and y as the medio-lateral axes, with respect to the subject), while the

others are the vertical components revealed by each piezoelectric sensor.

Figure 2.2: Static posturography: experimental set up

.

Many papers in literature describes acquisition set up similar to the previous pre-
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2. STATIC POSTUROGRAPHY

sented one [2, 7, 8, 9, 10, 11, 12].

Some authors investigated the reliability ans accuracy of force platform in measuring

the CoP position. More specifically, Rogind et al. [7] compared two different commercial

systems to assess balance, concluding that both of them are reliable and reproducible.

Middleton et al. [12] assessed the accuracy of piezoelectric force platform in determi-

ning the CoP position, and their conclusion was that errors were substantially larger

when force was applied through a single point than when the force was distributed

between two blocks, to simulate double stance. In order to face the problem of drift

in piezoelectric force platform, Quagliarella et al. [6] proposed a method for numerical

compensation.

2.1.2 Methodological approaches and protocols

Past studies of postural control during quiet standing have employed a wide range

of procedures to quantify postural control [9], using different approaches concerning

the duration of the acquisition trial, sampling and cut-off frequencies, subject position,

number of repetition and duration of the time interval between repeated tasks, visual

condition, surface condition, and methods for data processing. Due to these differences

it is quite difficult to compare results of different studies.

To overcome this limit, a large number of paper in literature examined different aspects

of the static posturography acquisition protocol in terms of repeatability and reliability.

Experimental condition The large majority of studies have been conducted in quiet

environment, with controlled lighting, temperature and noise level, in order to avoid to

stimulate the subject with uncontrolled visual and auditory stimuli [2, 5, 13].

A factor usually not taken into due consideration but likely to influence the postural

exam is the instruction given to the subject before the test: Zok et al. [14] investigated

how a different instructions could influence postural performances of a group of healthy

subjects. Their results suggested that different instructions given to the subjects in-

fluence the outcome of the test, and should be standardized.

Visual condition The most usual protocol for testing postural control in quiet stand-

ing consists of two trials, one with open eyes gazing at a visual target and one with

closed eyes. Many studies described effect of visual input on outcome measures (e.g.
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[13, 15]). Kapoula [16] investigated effects of distance and gaze position on postural

performances in young and old healthy subjects.

Feet position Static posturography could be carried on both in single and in dou-

ble stance. In literature there are both studies in which feet placement have been

standardized [2, 17] and studies in which the subjects were asked to choose the more

comfortable feet position [18] on the platform surface. However, feet placement during

posturographic test have been demonstrated to have a relevant effect on CoP parame-

ters [18, 19], therefore it should be standardized [8].

Test duration Some studies in literature investigated the impact of sample duration

on the magnitude and reliability of CoP measures in time and frequency domains

[9, 11, 20]. All of them found that the test duration influences reliability and validity of

CoP parameters. Carpenter et al. [9] investigated test duration from 15 to 120 seconds,

while in an other work [20] longer duration, upon to 300 seconds was proposed. Ruhe

et al. [8] in their literature review work suggested a 90 seconds test duration, in order

to achieve a good CoP parameters reliability.

Sampling and cut-off frequency In literature, sampling rates from 10 to 200 Hz

have been reported [2, 5, 8, 13, 21, 22, 23, 24].

It has been shown that COP measures and its reliabilities vary depending on both the

acquisition and cut-off frequency chosen [5, 8, 22]. More specifically, Schmidt et al.

[5] investigated influence on the outcome measures of the values chosen for the cut-off

frequency of anti-aliasing filters, the sampling rate and the dynamic range of analogue-

to-digital (A/D) converters. They focused on the cut-off frequency and suggested a

value of 10 Hz.

Raymakers et al. [22] observed that sampling frequency could have a big effect on

the traditional calculated CoP parameters. In chapter 4 I will focus on the sampling

frequency effect on geometrical CoP parameters.

Number of repetitions In order to enhance reliability of the center of pressure mea-

sures, several authors proposed to repeat the posturographic test in identical conditions

for many times (from 3 to 10) [8, 23, 24]. Increasing the number or repetition, results
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appeared to be more reliable. However, it has also been demonstrated that repeated

tests lead to a learning effect [15, 21], and that this effect is enhanced when the time

interval between the trials is shorter. Moreover, repeating many tests could be difficult

in assessing postural control in pathological or aged subjects; therefore Ruhe et al. [8]

proposed to average 3-5 trials to obtain reliable data.

2.2 The CoP signal

From the signals recorded from the force platform, it is possible to obtain both

forces and moments exchanged between the subject and the force platform surface and

the Centre of Pressure orthogonal components CoPx and CoPy.

In the previous described experimental setting, this can be done as:

Fx = Fx12 + Fx34 force in the antero-posterior direction

Fy = Fy14 + Fy23 force in the medio-lateral direction

Fz = Fz1 + Fz2 + Fz3 + Fz4 vertical component

Mx = b ∗ (Fz1 + Fz2 − Fz3 − Fz4) moment around x axes

My = a ∗ (−Fz1 + Fz2 + Fz3 − Fz4) moment around y axes

Mz = b ∗ (−Fx12 + Fx34) + a ∗ (Fy14 − Fy23) moment around z axes

CoPx = (Fx ∗ az0 −My)/Fz CoP: antero-posterior component

CoPy = (Fy ∗ az0 +Mx)/Fz CoP: medio-lateral component

(a and b are specific numerical compensation for the used force platform).

A plot of the time-varying coordinates of the CoP in the xy as shown in figure 2.3 is

known as stabilogram or sway path [4].

Several techniques have been proposed to analyze the CoP signal, usually decom-

posing it into the antero-posterior (AP) and medio-lateral (ML) time-series. Many of

the previous studies considered the CoP time series from the geometrical and statistical

points of view, in the time and frequency domains [1, 2, 13, 18, 25]. To analyse the

dynamic characteristics of CoP signals, Collins et al. [3] proposed a method based on

fractional Brownian motion. Moreover, an alternative model based on chaos theory

was proposed [4, 26].

For each of these approaches there is a different underlying model for the CoP signal.

In this section we will describe the main CoP signal models and analysis methods.
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Figure 2.3: Representative CoP signal

.

2.2.1 Global posturographic parameters

This approach is the most largely used in literature, e.g. in [1, 2, 13, 18, 25].

It consists in analyzing CoP trajectories both in time and frequency domain, from

geometrical and statistic point of view. The underlying hypothesis, motivated by the

variability and random appearance of the posturograms, is that posturograms are sim-

ple stationary stochastic processes that express the noise in the posture control system.

Therefore, these parameters have an integral nature and their purpose is to estimate

the size of the noise [2].

The CoP signal is analyzed both in its orthogonal components CoPx and CoPy, and

in its bidimensional aspects. AP and ML time-series are, respectively, the Antero-

Posterior and the Medio-Lateral coordinates of the displacement of the CoP on the

platform surface, while Resultant time-series (R) is defined as vector distance from

the center of the platform to each CoP position. Many parameters have been defined

according to this approach [1]; we will focuse our attention on the most common ones.

Time domain The main time domain defined parameters are:
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• Sway Path Lenght: it is defined as the length of CoP during the whole trial. Unit

of measurement: mm.

SwayPathLength =

N−1∑
n=1

[(AP [n+ 1]−AP [n])2 + (ML[n+ 1]−ML[n])2]. (2.1)

• Sway Area: it is an estimation of the surface area included in the stabilogram.

Many different formulations are described in literature to assess this parameter.

Prieto et al. [1] reported the following:

– Confidence Circle Area (Area-CC): it is defined as the area of a circle equal to

the one-sided 95% confidence limit distribution of Resultant Distance (RD)

timeseries. It describes the CoP as the area of the circle that has the 95% of

probability to contain the sway path, hypothesizing that CoP positions are

distributed according to a normal bivariate probability distribution. Unit of

measurement: mm2

– Confidence Ellipse Area (Area-CE): it is defined as the area of an ellipse

equal to the one-sided 95% confidence limit distribution of the Resultant

Distance (RD) timeseries. It describes the CoP as the area of the ellipse

that has the 95% of probability to contain the sway path, hypothesizing that

CoP positions are distributed according to a normal bivariate probability

distribution. Unit of measurement: mm2.

– Sway Area: estimates the area enclosed by the CoP path per unit of time.

It is not based on a statistical approach, but it is approximated by summing

the area of the triangles formed by two consecutive points of the CoP path

and the centre of the platform. Unit of measurement: mm2/s

SwayArea =
1

2T

N−1∑
n=1

|AP [n+ 1] ∗ML[n]−AP [n] ∗ML[n+ 1]|. (2.2)

• Mean Velocity: It is defined as the length of CoP during the whole trial normalized

on the time duration of the acquisition. It is analogally to the Sway Path length.

Unit of measurement: mm/s.
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2.2 The CoP signal

• Root Mean Square: It is defined as the root mean square value of the AP, ML

and R time-series. Unit of measurement: mm.

RmsR =

√√√√ 1

N − 1

N∑
n=1

(R[n]− R̄)2. (2.3)

• Major Axis: Length of the major axis of the smallest ellipse containing the CoP.

Unit of measurement: mm.

• Minor Axis: Length of the minor axis of the smallest ellipse containing the CoP.

Unit of measurement: mm.

• Eccentricity: Eccentricity of the smallest ellipse containing the CoP. Unit of mea-

surement: adimentional.

Frequency domain The frequency domain parameters are based on the power spec-

tral analyis of CoP time-series. The main parameters are:

• The total power (TP), defined as the integrated area of the power spectrum[1].

Unit of measurement: mm2.

• The centroidal frequency, defined as the frequency at which the spectral power is

concentrated[1]. Unit of measurement: Hz.

• The frequency dispersion, which is a uniteless measure of the variability in the

frequency content of the power spectral density [1].

• Frequency bands containing a fraction of the area under the amplitude spectrum

of the CoP signal, respectevely 70% (f70), 80% (f80), 85% (f85), 90% (f90), 95%

(f95) of the total power [2]. Moreover, Prieto et al. [1] defined also the parameter

”Median Frequency”, as the frequency below which the 95% of the total power is

present. Unit of measurement: Hz.

All the above described frequency domain parameters could be evaluated both

considering the CoP orthogonal components in the antero-posterior and medio-lateral

directions and the resultant time-series.
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It is important to notice that the described parameters consider the AP and ML

components as separate signals. Even when considering the resultant distance time-

series, only information form the Euclidean norm is taken into account, while phase

characteristics are completely discarded [27].

2.2.2 Diffusion plots

Collins and De Luca [3, 28, 29] approached the problem of characterizing stabilo-

grams in a different way from the above described ones, in order to consider the dynamic

characteristic of stabilograms. They hypothesized that the output of the human pos-

tural control system under quiet standing conditions can be modeled as a system of

bounded, correlated random walks.

In [28] using surrogate analysis, it was demonstrated that the postural control

task should not be modeled as a chaotic process, and that it is better represented as a

stochastic one. In particular, the hypothesis of fractional Brownian random walk was

formulated to analyze CoP trajectories.

The general driving principle of statistical mechanics is that although the out-

come of an individual random event is unpredictable, it is still possible to obtain definite

expressions for the probabilities of various aspects of a stochastic process or mechanism.

A classic example of a statistical mechanical phenomenon is Brownian motion. The

simplest case of Brownian motion is the random movement of a single particle along

a straight line. This model is known as a one-dimensional random walk. The mean

square displacement
〈
∆x2

〉
of a one-dimensional random walk was related to the time

interval ∆t by the expression:

〈
∆x2

〉
= 2D∆t, (2.4)

where D is the diffusion coefficient, an average measure of the stochastic activity of

the random walker. The fractional Brownian random walk is a family of Gaussian

stochastic processes, it is an extension of the classical Brownian motion. The difference

between classical and fractional Brownian motion is the characteristic for which in

fractional Brownian motion past increments in a particle’s displacement are correlated

with future increments, while in the classical Brownian motion they are independent.
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2.2 The CoP signal

For fractional Brownian random walks:〈
∆x2

〉
= ∆t2H , (2.5)

where the scaling exponent H is a real number in the range (0,1). For H = 1
2 the

motion is a classical random walk (as seen in eq.2.4). The scaling exponent H can be

determined from the slope of the log-log plot of the mean square displacement versus

∆t. The correlation function is given by the expression:

C = 2(22H−1 − 1). (2.6)

For H > 1
2 the stochastic is positively correlated, therefore a fractional Brownian

particle moving in a particular direction for some t0 will continue in the same direction

for t > t0. This type of behavior is called persistence. The opposite situation occurs

for H < 1
2 , when past and future increments are negatively correlated. This type of

behavior is called anti-persistence.

Diffusion plot of CoP Trajectories. Collins and De Luca applied the fractional

Brownian random walk model to CoP trajectories, analyzing both their AP and ML

components as one-dimensional motion and the whole CoP signal as a two-dimensional

motion [3, 29]. The displacement analysis was carried out by computing the square

of the displacements between all pairs of points separated in time by a specified time

interval ∆t (Fig. 2.4a). A plot of mean square COP displacement versus time interval

∆t will be referred to as a stabilogram-diffusion plot (Fig. 2.4b).

Diffusion coefficients D (equation 2.4) were calculated from the slopes of the resul-

tant linear-linear plots of mean square COP displacement versus time interval curves.

Similarly, scaling exponents H (equation 2.5) were computed from the resultant log-log

plots of such curves. Diffusion plots were calculated for AP and ML components of sta-

bilogram and for the whole CoP signal. In each diffusion plot two different regions were

identified, a short-term and a long-term region (as shown in figure 2.4). These regions

were separated by a transition period where the slope of the stabilogram-diffusion plot

changed considerably. Diffusion coefficients and scaling exponents were calculated for

each region. Moreover, an estimate for each critical point was determined as the inter-

section point of the straight lines fitted to the two regions of the linear-linear version

of each stabilogram-diffusion plot.
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a) b)

Figure 2.4: a) Method for calculating mean square planar displacement
〈
∆r2

〉
for a CoP

trajectory. b) Schematic representation of the Stabilogram-Diffusion plot (from [3]).

Observing the two separate region of the diffusion plot, Collins and De Luca sug-

gested the presence of at least two control mechanisms in postural control. More specifi-

cally, they hypothesized the presence of an open-loop control mechanism in short-term

intervals (which have a higher level of stochastic activity) and a second closed-loop

control mechanism used over long-term intervals.

Summarizing, diffusion plots parameters defined by Collins and De Luca from the

described stabilogram diffusion plots are:

• Diffusion coefficients D (mm2/s), calculated on short-term and long-term region

of each linear-linear scaled diffusion plot.

• Scaling components H, calculated on short-term and long-term region of each

log-log scaled diffusion plot.

• Critical point coordinates (time intervals (s) and mean square displacements

(mm2)), calculated on each linear-linear scaled diffusion plot.

2.2.3 Sway density plot

This analysis approach was firstly proposed by Baratto et al. in [2]. The under-

lying idea [30] is that feed forward control is the prevalent mechanism in the postural
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stabilization process, thus breaking down the control process into a sequence of antici-

patory motor commands. The hypothesis underlying the sway density plot formulation

is that two main type of control strategies take part to the postural control process.

More specifically, these strategies are (i) the intrinsic feedback due to the mechanical

properties of ankle muscles, characterizing the persistent component of the CoP signal,

and (ii) the anticipatory muscle activations determined by an internal model of the

inverted pendulum. The last strategy has a feed forward nature and aims at stopping

the current fall, therefore has a anti-persistence behavior. This distinction between

components with persistence and anti-persistence behavior is a common point with the

diffusion plot analysis [3].

Starting from these assumptions on the postural model, Sway Density Plot (SDP) or

Curves (SDC) are defined as the time-dependent curves constructed counting, for each

time instant, the number of consecutive samples of the CoP trajectories that fall inside

a circle of given radius. The sample count is divided by the sampling rate, yielding a

time dimension for the ordinate axis. In other words, the SDP is a time-versus-time

curve, showing the evolution over time of the stay time of the posturographic trace

inside a moving circle of radius R [31].

Figure 2.5a exemplify the sway density plot definition. A typical SDP, as shown in

figure 2.5b exhibits a regular alternation of peaks and valleys:

• peaks correspond to time instants in which the ankle torque and the associated

motor commands are relative stable;

• valley corresponds to time instants in which the ankle torque rapidly shifts from

one stable value to another.

After identifying the peaks on the SDP, the following parameters were computed

[2, 31]:

• Time interval T (s) between peaks (related to the rate of production of postural

commands): mean value (MT) and standard deviation (σT ).

• Distance D (s) between peaks (related to the amplitude of postural commands):

mean value (MD) and standard deviation (σD).

• Peaks values P (s): mean value (MP) and standard deviation (σS).
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a)

b)

Figure 2.5: a) Example of stabilogram: from each point of the CoP trajectories, SDP are

computed counting the number of consecutive point contained in the probe circle of radius

R centered in that point b) Sway density plot.

• After computing σT , σD and σP , their population means were calculated, ob-

taining 3 more parameters ST (s), SD (mm) and SP(s).

2.2.4 Nonlinear analysis: Chaos approach

Nonlinear analysis offers a way to characterize qualitative changes in the dyna-

mics of postural control system [26]. Methods based on nonlinear analysis techniques

allow to reconstruct the dynamics of a system starting from a single time series. A

characteristic that this kind of analysis can reveal is the chaotic behaviour of signals
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generated by deterministic nonlinear systems. A deterministic nonlinear system is de-

fined as chaotic when it shows a positive largest Lyapunov exponent (LLE), or with

an attractor with fractal characteristics. Nonlinear analysis have often been used to

characterize physiological signals [32, 33, 34].

The first nonlinear approach to CoP signal was described in [4] by Yamada, who

verified the chaotic behaviour of stabilograms. After this first paper, many authors

analyzed CoP trajectories as chaotic signals [26, 35, 36, 37, 38, 39, 40, 41]. We will

briefly summerize nonlinear analysis approach and describe the computed stabilometric

parameters.

The main idea is that under generic conditions the attractor A of a dynamical

system D (in our case the postural system) of which we know the time-series (CoP

time-series) can be embedded into a vector space V of a suitable dimension m using

a lag τ . The analysis starts from the original data y(t) from which it is possible to

calculate new vectors Ȳ (t) belonging to the embedded space formed from time-delayed

version of y(t).

Ȳ (t) = [y(t), y(t+ τ), y(t+ 2τ), ..., y(t+ (m− 1)τ)], (2.7)

where Ȳ (t) is the m-dimensional state vector, τ is the time delay and m is the em-

bedding dimension. The optimal choice for the parameters τ and m is estimated,

respectively, with the mutual information function I(τ) and the false nearest method

(both described in [26]).

Once done this state-space reconstruction, it is possible to compute the most rele-

vant properties of the system like the fractal dimension, or correlation dimension, D2

and the maximum for the Lyapunov exponent of the attractor A. The computation

method si well explained in [26, 37]. In numerous articles a preliminary surrogate data

test has been presented, to verify the deterministic nature of time series [4, 26, 40].

Summarizing, the calculates parameters using the described approach are:

• the correlation dimension D2 which is a simple measure of the possibly fractal

size of the attractor and also a geometrical measure of complexity;

• the largest Lyapunov exponent as a measure of chaos, which indicates how sensi-

tive the system is to initial conditions.
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An alternative way of nonlinear analysis is proposed in [38], implementing on

postural sway a method proposed by Higuchi [42]. This method, in contrast to an at-

tractor’ s fractal dimension, does not require preliminary reconstruction of the system’s

phase space but can be directly applied to experimental data. The calculated fractal

dimension Df denotes the fractal dimension of the signal’ s time series itself and should

not be confused with the previously described attractor s fractal dimension measured

in the system’ s phase space. The fractal dimension was interpreted as a measure of

the complexity of posturographic signal. This method was applied by Doyle in [39].

2.2.5 Other approaches

Many other parameters have been described in literature, but they are not widely

used in posturography.

Blaszczyk in [43] introduced the ”Sway ratio” parameter, obtained as the CoP-to-CoM

path length ratio. This parameter was formulated in order to take in account both the

CoP and CoM characteristics.

Following the Collins and De Luca proposal of analyzing the CoP trajectories as

fractional Brownian motion [3], many different approaches for the analysis of CoP

dynamics have been described. Bardet [44] proposed a multiscale fractional Brownian

motion to investigate postural control. One approach is based on the quantification

of the complexity of COP time series in terms of their irregularity. Newell [45] used

the approximate entropy to characterize the dynamical structure of human postural

sway. The aim was to investigate the effect of motor development and aging on the

complexity of COP trajectories during quiet standing. The results were consistent with

the hypothesis of a reduction of the degrees of freedom of the system with aging. Saba-

tini [46] combined different algorithms using entropy measures of signal complexity, to

extract a complexity index and investigated the effect of visual perception. Roerdink et

al. [41] published a study on the dynamical structures of COP trajectories in patients

recovering from stroke. Ramdani et al [47] described a sample entropy algorithm to

characterize the irregularity of the CoP trajectories through the analysis of the velocity

variable.

An other described approach consists of modeling CoP trajectories using Markov chains

[48, 49]. Following this approach, a discrete Markov chain model was used to extract
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dynamical information from CoP signals; in [49], the Invariant Density Analysis (IDA),

based on the Markov chain calculated on the CoP trajectories, was proposed.

It has been demonstrated that CoP trajectories are non-stationary signals [50, 51].

Different methods have been applied to CoP trajectories to evaluate time varying cha-

racteristics: short time Fourier transform (STFT) [52], methods based on bilinear di-

stributions [53, 54], evolutionary spectrum theory [55, 56], wavelet decomposition [57].

In this thesis the non-stationarity of the CoP signals will be afforded in chapter 3 and

5. An alternative approach based on the Hilbert-Huang transformation was described

in [58, 59], both using univariate and bivariate empirical mode decomposition.

A really interesting approach was described by Bravi and Sabatini in [27]. They

observed that it is a commonplace to analyze orthogonal components AP and ML of the

CoP trajectories separately. The proposal was to consider the real and imaginary parts

of a complex-valued signal in terms of AP and ML components of the postural sway.

Using this representation is possible to exploit information both from the amplitude

and the phase of the CoP signal. The authors introduced a hyper complex approach in

modeling postural sway, processing four-dimensional representation obtained from the

complex-valued CoP signal.

Starting from the complex-valued representation of CoP trajectories, I proposed

another approach in postural signals processing, based on the rotary spectra analysis

[60, 61]. This method will be exhaustively described in chapter 3.

2.3 Conclusions

A typical experimental set-up for static posturography and critical aspects in de-

signing posturographic experiments have been described.

The presented approaches to cope with the CoP signal led to many different ty-

pologies of parameters. Although most of them have been developed from a model of

the signal, no widespread consensus has emerged so far about the clinical meaningful

application of such methods [2].

In the next chapter a new analysis method will be introduced, based on the appli-

cation of the rotary spectra analysis technique to the CoP signal.
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3

Rotary spectra analysis

Many interesting time series are intrinsically bivariate. If the two variables represent

the same physical quantity, such as a position or a velocity, or may be normalized in

some meaningful way, then it is natural to think of the time series as tracing out an

ellipse. Some examples of signals of this type include: planetary orbits, two-dimensional

oscillators, measurements of currents or wind, electromagnetic polarization, and the

three orthogonal planes of seismic motion. [1]

Among these different examples it is possible to consider also the CoP signal as

a bivariate time-series, allowing to analyzing it from a different point of view. The

underlying rationale in this approach is the hypothesis that the CoP signal contains

rotational components.

To extract the rotational components from CoP signal I applied rotary spectra

analysis, a well known technique developed in the meteorological and oceanographic

fields by Gonella [2] and Mooers [3] as a method to cope with bidimensional time

series. In particular, this method was used for the interpretation of geophysical data

exhibiting inherent rotational characteristics [4]. This problem has been well explained

by Mooers in [3]: ”Physical oceanographers are increasingly confronted with the neces-

sity of analyzing time series of horizontal velocity. For time series of velocity which

have sampled simultaneously at two or more spatial points, a statistical measure of the

coherence and phase versus frequency is often desired.”

Rotary spectra analysis involves the representation of a two-dimensional signal in

the complex plane as a superimposition of ellipses, which can be analyzed in terms of

their shape and orientation. Each ellipse is the sum of a counterclockwise (CCW) and

a clockwise (CW) rotating phasors, called rotary components. From a mathematical
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3. ROTARY SPECTRA ANALYSIS

point of view, each ellipse is the widely linear minimum mean-squared error approxi-

mation of the signal from its rotary components at a given frequency f [5]. From a

practical point of view, the analysis of ellipse and rotary components properties carries

information about the underlying physics. This approach allows to separate rotational

iso-frequential components from non-rotational ones.

The advantages in analyzing time-series - when showing rotational components -

in terms of polarized components are: (i) it is possible to analyze both the Cartesian

components in the frequency domain, not only considering their vector sum in the plane

(ii) the calculation of coherence and phase for the polarized components is invariant

under the coordination rotation [3].

The developed method was applied not only in analyzing oceanographic data, but

also in optics [6], astronomy [7], electromagnetics and communications [8].

To the best of our knowledge, the rotary spectral analysis was never applied in

biomedical signal processing.

In this chapter the description of the mathematical formulation of the rotary spectra

will be provided, both in stationary and non-stationary cases.

3.1 Stationary case

In this section I will analyze the rotary spectra analysis applied to a bivariate time

series which real-valued time series x(t) and y(t) are stationary stochastic processes.

The analysis will be carried out considering the complex-valued time series w(t) =

x(t) + jy(t) [9].

The basic steps in rotary spectra analysis are:

• A two dimensional vector can be represented as a complex-valued function of time

• The complex-valued vector can de decomposed, for each frequency, into two

counter-rotating components

• Two-sided spectra and one cross-spectrum can be calculated

The rotary spectral analysis involves the representation of a random time series

in complex form and its subsequent decomposition into two polarized counter-rotating

components in the frequency domain. In this representation A−, A+, and θ−, θ+, are

amplitudes and phases of the clockwise (CW) and counter-clockwise (CCW) rotating
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3.1 Stationary case

components, respectively. The CCW component is considered to be rotating with

positive angular frequency ( ω ≥ 0) and the CW component with negative angular

frequency (ω ≤ 0).

Figure 3.1: a) Counter-clockwise component ω+, with amplitude A+ and initial phase

θ+. b) Clockwise component ω− with amplitude A− and initial phase θ−. c) Ellipse formed

by the vector addition of two counter-rotating vectors, with major axis |A+ + A−| tilted

at an angle θ++θ−

2 counter-clockwise. In this case the prevalent verse of rotation is the

counter-clockwise one.

The eccentricity ε of the ellipse is determined by the relative amplitudes of the

two components. Motions at frequency ω are circularly polarized if one of the two

components is zero; motions are rectilinear if both circularly polarized components

have the same magnitude. In these cases, the shape of the ellipse degenerates into a

circle or into a line, respectively [5].

The combined vector - obtained from the vector sum of the two oppositely rotating

circular components - traces out an ellipse over one complete cycle, as shown in figure

3.1.

In the next paragraphs mathematical details about the method will be described.
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3. ROTARY SPECTRA ANALYSIS

3.1.1 Rotary component analysis

A bi-dimensional time series with components x(t) and y(t) can be represented in

Cartesian coordinates as a complex function:

w(t) = x(t) + jy(t) (3.1)

This representation allows to consider also the information arising from the phase of

the complex time series and not only amplitude of the single real-valued time series

[5].

We assume that the component x(t) and y(t) are continuous, stationary stochastic

processes with zero mean values, and that they have Fourier integral representation

[3]. The vector w(t) can be written in Fourier series form

w(t) = x(t) +
N∑
k=1

Xkcos(ωkt− φk) + j

[
y(t) +

N∑
k=1

Ykcos(ωkt− ψk)

]
=

=
[
x(t) + jy(t)

]
+

N∑
k=1

[Xkcos(ωkt− φk) + jYkcos(ωkt− ψk)]

(3.2)

where x(t) + jy(t) is the mean value, ωk = 2πfk, fk = k
N∆t , k = 1, ..., N is the

angular frequency, t = n∆t is the time, n is the length of each time series in samples,

N = nfsampling, and and (Xk, Yk) and (φk, ψk ) are the amplitudes and phases, re-

spectively, of the Fourier constituents - for each frequency - of the real and imaginary

components.

Subtracting the mean value and expanding the trigonometric functions, we find:

w′(t) = w(t)− w(t) =

=

N∑
k=1

[X1kcos(ωkt) +X2ksin(ωkt)] + j [Y1kcos(ωkt) + Y2ksin(ωkt)] ,
(3.3)

where

X1k = Xkcosφk X2k = Xksinφk

Y1k = Ykcosψk Y2k = Yksinψk.
(3.4)

It is possible to separate each kth frequency component of the series in the sum of
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3.1 Stationary case

counter-clockwise and clockwise components

wk(t) = w+
k (t) + w−k (t) = A+

k e
jθ+k ejωkt +A−k e

jθ−k ejωkt =

= e
j(θ+

k
+θ−
k

)

2

{[
A+
k +A−k

]
cos(

j(θ+
k + θ−k )

2
+ ωkt) + j

[
A+
k −A

−
k

]
sin(

j(θ+
k + θ−k )

2
+ ωkt)

}
,

(3.5)

where the amplitudes of the CCW and CW rotary components are:

A+
k =

1

2

[
(X1k + Y2k)

2 + (X2k − Y1k)
2
] 1
2

A−k =
1

2

[
(X1k − Y2k)

2 + (X2k + Y1k)
2
] 1
2

(3.6)

and the corresponding phase angle for time t=0 are:

θ+
k = tan−1

[
(Y1k −X2k)

(X1k + Y2k)

]
θ−k = tan−1

[
(Y1k +X2k)

(X1k − Y2k)

]
.

(3.7)

For each frequency value, the components of the equation 3.5 form an ellipse on the

complex plane, with semi-major axis LM =| A+
k + A−k |, semi-minor axis Lm =| A+

k −

A−k |, and eccentricity εk =
2 2
√
A+
k A
−
k

A+
k +A−k

. The ellipse is tilted at an angle 1
2(θ+

k + θ−k ) from

the x-axis in counter-clockwise direction. The vector resulting from the composition

of the rotating vectors at that frequency value is along the major axis of the ellipse at

time t = θ+−θ−
4πfk

, when the two rotating vectors are overlapped.

The one-sided spectra for the two oppositely rotaring components for frequencies

fk = ω
2π are:

S(f+
k ) = (A+

k )2, fk = 0, ...,
1

2∆t

S(f−k ) = (A−k )2, fk = − 1

2∆t
, ..., 0.

(3.8)

Division by the signal time duration T transforms the energy spectral density of

equation 3.8 into the power spectral density:

S(f+
k ) =

(A+
k )2

N∆t
, fk = 0, ...,

1

2∆t

S(f−k ) =
(A−k )2

N∆t
, fk = − 1

2∆t
, ..., 0.

(3.9)
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3. ROTARY SPECTRA ANALYSIS

As reported by both Gonella [2] and Mooers [3], it is possible to represent the

spectral energy S+(f) and S−(f) for the two oppositely rotating components in terms

of the Cartesian components.

S(f+
k ) = (A+

k )2 =
1

2
[Sxx(fk) + Syy(fk) + 2Qxy(fk)] fk ≥ 0

S(f−k ) = (A−k )2 =
1

2
[Sxx(fk) + Syy(fk)− 2Qxy(fk)] fk ≤ 0

(3.10)

where

Sxx(fk) =
1

2
(X2

1k +X2
2k)

Syy(fk) =
1

2
(Y 2

1k + Y 2
2k)

(3.11)

are the autospectra of the x(t) and y(t) cartesian components. The cross-spectra of the

cartesian components x(t) and y(t) is defined as:

Sxy(fk) =
1

2
X∗(fk)Y (fk) =

1

2
XkYke

j(φk−ψk) =

=
1

2
{XkYkcos(φk − ψk) + jXkYksin(φk − ψk)} =

=
1

2
{XkYk(cosφkcosψk + sinφksinψk) + jXkYk(sinφkcosψk − cosφksinψk)} =

=
1

2
(X1kY1k +X2kY2k)− j

1

2
(X1kY2k −X2kY1k) =

= Cxy(fk)− jQxy(fk),
(3.12)

and

Qxy(fk) = (X1kY2k −X2kY1k) (3.13)

is the quadrature of the spectrum.

Gonella [2] defined two other parameters to characterize the rotating components

of a time series, the mean orientation of the ellipse:

ψ(fk) =
1

2
tan−1

[
2Sxy(fk)

Sxx(fk)− Syy(fk)

]
, (3.14)

and the ”stability of ellipse”:

µ(fk) =
〈A+A−〉

2
√

(S+(fk)− S−(fk))
=

=
1

2

| Sxx(fk)− Syy(fk) + jSxy(fk) |
2
√

(S+(fk)− S−(fk))
.

(3.15)
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3.1 Stationary case

This parameter is defined similarly to the coherence function between the clockwise

and counter-clockwise rotating components.

Another useful property parameter to describe a motion in terms of rotating com-

ponents is the rotary coefficient, to study if there is a prevalence of the CW component

over the CCW component, or vice versa, defined as:

r(fk) =
S+
k (fk)− S−k (fk)

S+
k (fk) + S−k (fk)

, (3.16)

which ranges from r = -1 for clockwise motion, to r = 0 for unidirectional motion, and

to r = 1 for counter-clockwise motion. It provides an objective means of quantifying

the rotation associated with the asymmetry of the spectrum and is directly related to

the expected ellipse shape, at each frequency [10]. The rotary coefficient is defined for

each specific frequency. In [9] a description of the statistical properties of the rotary

coefficient were given, deriving a confidence interval for the rotary coefficient values.

If one is interested in obtaining a single value that describes the prevalence of one

component over the other, a different parameter - condensing the overall information -

must be introduced. To this purpose I define the Integrated Rotary Coefficient:

IRC =
N∑
k=1

ρ(fk) (3.17)

Examples

In order to clarify the above described rotary spectra analysis, I applied rotary

decomposition to simple motions in the plane. I would like to highlight how rotary

spectra analysis allows to extrapolate rotation components from a motion in the plane,

selecting in this way motions which Cartesian components are iso-frequential.

Figure 3.2 shows a CCW circular motion, figure 3.3 a rectilinear motion, figure

3.4 a random motion, and figure 3.5 the superimposition of a CCW circular motion

and a random motion. Since we are treating complex signals, the spectra are not

symmetric. In the representation of the CW spectral component I have folded the

negative frequency axis around f = 0 and plotted it on the positive frequency axis.

Figure 3.2(a) shows the CCW circular trajectory w(t) in the xy plane. Both Carte-

sian components are sinusoidal, with angular frequency ω equal to 1 rotation per second

(rps) and the amplitude equal to 1 mm. In figures 3.2(b) and 3.2(c) the CCW and CW

rotary spectral components are reported, respectively.
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3. ROTARY SPECTRA ANALYSIS

Figure 3.2: Counter-clockwise circular motion in the plane xy and its rotary spectral

decomposition.

Figure 3.3: Rectilinear motion in the plane xy and its rotary spectral decomposition.

Figure 3.3(a) shows the rectilinear trajectory w(t) in the xy plane, whose Cartesian

components have the same oscillation frequency equal to ω equal to 1 rotation per

second (rps). Figures 3.3(b) and 3.3(c) show the rotary spectra corresponding to the

CCW and CW components, respectively. Both CCW and CW components show a

peak with amplitude equal to 0.5 mm2 at 1 rps.

Figure 3.4(a) shows the trajectory w(t) in the xy plane, whose completely un-

correlated Cartesian components x(t) and y(t) were modeled as Gaussian process with

zero-mean and variance σ2 = 1. They have been filtered with a shaping band-pass

filter with low cutoff frequency equal to 0.05 Hz and high cutoff frequency equal to 4

Hz, to mimic the CoP signal bandwidth. Figures 3.4(b) and 3.4(c) show the rotary
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3.1 Stationary case

Figure 3.4: Random motion in the plane xy and its rotary spectral decomposition.

Figure 3.5: Superimposition of a CCW circular motion and random motion: trajectory

in xy plane and rotary spectra components.

spectra corresponding to the CCW and CW components, respectively. As expected,

no rotating components is detected, since the motion is completely random.

Figure 3.5(a) shows the trajectory in the xy plane due to the superimposition of the

CCW circular motion and the random motion previously analyzed. The characteristics

of the CCW circular motion are angular frequency ω equal to 1 rps and amplitude

equal to 1 mm. Figure 3.5(a) appears very similar to the previously described figure

3.4(a), as looking at the trajectory in the plane we are not able to distinguish the CCW

circular from the random motion. Applying the rotary spectra analysis, I am able to

extract the CCW circular component, as shown in figures 3.5(b) and 3.5(c).
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3. ROTARY SPECTRA ANALYSIS

3.1.2 Rotary cross spectral analysis

Having summarized the rotary vector analysis for a single time series, now I want

to consider the coherence and the cross-spectral properties for two time series. The

purpose is to determine the similarity between the two time series in terms of their

circularly polarized components. For two vector series, two one-sided autospectra and

two one-sided cross-spectra can be computed for the rotary components. Mooers [3]

formulated these as two two-sided rotary autospectra called, respectively, the Inner

cross-spectrum and Outer cross-spectrum. This terminology originating from the re-

semblance of the inner and outer rotary autocovariance functions derived from the

autospectra to the inner (dot) and outer (cross) products in mathematics. As the spec-

tra are complex, they have both amplitude and phase. Hence, coherence and phase

spectra can be computed, just as with the cross-spectra of two scalar time series.

Inner functions describe co-rotating components, while outer functions describe

counter-rotating components. I could, of course, use standard Cartesian components

for this task. Unfortunately, the Cartesian vectors and their derived relationships

generally are dependent on the selected orientation of the coordinate system.

The advantages of the rotary type of analysis are: (i) the coherence analysis is

independent of the coordinate system (i.e. is coordinate invariant); and (ii) the results

encompass the coherence and phase of oppositely rotating, as well as like-rotating com-

ponents, for motions that may be highly nonrectilinear. Because the counter-rotating

components have circular symmetry, invariance under coordinate rotation follows for

coherence.

I consider two vector time series :

w1(t) = u1(t) + jv1(t) and w2(t) = u2(t) + jv2(t)

with Fourier transform W1(fk) and W2(fk), where

Wj(fk) =


A+
j e
−jθ+j if fk ≥ 0

j = 1, 2

A−j e
−jθ−j if fk ≤ 0.

(3.18)
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3.1 Stationary case

The inner cross spectrum Swnwm(ω) provides an estimation of the joint energy

content of the two times series for rotating components rotating in the same direction

Swnwm(ω) =


A+
n (ω)A+

m(ω)e−j(θ
+
n−θ+m) if ω ≥ 0

A−n (ω)A−m(ω)e−j(θ
−
n−θ−m) if ω ≤ 0

(3.19)

For n = m the inner spectrum is the power spectrum of the counter-clockwise series

for positive frequencies and the power spectrum of the clockwise series for negative

frequencies.

Swnwn(ω) =


| A+

n (ω) |2 if (ω) ≥ 0

| A−n (ω) |2 if (ω) ≤ 0
(3.20)

In terms of cartesian components, this is equivalent to equation 3.10.

Is it possible to define the square coeherence function related to the inner cross-

spectrum.

γ2
12(ω) =



〈
[A+

1 A
+
2 cos(φ

+
1 −φ

+
2 )]

2
〉

+
〈
[A+

1 A
+
2 sin(φ+1 −φ

+
2 )]

2
〉

〈(A+
1 )2〉〈(A+

2 )2〉 if ω ≥ 0

〈
[A−1 A

−
2 cos(φ

−
1 −φ

−
2 )]

2
〉

+
〈
[A−1 A

−
2 sin(φ−1 −φ

−
2 )]

2
〉

〈(A−1 )2〉〈(A−2 )2〉 if ω ≤ 0

(3.21)

The square coeherence function range is 0 ≤ γ2
12(ω) ≤ 1 Is it possible to define the

phase function related to the inner cross-spectrum.

δ12(ω) =


tan−1(

〈[A+
1 A

+
2 sin(φ+1 −φ

+
2 )]〉

〈[A+
1 A

+
2 cos(φ

+
1 −φ

+
2 )]〉 ) if ω ≥ 0

tan−1(
〈[−A−1 A−2 sin(φ−1 −φ

−
2 )]〉

〈[A−1 A−2 cos(φ−1 −φ−2 )]〉 ) if ω ≤ 0

(3.22)
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The outer cross spectrum Ywnwm(ω) provides an estimate of the joint energy

content of the two times series for opposite rotating components.

Ywnwm(ω) =


A−n (ω)A+

m(ω)e−j(θ
+
m−θ−n ) if ω ≥ 0

A+
n (ω)A−m(ω)ej(θ

+
n−θ−m) if ω ≤ 0

(3.23)

For n = m, in a single case series

Ywnwn(ω) = A−n (ω)A+
n (ω)ej(θ

+
n−θ−n ) (ω) ≥ 0 (3.24)

Ywnwn((ω)) is simmetric about ω = 0. However it is complex valued. In equation 3.15

the numerator corresponds to the outer-cross spectrum in the case of a single time

series Ywnwn . In fact, in terms of cartesian components, the outer cross spectrum is

defined as:

Ywnwn(ω) =
1

2
[Sxx(fk)− Syy(fk) + jSxy(fk)] (3.25)

Is it possible to define the square coeherence function related to the outer cross-

spectrum.

λ2
12(ω) =



〈A−1 A+
2 〉

2
[
〈cos(φ+2 −φ−1 )〉2+〈sin(φ+2 −φ

−
1 )〉2

]
〈(A+

2 )2〉〈(A−1 )2〉 if ω ≥ 0

〈A−1 A+
2 〉

2
[
〈cos(φ+1 −φ−2 )〉2+〈sin(φ+1 −φ

−
2 )〉2

]
〈(A+

1 )2〉〈(A−2 )2〉 if ω ≤ 0

(3.26)

The square coeherence function range is 0 ≤ λ2
12(ω) ≤ 1

Is it possible to define the phase function related to the outer cross-spectrum.

ψ12(ω) =


tan−1(

〈[A−1 A+
2 sin(φ−1 −φ

+
2 )]〉

〈[A−1 A+
2 cos(φ

−
1 −φ

+
2 )]〉 ) if ω ≥ 0

tan−1(
〈[A+

1 A
−
2 sin(φ−2 −φ

+
1 )]〉

〈[A+
1 A
−
2 cos(φ

−
2 −φ

+
1 )]〉 ) if ω ≤ 0

(3.27)

The cross-spectral rotary analysis was applied in [11], in order to examine wind

data obtained in different weather station.
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3.2 Non-stationary case

3.2 Non-stationary case

The described analysis method is designed for stationary time-series, therefore it is

not able to evaluate time-varying characteristics of bivariate time-series.

In literature have been described several effort in development of a time-frequency

rotary spectra analysis to deal with non-stationary bi-variate signals in different re-

search fields. Many works described extension of rotary spectra and polarization ana-

lysis to non-stationary signals focused on wavelet transform [1, 12, 13, 14, 15], Short

Time Fourier Transform [16, 17], and bilinear transforms, in particular Rihaczek trans-

form [10].

The first result was described by Crew [16]. The technique of analyzing time

varying rotary spectra basically involved computing and plotting the rotary spectrum

for one segment of a two components vector time-series, and then repeating this for

segments centered successively later in time. In particular, hourly series of the vector

components of the wind were generated and clock-averaged to form three-hourly mean

series of the geographical vector components.

Another approach, based on wavelet decomposition, was proposed by Liu and Miller

[12]. They used the complex-valued modulated Gaussian wavelet known as the Morlet

wavelet transform to obtain time-frequency characteristics of rotary components in

oceanographic data.

The wavelet approach was later applied also by Lilly and Gastard [1] in proposing

a method for evaluating the properties of a time-varying elliptical signal. This work

is focused on the geometrical properties of the polarization ellipse, and not on the

time-frequency representation of the rotating components.

In [10] the bilinear Cohen’s class Rihaczek time-frequency distribution was applied

to deal with non-stationary bivariate signals. This approach provides, in each instant,

a local ellipse in the complex plane which is the best local approximation of the signal

from a given frequency component. The ellipse is characterized in terms of its shape,

orientation, and degree of polarization.

In this chapter the problem of analyzing a non-stationary bivariate time-series in

terms of rotary components using bilinear Cohen’s class Choi-Williams time-frequency

distribution. Moreover, a wavelet approach to the problem will be described.

53



3. ROTARY SPECTRA ANALYSIS

3.2.1 Time-frequency analysis

The approach I propose is based on the Cohen Class of time-frequency represen-

tations [18], a largely used method in dealing with non-stationary biomedical signals

[19, 20, 21, 22, 23, 24]. In the following I will briefly describe the properties of the time-

frequency transforms of the Cohen Class. Finally, the extension of the rotary spectra

analysis to non-stationary problems using the Choi-Williams time-frequency transform

will be described.

The Cohen Class consists of all the bilinear time-frequency representations that are

time and frequency shift invariant [18]. This characteristic is of paramount importance

when the purpose is to correlate the time-frequency representation of a signal with the

underlying physical or physiological phenomena [20].

All the time-frequency transforms belonging to the Cohen Class can be expressed

in the following form:

TF (t, f) =

∫ +∞

−∞

∫ +∞

−∞

∫ +∞

−∞
x(t′ +

τ

2
)x∗(t′ − τ

2
)g(θ, τ)e−j2πθ(t

′−t)e−j2πfτdθdt′dτ,

(3.28)

where TF(t,f) is the time-frequency distribution, x(t) is the analytic signal obtained

from the series of the signal samples, x*(t) is its complex conjugate, t is time, f is fre-

quency, τ is time-lag, θ is frequency-lag, and g(θ, τ) is referred to as the kernel of the

transform. The kernel characteristics are strictly related to the distribution properties.

Equation 3.28 leads to the definition of four different domains: the temporal correlation

(t,τ), the spectral correlation (θ,f), the ambiguity (θ,τ), and the time-frequency (t,f).

The starting point for this formulation is the definition of the instantaneous autocor-

relation function in which the time dependence is maintained, in order to avoid not

respecting the Wiener-Kintchine theorem:

Rxx(t, τ) = x(t+
τ

2
)x ∗ (t− τ

2
). (3.29)

In this way, Rxx(t, τ) is still a correlation measure as in the stationary case, the only

difference is that this measure now becomes time dependent.

Applying the Fourier transform directly to Rxx(t, τ), to pass from the temporal cor-

relation (t,τ) to the time-frequency domain (t,f), I obtain the definition of the Wigner-
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3.2 Non-stationary case

Ville time-frequency transform:

WVxx(t, f) = Fτ→fRxx(t, τ) =

∫ +∞

−∞
x(t′ +

τ

2
)x ∗ (t′ − τ

2
)e−j2πfτdτ (3.30)

Wigner-Ville transform is one of the most popular transform of the Cohen Class. It

can be obtained from equation 3.28 by defining the kernel g(θ, τ) = 1.

While the WignerVille transform has several desirable properties when applied to

deterministic signals constituted by a single component, it is not well-suited for applica-

tion to multicomponent signals [25]. In fact, calculating the Wigner-Ville transform of

a multi-component signal, two types of terms are obtained: the auto-components, which

are due to each subcomponent of the signal, and the inference terms. These inference

terms are due to the products among the frequency components of the signal, caused

by the bi-linear formulation of the transform. The inference terms looks like non-zero

values of the distribution in the points in the time-frequency domain where the signal

is zero. These interference terms may not be easily distinguished from authentic signal

components, therefore the interpretation of distributions obtained from multicompo-

nent signals is difficult [20]. To attenuate the interference terms without significantly

affecting the auto-terms of the time-frequency distribution, a filtering function needs

to be applied.

The application of a filtering function in the ambiguity domain was firstly proposed

by Choi and Williams [26]. The ambiguity function is defined as the inverse Fourier

transform of Rxx(t, τ) (equation 3.29), with respect to the first variable:

AF (θ, τ) = F−1
t→θ [Rxx(t, τ)] =

∫ +∞

−∞
x(t′ +

τ

2
)x ∗ (t′ − τ

2
)ej2πθtdt (3.31)

The ambiguity function corresponding to a signal constituted by several frequency com-

ponents, shows that the signal autoterms located on the θ axis, while the interference

terms are located outside the θ axis, in correspondence of the distance of the centroids of

the auto-terms in the time-frequency domain. The kernel is designed in the ambiguity

domain to specifically attenuate the interference components simply multiplying it for

the ambiguity function. Therefore, equation 3.28 has been obtained with a Fourier

transform of the kernel by ambiguity function product.

TF (t, f) = Fτ→f {Fθ→t [AF (θ, τ)g(θ, τ)]} (3.32)
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3. ROTARY SPECTRA ANALYSIS

The properties of the kernel are strictly connected to the properties of the final

TF transformation. The Choi-Williams transform belongs to the Cohen Class and is

defined by following the kernel:

gCW (θ, τ) = e−(2πθτ)2/σ (3.33)

The parameter σ allows control of the selectivity of the 2D-exponential filter in the

ambiguity domain. Choi-Williams distribution has been largely employed in biomedical

signal processing [20, 27, 28, 29, 30, 31].

In analogous way, it is possible to define the bilinear cross-transform of the Cohen-

class as:

XTF (t, f) =

∫ +∞

−∞

∫ +∞

−∞

∫ +∞

−∞
x(t′ +

τ

2
)y ∗ (t′ − τ

2
)g(θ, τ)e−j2πθ(t

′−t)e−j2πfτdθdt′dτ,

(3.34)

where x(t) and y(t) are the two time-series to analyze. The cross time-frequency di-

stribution inherits all the properties of the correspondent time-frequency distribution

(same kernel), except for the characteristics of never being real valued.

Time-frequency analysis applied to rotary spectra

To extend the rotary spectra analysis to the non-stationary case, the Choi-Williams

time frequency distributions of the two Cartesian time series x(t) and y(t) and the cross

time-frequency distribution between x(t) and y(t), always according Choi-Williams

method, are calculated. The obtained time-frequency spectra are combined to calculate

the rotating components as reported above in equation 3.10. The time-varying rotating

spectra can be re-written as:

S(t, f+
k ) = (A+(t, fk))

2 =
1

2
[Sxx(t, fk) + Syy(t, fk) + 2Qxy(t, fk)] fk ≥ 0

S(t, f−k ) = (A−(t, fk))
2 =

1

2
[Sxx(t, fk) + Syy(t, fk)− 2Qxy(t, fk)] fk ≤ 0

(3.35)

where Sxx(t, f) and Syy(t, f) are the time-varying auto-spectra of x(t) and y(t) and

Qxy(t, f) is the quadrature of the time-frequency cross-spectrum between the two com-

ponents.
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3.2 Non-stationary case

3.2.2 Wavelet analysis

The wavelet analysis is another useful method to deal with non-stationarity of

signals. In this section I will briefly describe its application to rotary spectra method

from a theoretical point of view for completeness, even if I will not apply it in analyzing

the CoP signals.

The wavelet transform is a signal decomposition on a set of basis functions, obtained

by dilatations, contractions, and shifts of a original function, the wavelet prototype. A

very basic distinction between wavelet transforms and Fourier methods, is that while

the basis functions of the latter consist of a function of constant width translated in

time, the former has a frequency-dependent width. Wavelet analysis methods have

been widely used in biomedical signal processing, e.g. [32, 33, 34, 35, 36].

The function to be used as a choice of wavelet prototype of ”mother wavelet” could

be either real or complex, but has to respect two requirements:

• having zero mean value
∫ +∞
−∞ ψ(t)dt = 0

• having square norm equal to 1
∫ +∞
−∞ |ψ(t)|2dt = 1

Given a time series x(t), its continuous wavelet transform CWT is defined as

CWTx(a, b) =
1√
a

∫ +∞

−∞
x(t)ψ∗

(
t− b
a

)
dt, (3.36)

where * denotes complex conjugation, a represents the scaling factor and b represents

the shift in time. Time t and the time-scale parameters vary continuously. When

the scale factor a becomes large, the basis function ψa,b(t) become a stretched version

of the prototype, which is useful for the analysis of low-frequency components of the

signal. On the other hand, when the scale factor is small, the basis function will be

contracted, which is useful for the analysis of high-frequency components. The wavelet

prototype behaves has a bandpass function (the factor 1√
a

in equation 3.36 ensures

energy preservation).

The discrete wavelet transform (DWT) can be obtained by discretization of the

time-scale parameters a and b. One possible way to do so is to sample the time-scale

parameters on a ”dyadic” grid (basis 2) in the time-scale plane for the wavelet and

scaling parameters.

57



3. ROTARY SPECTRA ANALYSIS

In both continous and discrete cases, the wavelet power is defined as |WTx(a, b)|2

[37]. The complex argument of |CWTx(a, b)|2 can be interpreted as the local phase.

The cross wavelet transform (XWT) of two time series x(t) and y(t) is defined as

WTxy = WTxWT ∗y , (3.37)

where * denotes complex conjugation. This definition will be useful in applying wavelet

analysis to rotary spectra.

Wavelet method applied to rotary spectra

Wavelet approach has been largely used in order to extend rotary spectra analysis

to the non-stationary case [1, 12, 13, 14, 15].

The mother wavelet used was the Gaussian Morlet wavelet:

ψ(t) = (ejmt − e−m2/2)e−t
2/2, (3.38)

where m is dimensionless frequency and t is dimensionless time. Analogously to the

time-frequency distribution approach, we applied wavelet analysis to the terms of equa-

tion 3.10, in order to obtain the rotating components.

3.3 Conclusions

In this chapter a method to analyze bivariate time-series in terms of rotational com-

ponents was described fro the theoretical point of view. The rotary spectra approach

allows to separate rotational iso-frequential components from non-rotational ones. The

method involves the representation of a two-dimensional signal in the complex plane

as a superimposition of ellipses, which can be analyzed in terms of their shape and ori-

entation. Each ellipse is the sum of a counterclockwise (CCW) and a clockwise (CW)

rotating phasors, called rotary components.

Main advantages in applying this method are: (i) it is possible to analyze both the

Cartesian components in the frequency domain, not only considering their vector sum

in the plane (ii) the calculation of coherence and phase for the polarized components

is invariant under the coordination rotation [3].

The rotary spectra approach was described both in the stationary and non-stationary

cases. In particular, time-frequency analysis of rotating components was carried on both
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3.3 Conclusions

applying bilinear Cohen’s class Choi-Williams time-frequency distribution and wavelet

method.

The describe method will be applied to the CoP signal in the chapter 5, demon-

strating the presence of rotational components, and extracting information about the

rotational characteristics of the body sway.
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4

Applications of geometrical
parameters

This chapter reports main findings obtained applying geometrical parameters to

the study of the CoP signal.

Describing CoP signal with these parameters, introduced in chapter 2, an impor-

tant relationship between some geometrical parameters and sampling frequency was

observed.

Two studies of application of geometrical parameters to study different groups of

subjects will be reported in this chapter. In both studies, a new acquisition protocol is

proposed, which adds to frontal open- and closed-eye conditions, conditions in which

quiet standing of the subject is evaluated after a fast or a slow head rotation, on the left

or on the right side, both with eyes open and closed. After evaluating geometrical pa-

rameters both on healhty and pathological subjects, a multivariate statistical approach

will be used to differenciate between groups.

The aim of the first work [1] was to analyze the postural control of volleyball

players and the impact that vision has on it. A multivariate approach to data analysis

demonstrated that the two groups were different when the subjects kept their eyes open,

but they were not with visual deprivation. The influence of the athletes expertise and

team role on balance performances was also analyzed.

The second work [2] evaluated differences in postural performances in controls

and patients with residual neuro-ophthalmic deficits after a traumatic brain injury. It

was possible to evidence significant balance abnormalities in TBI patients with respect
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4. APPLICATIONS OF GEOMETRICAL PARAMETERS

to controls. Moreover, I was able to discriminate different postural performances in

patients with different levels of residual neuro-ophthalmic impairment.

4.1 Influence of the sampling frequency of geometrical pa-
rameters

Few studies focused on the influence of the choice of the sampling frequency on

posturographic parameters [3, 4]. Schmid et al. [3] observed the influence of the

acquisition settings on posturographic parameters, focusing on the choice of the cut-

off frequency values. They observed that the robustness of parameters to the cut-off

frequency variations is different, depending on the parameters mathematical definition.

Raymakers’s work [4] did not focus on the problem, but just observed that some

geometrical parameters were influenced by different values of sampling frequencies.

I this section I will report some observations about the influence of the frequency

sampling on geometrical parameters.

Force platform signals were registered out by using a cutoff frequency of 25 Hz for

the acquisition filter, and a sampling frequency of 2000 samples/s. The choice of the

acquisition bandwidth is over-dimensioned, compared with the typical values used in

posturography, but it allows to down-sample the signal with different values, to simulate

different sampling frequencies.

Figure 4.1: CoP trajectories with different sampling frequencies
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4.1 Influence of the sampling frequency of geometrical parameters

Figure 4.1 shows CoP trajectories of the force platform for two different sampling

frequencies. The trajectory of the CoP appears more complex when more intermedi-

ate CoP points are recorded and the trajectory measured will therefore appear to be

longer (and indeed more accurate) when calculated from higher sampling frequencies

registrations [3]. Figure 4.2 shows the trend of some parameters for different values

of sampling frequencies, from 1 Hz to 200 Hz. It is possible to observe that Mean

Velocity and Sway Area are the most influenced parameters. Their values increase in

a significant way if the frequency sampling is higher.

Figure 4.2: Influence of the sampling frequency on geometrical parameters

Geometrical parameters describing the smallest ellipse containing the CoP trajec-

tories (major and minor axes, and eccentricity) do not show great dependencies from

the sampling frequency values, as they oscillate in a narrow range of values, but with-

out showing increments or decrements. RMS AP and RMS ML do not to depend from

sampling frequency values. This is not surprising, due to their mathematical definition
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4. APPLICATIONS OF GEOMETRICAL PARAMETERS

(see 2).

A common aspect that all the calculated parameter show is a great dependence

from sampling rate at low frequencies. Therefore, neglecting information by choosing

a low sampling frequency may reduce accuracy and thereby discriminating capability

[4].

Table 4.1 shows mean values ± standard deviation of the geometrical parameters

calculated on a population of 42 healthy subjects. The results have been reported for

both sampling frequencies of 20, 50 and 100 Hz. The parameters mean velocity and

sway area show higher values with higher sampling frequencies, and these increasing

are statistical significant (p ≤ 0.05).

Table 4.1: Mean values ± standard deviation of geometrical parameters vs.sampling

frequency. * Significant difference between different sampling values (p ≤ 0.05)

Sampling frequency 20 Hz 50 Hz 100 Hz

Mean Velocity (mm/s) 7.9±2.2* 9.0±2.3 * 10.6±2.43*

Sway Area (mm2/s) 90.5±46.3* 110.2±55.1* 139.9±68.5*

Eccentricity 0.7±0.1 0.7±0.1 0.7±0.1

Major Axis (mm) 18.5±4.9 18.6±4.9 18.6±4.9

Minor Axis (mm) 11.8 ±3.6 11.9±3.6 11.9±3.6

RMS AP (mm) 3.4±1.1 3.4 ±1.1 3.4±1.1

RMS ML (mm) 2.7± 0.9 2.8±0.9 2.7±0.9

In conclusion, comparison of results of studies performed with different sampling

frequencies is not possible. A future work will inevitably be required to investigate

another question, about up to what frequency are the CoP displacement signals to be

considered as information-carrying.
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4.2 Postural control in volleyball players

4.2 Postural control in volleyball players1

It is known that volleyball players show better dynamic visual acuity than non-

athletes. The aim of this work was to analyze the postural control of volleyball players

and the impact that vision has on it. The main hypothesis of this study is that, since

volleyball players use the visual system differently from untrained subjects, the role

of vision on postural control should also be different. The center of pressure (CoP)

in bipedal quiet stance was measured in 46 athletes from national and regional Italian

teams and 42 non-athlete controls. Each subject was tested in 10 different conditions, 5

with their eyes open and 5 with their eyes closed. Volleyball players showed greater CoP

ellipses with respect to controls in 8 conditions over 10. A multivariate approach to data

analysis demonstrated that the two groups were different when the subjects kept their

eyes open, but they were not with visual deprivation. The influence of the athlete’s

expertise and team role on balance performances was also analyzed. Differences in

the upright stance of national and regional athletes were found, as well as differences

between defensive players and hitters.

4.2.1 Introduction

A skilled control of postural stability is fundamental in many of the actions per-

formed by volleyball athletes. The effectiveness in serving, receiving, setting, or digging

the ball is affected by the athletes ability to control their dynamic balance. Volleyball

players are asked to adapt their posture very quickly to promptly react to each game

situation. A rapid restoration of the body balance after an equilibrium disturbance is

crucial. In fact, trying to handle the ball having a poor postural stability results in

far less accurate actions. Coaches are aware of the importance of balance training to

improve the team’s performances. Furthermore, the effectiveness of balance training in

preventing serious injuries was demonstrated in various sports [5, 6, 7, 8].

The control of upright posture depends on the integration of information arising

from visual, vestibular, and proprioceptive systems [9]. Since many physiological

aspects contribute to determine balance performances, evaluating postural control

quantitatively may be a challenging task.

1This study is described also in [1], a paper accepted to be published in Human Movement Science.
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Static posturography provides an objective evaluation of postural control perfor-

mances by characterizing the body sway during upright standing [9, 10, 11]. This

technique is based on the study of the Center of Pressure (CoP) trajectory of a subject

in quiet standing on a force platform.

Training allows sportspeople to acquire new abilities in balance control according

to the discipline practiced [12, 13, 14]. Postural control investigation in athletes could

provide insight into the development of specific postural strategies required by a par-

ticular sport. In literature there are studies investigating postural control in dancers

[12, 13, 14, 15, 16], gymnasts [17], judokas [14], soccer [18] and volleyball players

[19, 20].

In specific sports, practice may modify the influence of the visual input on balance

performances. As an example, [15] found that male professional dancers were signi-

ficantly more stable and less dependent on vision for postural control than untrained

subjects. They suggest that professional dance training strengthens the accuracy of

proprioceptive inputs and shifts sensorimotor dominance from vision to propriocep-

tion.

Athletes practicing volleyball have a constant involvement of the visual system.

This is certainly true in many team sports, but volleyball players especially are con-

stantly making ocular movements. Thinking about the position of the eyes that is

kept by the players when playing defense (sumsumversion), one realizes how a proper

functioning of ocular motility is fundamental to adequately react to the attack of the

opposite team. The constant movement of the ball in the game field implies a training

of the eye muscles. This ocular training might have an impact in postural control.

In literature there are many studies pointing out the relationship between the per-

formances of athletes in specific disciplines and their visual skills [15, 21, 22, 23]. In

fast ball-sports, dynamic visual acuity of athletes is known to be superior to that of

non-athletes [24]. In volleyball, it was demonstrated that female players show a better

facility of accommodation and more saccadic eye movements than the non-playing con-

trol group [21]. Another study, on a male group of volleyball players, demonstrated

that expert players perform fewer fixations of longer duration, concentrating on the

starting and ending points of the ball trajectory, while non-athletes tend to follow the

whole trajectory [23]. The cited works established that vision in volleyball players

70



4.2 Postural control in volleyball players

differs from that of untrained subjects. Furthermore, [25] reported that saccadic eye

movements might modify postural control in keeping the upright standing position.

The main hypothesis of this study is that, since volleyball players use the visual

system differently from untrained subjects, the role of vision on postural control should

also be different.

The second hypothesis is that the posture of athletes is influenced by their level of

expertise and/or by their team role.

4.2.2 Materials and Methods

Subjects

Forty-six volleyball players were recruited from different Italian teams: nine of

them were recruited from national professional teams (Italian championship B2 series)

and the others from regional semi-professional teams. All of them regularly practiced

volleyball. The national athletes were involved in training sessions 3-4 times per week,

while the semi-professional players trained 2-3 times per week. Each training session

lasted two hours. A weekly match completed the athletes’ training. The group was

composed of athletes trained to play in different positions. There were 15 outside

hitters, 16 central hitters, 2 opposite hitters, 9 setters, and 4 liberos. The different

positions were uniformly distributed among athletes of different levels. In particular,

among the nine athletes recruited from national teams there were 3 setters, 3 outside

hitters and 3 central hitters. To study postural differences of athletes specialized in

different roles, I chose to divide hitters (attackers) from other roles (defenders). In the

hitters group I included outside, central, and opposite hitters, while in the other roles

group I included setters and liberos.

The control group consisted of 42 healthy subjects recruited from the students

of the University of Torino, Italy. Table 4.2 reports gender, age and anthropomet-

ric characteristics of both groups. Both athletes and controls underwent orthoptic

and neuro-ophthalmologic examination at Clinica Oculistica dell’ Universit di Torino

(Torino, Italy), prior to the posturographic test, to evaluate the visual system. They

were examined for visual acuity, autorefractometry and subjective refraction for the

determination of the refractive error, strabismus (cover test), fusional amplitudes at

far and near distances (prism bar) and ocular motility (optokinetic nystagmus, smooth

pursuit and saccades). All the subjects presenting refractive errors reached a normal
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visual acuity with correction. The outcome of the examination is summarized in the

second part of Table 4.2.

The local ethical committee approved the experimental protocol and all participants

gave their written informed consent to be included in the study.

Table 4.2: Description of the two populations: volleyball players and controls

Volleball players Controls

(N = 46) (N = 42)

Anthropometric characteristics

Gender 26 males 20 females 16 males 26 females

Age(years)
mean±std 25.9±6.2 22.9±2.9 25.2±5.4 22.4±2.8

range 19-37 19-29 19-39 18-28

Height (cm)
mean±std 185.6±7.7 170.8±7.9 179.1±6.9 166.9±5.3

range 163200 155184 169-196 155-175

Weight (kg)
mean±std 79.2±8.1 62.4±8.5 75.1±9.1 57.4±6.9

range 5993 4675 55-94 44-72

Orthoptic and neuro-ophthalmologic examination

No visual correction 57.1% 30.9%

Visual correction:

miopia 36.9% 54.7%

hypermetropia 4.3% 7.1%

astigmatism 4.3% 11.9%

Orthophoria 39.1% 33.3%

Saccades in the range of normality 78.3% 52.4%

Acquisition protocol

To highlight the specific abilities of each subject in various conditions that stimulate

the visual and vestibular systems, I applied an acquisition protocol already used in a

previous work [2]. This protocol adds to the traditional frontal open and closed-eye

conditions [4, 10, 26], conditions in which the subject is evaluated after a fast or slow

head rotation, to the left or to the right side, both with eyes open and closed.
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Subjects were asked to stand quietly in upright position, with arms at their sides,

over a Kistler 9286A force platform. The inter-malleolar distance was fixed at 4 cm

and the feet opening angle was 30. The acquisition protocol consisted of a single

trial in 10 different conditions, five with the subject’s eyes open (looking at a visual

target) and five with their eyes closed. The head positions were: frontal and head

rotated left/right after a slow/fast head rotation. At the operator’s order, the subject

reached the requested head position and maintained it until the end of the acquisition.

Specifically, the 10 conditions were: (1) open eyes frontal (OEF), (2) closed eyes frontal

(CEF), (3) open eyes and head rotated after a slow left rotation (OELs), (4) closed

eyes and head rotated after a slow left rotation (CELs), (5) open eyes and head rotated

after a slow right rotation (OERs), (6) closed eyes and head rotated after a slow right

rotation (CERs), (7) open eyes and head rotated after a fast left rotation (OELf), (8)

closed eyes and head rotated after a fast left rotation (CELf), (9) open eyes and head

rotated after a fast right rotation (OERf), (10) open eyes and head rotated after a fast

right rotation (CERf).

A biaxial accelerometer fixed to the forehead of the subject allowed us to determine

when the requested head position was reached. The accelerometric signal was acquired

synchronously with the platform signals with the system Step32 (DemItalia, Italy).

The sampling frequency was 2 kHz and the signals were then down-sampled to 20 Hz.

Each recording started just before the operator’s order and lasted 70 seconds. Then,

an epoch of 60 s was extracted for the subsequent analysis, starting when the head

position became steady, i.e. discarding the few seconds that the subject used to rotate

their head after the operator’s order.

The sequence of acquisitions was randomized to avoid data being biased by learning

and/or fatigue effects [27]. Every two acquisitions the subject rested one minute,

moving away from the platform.

Data analysis

Visual skills. I applied a χ2-test for the comparison of two proportions (independent

samples) to assess the differences between visual skills of volleyball players and controls.

I considered 2 x 2 contingency tables (1 degree of freedom) to evaluate group difference

for: a) visual acuity, b) saccades in the range of normality and c) orthophoria (see

Table 4.2).
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CoP parameters. I calculated, for each condition, the major geometrical and time-

domain parameters based on the CoP [2, 4, 10, 26]. The definition of the 7 CoP

parameters considered is reported in Table 4.3. To avoid data being biased because of

anthropometric characteristics [28] I normalized the parameter values with respect to

the subjects’ body height when the correlation between each parameter and subjects’

body height was statistically significant (p ≤0.05). After normalization, I calculated

for each group the mean and standard deviation of each CoP parameter/condition, and

compared the two populations by means of a two-sample t-test. Moreover, within each

group, I tested open-eye vs. closed-eye conditions, to assess the visual contribution in

postural control.

MANOVA analysis. I obtained a total of 70 dependent variables (DVs): 10 condi-

tions 7 parameters. Looking at one parameter/condition at a time, it is necessary to

understand which parameter/condition can differentiate the two groups (see previous

paragraph), but it may be limiting. In fact, a variable that is useless by itself may be

useful with others [29]. Therefore, I was interested in taking into account the inter-

relations among CoP parameters in the different conditions. To this purpose I applied

a multivariate analysis of variance (MANOVA) approach [30, 31, 32].

I applied a 1-factor MANOVA to compare:

(a) volleyball players and controls. DVs: 10 conditions (OEF, OELs, OERs, OELf,

OERf, CEF, CELs, CERs, CELf, CERf) x 7 parameters

(b) volleyball players and controls, in eyes-open conditions. DVs: 5 conditions (OEF,

OELs, OERs,OELf, OERf) x 7 parameters

(c) volleyball players and controls, in eyes-closed conditions. DVs: 5 conditions

(CEF, CELs, CERs, CELf, CERf) x 7 parameters

(d) players of different expertise (national, regional) and controls. DVs: 10 conditions

x 7 parameters

(e) players with different team roles (hitters, other roles) and controls. DVs: 10

conditions x 7 parameters.
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Table 4.3: Postural sway parameters

Parameter Dimension Description Definition

Mean

Velocity

mm/s Length of CoP divided
∑N−1
n=1 [(AP [n + 1]−AP [n])2+

by the acquisition time T +(ML[n + 1]−ML[n])2]

Sway Area

Area of the surface 1
2T

∑N−1
n=1 |AP [n + 1] ∗ML[n]+

mm2/s enclosed by the CoP −AP [n] ∗ML[n + 1]|

path per unit of time

RMS AP

Root Mean Square of
√

1
N−1

∑N
n=1(AP [n]− ĀP )2

mm the Antero-Posterior

(AP) time series

RMS ML

Root Mean Square of
√

1
N−1

∑N
n=1(ML[n]− M̄L)2

mm the Medio-Lateral

(ML) time series

Major

Axis

Length of the major axis 2a

mm of the smallest ellipse

containing the CoP

Minor

Axis

Length of the minor axis 2b

mm of the smallest ellipse

containing the CoP

Eccentricity

Eccenctricity of e =
√

1− b2

a2

adimentional the smallest ellipse

containing the CoP

The MANOVA approach considered provided both a graphical representation of data

(multivariate descriptive statistics) by means of canonical variate analysis (CVA), and

a multivariate inferential test (Wilk’s λ) [31]. This allowed to associate a pictorial

representation of data with rigorous p-values. In CVA, the canonical variables C are

linear combinations of the original variables, chosen to maximize the separation among

groups. Specifically, the first canonical variable C1 is the linear combination of the

original variables that has the maximum separation among groups. This means that

among all possible linear combinations, the first canonical variable is the one with

the most significant F-statistics in a 1-way analysis of variance. The second canonical
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variable C2 has the maximum separation being orthogonal to C1, and so on.

4.2.3 Results

First I present the results of the orthoptic and neuro-ophthalmologic examination,

secondly the t-test for each single postural parameter/condition (Fig. 4.3), and then

the MANOVA analysis (Figs. 4.4-4.5).

Visual skills. The χ2-test evidenced that volleyball players showed better visual

acuity (p = 0.016) and more normal saccades (p = 0.011) than controls. The or-

thophoria was not different between the groups.

CoP parameters. Figure 4.3 shows the mean and standard deviation of each para-

meter for athletes and controls in the 10 conditions. Statistically significant differences

between groups are indicated with an asterisk (p ≤ 0.05). The Mean Velocity was

not significantly different between groups, but volleyball athletes always showed higher

values than controls. The Sway Area differentiated the two groups only in a few test

conditions. The Major and Minor Axis, RMS AP and RMS ML showed significant

differences in the majority of the conditions. Eccentricity did not differentiate the

two groups. Furthermore, considering each group separately, we compared open eyes

vs. closed eyes performances. The Mean Velocity showed significant differences in

all test conditions, for both groups. For the other parameters, statistically significant

differences between eyes open and eyes closed tests were observed only in a few test

conditions.

MANOVA analysis. Figure 4.4 shows multivariate data from athletes and controls

plotted against the first two canonical variables C1 and C2. Fig. 4.4(a) reports the

comparison of athletes and controls based on the complete set of 10 conditions (5

with eyes open and 5 with eyes closed). In order to evaluate the effect of the visual

system, Figs. 4.4(b) and 4.4(c) consider the eyes open and eyes closed acquisitions

separately. In these plots (Fig. 4.4(a)-(c)), the two groups are slightly separated in

the canonical variables plane. They were not significantly different according to Wilk’s

λ MANOVA test (p=0.26) when all the 10 conditions were considered together (Fig.

4.4(a)). On the contrary, the two groups were found to be significantly different in the
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Figure 4.3: Comparison of posturographic parameters between volleyball athletes and

controls: mean values and standard deviation are shown for each parameter and each trial

condition listed in the legend. * Significant difference between athletes and controls (p

≤ 0.05); 4 significant difference, in controls, between eyes open and closed (p ≤0.05); ◦

significant difference, in volleyball athletes, between eyes open and closed (p ≤ 0.05).
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open-eyes conditions (p = 0.05) (Fig. 4.4(b)), while visual deprivation did not allow to

differentiate the two groups (p = 0.20)(fig4.2(c)).

In Fig. 4.5 I considered separately athletes coming from national and regional

teams and playing different team roles. Figure 4.5(a) reports multivariate data relative

to athletes at a national level, athletes at a regional level, and controls. The three

groups are well separated in the canonical variables plane (Wilk’s λ test: p = 0.001).

More specifically, volleyball players recruited from national teams are far apart from

the other two groups, while the regional group is only slightly apart from controls. Note

that the national group is separated from the regional and control group along the first

canonical variable C1, while it is only the second canonical variable C2 that separates

the regional group from controls. Fig. 4.5(b) reports multivariate data relative to

volleyball athletes playing as hitters, playing as other roles, and non-athlete controls.

The three groups are separated in the canonical variables plane and the MANOVA

test was very close to being statistically significant (p = 0.058). Note that the group

constituted by setters and liberos is the one that is the most distant from the other

two groups.
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Figure 4.4: Athletes and controls: scatter plots of the first (C1) vs. the second (C2)

canonical variable. (a) All 10 conditions. (b) Open-eye conditions (OEF, OELs, OERs,

OELf, OERf). (c) Closed-eye conditions (CEF, CELs, CERs, CELf, CERf).

Figure 4.5: Athletes and controls: scatter plots of the first (C1) vs. the second (C2)

canonical variable. Different (a) training expertise, and (b) team roles are considered,

while all the 10 trials are taken into account.
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4.2.4 Discussion

In literature there are few studies examining balance performances in volleyball

players. Most of these studies focus on the effect of proprioceptive balance training in

reducing the risk of ankle sprains among volleyball athletes [5, 8], but they do not

assess balance performances with quantitative tests. Only one study [19] is directly

comparable to this one, at least in some aspects. My work analyzes the visual skills

of athletes and non-athletes, in order to better understand the postural differences

between the groups and then delves deeper into these differences taking into account

the level and the playing position of the athletes.

Influence of visual skills on balance performances It is well known that visual

skills play an important role in open eyes balance control [9], while closed eyes standing

does not depend on vision.

Results of the orthoptic examination show that refractive errors are more numerous

in controls than in athletes, but during the balance test all the subjects had refractive

correction and reached normal visual acuity. Hence, from a (static) visual acuity point

of view, volleyball players cannot be considered different from controls.

However, when a moving target is considered, ’dynamic’ visual acuity of athletes

is definitely superior to that of controls (see e.g. [24].

It was demonstrated that female volleyball athletes show better facility of accom-

modation and saccadic eye movements (SEM) than the non-playing control group [21].

Similarly, in our population volleyball players showed adequate SEM in 78.3% of cases,

while this was found in only 52.4% of controls. Moreover, it was reported that in a game

situation, expert volleyball players adopt a different gazing strategy than non-expert

players [23].

Using a multivariate approach I found that the 5 open-eye conditions allow to dis-

tinguish athletes from controls (p = 0.05), while, considering closed-eye conditions, the

difference between groups is not statistically significant (p = 0.20). This shows that

ocular training of volleyball players has an influence not only in a game situation, as

already demonstrated [23], but also in static balance control. Emery [33] indicated

measures of dynamic standing as the proper tool in investigating athlete postural con-

trol. My findings suggest that also stabilometric tests in bipedal static conditions could

be a useful tool in the evaluation of postural performances of volleyball athletes.
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Differences between volleyball players and controls Kuczyski et al. [19] analyze

the balance performances of 23 volleyball players recruited from the Polish male second

league. This study reports that players have lower CoP variability in the ML direction

and lower CoP range than controls in both AP and ML directions. The CoP mean

velocityof athletes was higher than that of controls. My results are in partial agreement

with Kuczyski’s study. In fact, I found that the mean velocity of the CoP resultant

in OEF shows greater values for volleyball players than for controls, but in my study

this difference is not statistically significant (p = 0.19). Differently from Kuczyski et

al. [19], I found that RMS AP and RMS ML have greater values in athletes than in

controls, although these differences are not always statistically significant.

These discrepancies between my study and Kuczyski’s work may be explained by

different factors: a) the authors of the cited study considered only male athletes, while

I considered both females and males, b) they considered only 1 condition (eyes open

frontal), while I considered 10 conditions (5 with eyes open and 5 with eyes closed)

following the indications suggested by Ruhe et al. [11], c) their test lasted only 20

s, while my test lasted 60 s (which should guarantee a better reliability of the results,

as suggested by Doyle et al. [34] and by Ruhe et al. [11]). Moreover, Kuczyski did

not apply the standardization of CoP parameters with respect to the anthropometric

characteristics and this can bias the data [11, 28].

In the literature, a greater CoP trajectory is usually interpreted as lower stability

(e.g. [26]). Nevertheless, there are various studies demonstrating a greater sway

ellipse of athletes with respect to non-athletes, which may be read as a paradox. As

an example, a study on young male athletes practicing canoeing and kayaking reports

larger CoP mean amplitudes and sway velocity for the athletes [35]. Another study

reports that synchronized ice skaters unexpectedly showed less ’balance’ than controls

in upright stance on a rigid force platform [36]. I believe that caution is needed in

the interpretation of larger sway ellipses as indicators of a poorer balance of athletes

with respect to non-athletes. Similarly to what was found in the cited studies, my work

demonstrated that volleyball players show greater values of RMS AP, RMS ML, Major

and Minor Axis with respect to controls. I hypothesize that this is due to the attitude

that these athletes develop in order to quickly react to each game situation moving

rapidly from a static position. This is consistent with the hypothesis of a different

model of sensory integration in the postural stability of athletes [35].
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Different athlete expertise and team roles Considering the information arising

from the 10-condition protocol, I demonstrated that it is possible to separate volleyball

players of national level from athletes of regional level and controls. The data presented

suggest that the level of expertise of the players influences their postural control in static

conditions: the higher the training level, the more remarkable the difference between

athlete and non-athlete performances. Jafarzadehpur et al. [21] investigated the visual

skills of volleyball players with different levels of expertise: beginner, intermediate, and

advanced players. They observed better visual performance in advanced players than

in the others. This can be an indirect confirmation of my findings, since the visual

system and sensory-motor coordination are mutually interrelated.

In an analogous way, I observed that athletes trained in different team roles (hitters,

setters and liberos) have different balance performances. Hitters are usually trained to

respond to a single playing scheme and may have longer reaction times than defend-

ers. In fact, they have to react quickly only if the ball is received in the wrong way.

Their specific skill is elevation. They express their coordination and balance abilities

especially when they jump in the air to make contact with the ball. On the contrary,

setters rapidly move toward the moving ball and quickly decide which scheme is better

to apply, choosing to which attacker they should deliver the ball. Setters must always

have very short reaction times. Liberos are exclusively defensive players. They are usu-

ally the players on the court with the quickest reaction time and best passing skills. In

literature, anthropometric differences are described among hitters, setters and liberos

[37]. However, since I normalized our data with respect to height, these differences

should not significantly influence our findings. I hypothesize that the postural differ-

ences observed among different team roles are due to the specific training undergone

by these athletes rather than to their body structure.

4.2.5 Conclusion

In this study I investigated the postural control of volleyball players in bipedal

static conditions. I demonstrated that athletes differ from non-athletes in the open-eyes

conditions. More specifically, the sway ellipse and other CoP parameters were larger

for athletes. This might be erroneously interpreted as volleyball showing worse balance

performances. I hypothesized that this result could be explained as an adaptation of
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athletes to a postural scheme that integrates the visual system differently with respect

to untrained subjects.

Furthermore, Ie demonstrated that national level athletes differed from regional

level ones in upright stance. This difference may be due to the different intensity levels

of their training and/or to the subjective aptitude of the athletes. I also observed a

different postural stability of defensive players with respect to hitters. Ie hypothesized

that this difference is mainly due to their quicker reaction times.

The protocol presented in this work might be useful to assess the efficacy of intensive

sport training programs involving the integration of proprioceptive and visual systems

and/or to select elite players with an aptitude for a specific playing role.
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4.3 Postural control in patients after traumatic brain in-
jury1

Postural instability is a common and devastating consequence of traumatic brain in-

jury (TBI). The majority of TBI patients also suffer from neuro-ophthalmic deficits that

can be an important contributing element to their sensation of vertigo and dizziness.

Static posturography aims at the objective evaluation of patient balance impairment,

but is usually affected by large inter- and intra-subject variability. Here I propose a

protocol based on 10 randomized trials stimulating in different ways the visual and

vestibular systems. Due to its completeness, my protocol highlights the specific resid-

ual difficulties of each patient in the various conditions. In this way, it was possible

to evidence significant balance abnormalities in TBI patients with respect to controls.

Moreover, by means of a multivariate analysis I was able to discriminate different levels

of residual neuro-ophthalmic impairment.

4.3.1 Introduction

Traumatic brain injury (TBI) is an important cause of disability at all ages [38]. In

the USA the annual incidence of emergency department visits and hospital admission

are respectively 403 per 100,000 and 85 per 100,000 [39]. The mean annual incidence

rate of hospitalized and fatal TBI for Europe is 235 per 100,000 [40]. Approximately

80% of injuries are classified as mild, 10% as moderate, and 10% as severe [40]. Severity

is usually described by the Glasgow Coma Scale (GCS) [41], and is evaluated when the

patient enters the emergency department. However, GCS may change during hospita-

lization and it does not describe the nature and the entity of the residual impairments.

One of the most common complaints among TBI patients is postural instability and

balance impairment [42, 43].

Neuro-ophthalmic deficits commonly follow TBI, since the afferent and efferent

pathways are vulnerable to traumatic injury. Commonly described categories of oculo-

motor dysfunctions are anomalies of accommodation, version, vergence (nonstrabismic,

as well as strabismic), photosensitivity, visual field integrity, and ocular health [44].

Authors indicate different percentages of neuroophthalmic impairments following TBI,

ranging from 39% to 90%, as described in [45, 46, 47, 48].

1This study is described also in [2].
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Neuro-ophthalmic deficits may have important consequences on balance, since pos-

tural control integrates information from the visual, vestibular, and somatosensory

systems.

Subjective complaints of dizziness that occur in the absence of objective clinical

signs are difficult to assess [49, 50]. Static stabilometry may provide an objective

evaluation of postural instability [4, 9, 26, 51, 52] by characterizing the performance

of the postural control system during quiet standing.

This technique is based on the study of the trajectories of the Center of Pressure

(CoP) on the support surface. CoP trajectories are recorded by a force platform and

analyzed using different techniques and extracting different kinds of parameters [4, 26,

52]. A possible limit of static stabilometry was highlighted by Ref. [51, 53] due to the

high inter-subject and intra-subject variability that many studies report.

Previous studies [49, 50, 54, 55, 56, 57, 58, 59] addressed the problem of quantifying

the consequences of TBI on balance assessment using static stabilometry. None of the

studies published in the past specifically considered a group of TBI patients with a

significant residual visual impairment.

Studies on static posturography are usually based on an acquisition protocol con-

sisting of two trials, with open and closed eyes, respectively, to take into account the

role of the visual system.

My study differs from the previous ones in two aspects. First, I consider a group of

TBI patients with residual neuro-ophthalmic deficits. Secondly, this study is based on

a more complete acquisition protocol that adds to frontal open- and closed-eye trials,

trials in which quiet standing of the subject is evaluated after a fast or a slow head

rotation. In this way, it is possible to highlight the specific difficulties of each patient

in various conditions that stimulate the visual and vestibular systems.

The aim of this study is to present a more complete acquisition protocol that

allows to evaluate balance impairments in TBI patients and to demonstrate that such

protocol can discriminate between controls and patients. Furthermore, I demonstrate

that the presented protocol can also distinguish patients with different levels of visual

impairment.
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4.3.2 Material and methods

Subjects

TBI patients were recruited from the outpatients of the Clinica Oculistica C.

Sperino, Ospedale Oftalmico (Torino), Italy, where they were referred for a neurooph-

thalmologic examination. On an average, 73% of approximately 70 TBI patients that

were referred to Clinica Sperino in a year had neuro-ophthalmic impairments. The as-

sessment of the severity of trauma was based on patients history and medical records ob-

tained from the Post-traumatic Rehabilitation Center of Caraglio (Cuneo, Italy) where

they were treated after the injury. My greater sample was formed by 50 subjects. The

inclusion criteria were the typology of brain injury, its localization, and the presence of

visual impairment only at the time of the test. We considered patients whose injuries

were localized in the frontal, fronto-temporal, and fronto-temporo-parietal lobe, to se-

lect subjects with a high probability of suffering from neuro-ophthalmic deficits caused

by the trauma. I excluded patients who showed residual sensorimotor or vestibular

impairments. Thus, 13 TBI patients out of 50 were included in this study. These were

four females (age 2841 years, mean 34.5 ± 6.0 years; height 160170 cm, mean 163.0 ±
4.8 cm; weight 53 85 kg, mean 62.5 ± 15.1 kg) and nine males (age 2263 years, mean

33.7 ± 13.9 years; height 170186 cm, mean 181.0 ± 3.4 cm; weight 7090 kg, mean 79.0

± 6.4 kg). Table 1 shows patients characteristics.

The control group consisted of 43 healthy subjects, 26 females and 17 males,

matched for age, height and body mass index, with no orthopedic, neurological or

visual problems.

Both TBI patients and controls underwent a neuro-ophthalmologic examination

prior to the test to evaluate the visual system.They were examined for pupillary reflex,

smooth pursuit, saccades and optokinetic nystagmus. The last column of Table 1

reports the clinical evaluation of the residual visual impairment at the time of the

balance test. In all patients abnormal saccades were observed. In five patients global

deficits of the eyes version were found. These patients were classified as severe in the

last column of Table 1. Three patients showed both saccades and smooth pursuit

anomalies and were classified as moderate. Patients in which only abnormal saccades

were observed were classified as mild. All the subjects belonging to the control group

did not show any neuro-ophthalmologic abnormality.
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The experimental protocol was approved by the local ethical committee and all

participants gave their written informed consent to the study.

Table 4.4: Postural sway parameters

Patient Age

(years)

Gender

(M/F)

GCS

scorea
CT/MRI

(months)

Timeb Cause Residual

damagec

1 26 M 15 Negative 37 Violence Mild

2 62 M 14 Positive 130 Traffic accident Moderate

3 25 M 4 Positive 35 Fall from scaffolding Severe

4 41 F 8 Positive 42 Traffic accident Severe

5 28 M 8 Positive 95 Traffic accident Severe

6 31 M 6 Positive 71 Traffic accident Severe

7 22 M Not av. Positive 55 Traffic accident Mild

8 28 F 9 Positive 64 Fall from horse Severe

9 31 F 8 Positive 38 Traffic accident Mild

10 38 F 6 Positive 66 Traffic accident Moderate

11 38 M 6 Positive 143 Traffic accident Mild

12 21 M 14 Positive 15 Traffic accident Mild

13 50 M 14 Positive 17 Fall from scaffolding Moderate

aLowest Glasgow Coma Scale score after hospitalization.
bTime elapsed from head trauma.
c Assessed from the clinical neuro-ophthalmic evaluation of the patients prior to the balance test.

Acquisition protocol

Subjects were asked to stand quietly, in upright position, over a Kistler 9286A force

platform. The inter-malleolar distance was fixed at 4 cm and the feet opening angle

was 308. The acquisition protocol consisted of 10 different trial conditions, five with

eyes open (looking at a visual target) and five with eyes closed. The head positions

were: (1) frontal: open eyes frontal (OEF), closed eyes frontal (CEF), (2) head rotated

after a slow left rotation: open eyes left slow (OELs), closed eyes left slow (CELs), (3)

head rotated after a slow right rotation: open eyes right slow (OERs), closed eyes right

slow (CERs), (4) head rotated after a fast left rotation: open eyes left fast (OELf),

closed eyes left fast (CELf), (5) head rotated after a fast right rotation: open eyes

87



4. APPLICATIONS OF GEOMETRICAL PARAMETERS

right fast (OERf), closed eyes right fast (CERf). At the operator order, the subject

reached the requested head position and then the signal acquisition started. A biaxial

accelerometer fixed on the forehead of the subject was employed for monitoring the

head rotation. Each recording started at the end of the head rotation and lasted for 60

s.

The sequence of trials was randomized to avoid learning and/or fatigue effects [27].

For every two trials the subject rested for 1 min moving away from the platform.

The platform signal was recorded with a sampling frequency of 2 kHz and then

down-sampled to 50 Hz. The acquisition system was Step32 (DemItalia, Italy).

Data analysis

I calculated the major geometrical and time-domain parameters based on the CoP

trajectory [26, 52]. Table 4.3 describes the set of parameters we considered.

First, I compared TBI and controls for each trial condition and CoP parameter

by means of a two-sample t-test, after verifying the gaussianity of the distributions.

Moreover, I was interested taking into account the inter-relations among CoP pa-

rameters in the different trials, using the global information arising from the complete

protocol: for each subject I have a total of 70 dependent variables (10 trials x 7 parame-

ter values). To this purpose, I applied a multivariate analysis of variance (MANOVA)

approach [30, 31, 32]. I reduced the number of CoP parameters considered, preserving

those containing non redundant information and discarding parameters highly corre-

lated among them or with high within-group variability. To select the reduced set of

parameters I used Wilks Lambda statistic (λ) [31]. λ is an index of the parameters

discrimination capability. It is defined as the ratio between the within-groups gen-

eralized variability and the total generalized variability, the latter being the sum of

the within-groups and between groups generalized variability. This index takes values

between zero and one, lower λ-values indicating a better discrimination among groups.

The procedure I adopted is the following. As a first step, I calculated λ for each

parameter separately and sorted the parameters in λ ascending order. I kept the

parameter with lower λ-value. Then I considered all the possible combinations of

two parameters, recalculated the corresponding λ-values and sorted them in ascending

order, keeping the combination with lower λL-value. The process was carried out

iteratively adding one parameter at a time, each time recalculating the λ-value and
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choosing the combination of parameters showing the lowest λ-value. The parameter

selection stopped when, adding more parameters, λ did not significantly decrease [31].

After the selection of the reduced set of CoP parameters I summarized the infor-

mation arising from the 10-trial protocol applying a canonical variate analysis (CVA)

[31]. The canonical variables C are linear combinations of the original variables, chosen

to maximize the separation among groups. Specifically, the first canonical variable C1

is the linear combination of the original variables that has the maximum separation

among groups. This means that among all possible linear combinations, it is the one

with the most significant F statistic in a one-way analysis of variance. The second

canonical variable C2 has the maximum separation while being orthogonal to C1, and

so on. I represented the two populations of TBI and controls in the plane of the first

two canonical variables.

4.3.3 Results

Figure 4.6 shows, for each parameter, mean and standard deviation of TBI patients

and controls in the 10 typologies of acquisition. Differences between groups which are

statistically significant (two-sample t-test, p ≤ 0.05) are indicated with an asterisk.

Major and minor axis and the RMS values show significant differences in all of the

trials. Mean velocity highlights significant differences between TBI and controls mainly

in trials after head rotation (slow or fast). On the contrary, mean velocity is not

significantly different in trials with a frontal head position, both with eyes open and

closed. Sway area and eccentricity do not differentiate the two groups. I also tested open

eyes vs. closed eyes performances: significant differences are indicated with triangles

in controls and with circles in TBI patients. In controls, differences were observed in

all the test conditions for the mean velocity. For the other parameters, statistically

significant differences were observed only in a few test conditions. In TBI patients

there were significant differences between open eyes and closed eyes trials only in a

single test condition (mean velocity, OERf vs. CERf).

Figure 4.7 shows the values of λ on which we based the parameter selection. The

single parameter that better differentiates the two populations is minor axis (λ = 0.42),

the best combination of two parameters is minor and major axes λ = 0.31), that of three

parameter is minor axis, major axis, and RMS AP (λ = 0.15), that of four parameters

is minor axis, major axis, RMS AP, and eccentricity (λ = 0.076), and, finally, that of
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Figure 4.6: Comparison of posturographic parameters between TBI patients and controls:

mean values and standard deviation are shown for each parameter and each trial condition

listed in the legenda. * Significant difference between TBI and controls (p ≤ 0.05); 4

significant difference, in controls, between eyes open and closed (p ≤0.05); ◦ significant

difference, in TBI, between eyes open and closed (p ≤ 0.05).
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Figure 4.7: Wilks Lambda (λ) as a function of the number of CoP parameters. (1) The

best single parameter (minor axis). (2) The best combination of two parameters (minor

axis and major axis). (3) The best combination of three parameters (minor axis, major

axis and RMS AP). (4) The best combination of four parameters (minor axis, major axis,

RMS AP and eccentricity). (5) The best combination of five parameters (minor axis, major

axis, RMS AP, eccentricity and sway area).

five parameters is minor axis, major axis, RMS AP, eccentricity, and sway area (λ =

0.0035). Therefore, the λ-value decreases remarkably each time a parameter is added

to the set of the best CoP parameters and it falls below 0.05 when considering the

best combination of five parameters. Hence, in the rest of the analysis, I consider

only these five parameters. Note that eccentricity and sway area do not play a role in

differentiating the two populations if they are considered as standalone parameters, but

they become useful if they are considered in combination with the other parameters.

The parameter selection procedure was performed considering all the 10 trials. The

effect of considering a smaller number of trials is evident from figure 4.8,which shows

multivariate data from TBI patients and controls plotted against the first two canonical

variables C1 and C2. Figure 4.8(a and b) shows the results of multivariate analysis

to compare controls and TBI patients, while figure 4.8(c and d) shows the differences

among the three sub-groups of TBI patients and controls. The procedure of parameter
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Figure 4.8: Scatter plots of the first (C1) vs. the second (C2) canonical variable for

controls and TBI patients. (a) Two trials: open eyes frontal (OEF) and closed eyes frontal

(CEF). (b) 10 trials: OEF, CEF, OELs, CELs, OERs, CERs, OELf, CELf, OERf, CERf.

(c) Two trials: OEF and CEF. TBI patients with different levels of neuro-ophthalmic

residual impairment (mild, moderate or severe) and controls. (d) 10 trials. TBI patients

with different levels of neuro-ophthalmic residual impairment (mild, moderate or severe)

and controls.

selection was not redone, while we recomputed the canonical variables for this specific

case. Fig. 3(a) shows the results on two acquisition trials only (open eyes frontal

and closed eyes frontal), while Fig. 3(b) refers to the complete set of 10 trials. In

figure 4.8(a) TBI patients and controls are partially overlapped, even if some of the

TBI patients fall outside the control group cloud (λ= 0.63,p = 0.014). In figure 4.8(b)

the two populations are completely separated (λ= 0.0035, p = 3.3 x 1013). Therefore,

considering all the 10 trials, TBI patients are completely differentiated from controls.

Figure 4.8(c and d) shows controls and patients suffering from mild, moderate, and

severe residual visual impairment, as reported by Table 4.4. When only two trials are
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considered, the various groups are scarcely separated (figure 4.8(c)). On the contrary,

when all the 10 trials are taken into account, not only the patients are well differentiated

from controls, but also the three groups are completely separated among them (figure

4.8(d)). Moreover, the distance between controls and the three TBI groups increases

with increasing level of visual impairment.

4.3.4 Discussion

The most widely used parameters in posturography are the total length of the

CoP path (sway path length) and the mean velocity. They are essentially the same

parameter, except that mean velocity is normalized with respect to the test duration

and hence does not depend on it. They are usually evaluated with the subject in quiet

stance on the platform with the head in frontal position, both with eyes open and

closed. It is important to notice that velocity integrates both amplitude and frequency

changes, thus a concomitant reduction in sway frequency can reduce the discriminant

power of velocity. Dehail et al. [54] studied a group of 68 TBI patients (60 of which

with a GCS score <8, and 33 with a residual neurological impairment) and found that

sway path length was significantly increased, compared to controls, both with eyes open

and closed. In my sample population, I found that mean velocity did not separate TBI

patients from controls in the trials with the head in frontal position (both with eyes

open and closed), while it separated the two populations in the newly proposed test

conditions (after slow or fast head rotation). The difference between myr results and

those reported in [54] may be explained by the fact that in this study patients reported,

in general, less severe TBI and suffered from no vestibular or sensorimotor impairment.

I hypothesized that subjects with visual impairment rely less than controls on the

information arising from the visual system. Geurts et al. [50], working with a group

of TBI patients who complained of reduced gross motor skills without sensory-motor

impairments, report that visual deprivation was most detrimental for TBI patients,

particularly for the medio-lateral control. In my patients, differences between the open-

and closed-eyes balance performances are almost never statistically significant, while

they are significant in controls for the parameter mean velocity. These results are

coherent with our hypothesis, since we found that visual deprivation is less detrimental

for patients.
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Among others, Visser et al. [51] pointed out that the poor discriminative ability (be-

tween health and disease) of posturography may relate to the substantial inter-subject

and intra-subject variability. Given these uncertainties, many researchers record a

broad range of different parameters and/or perform repeated tests in the same or in

different test conditions. As a consequence, for each subject, many parameters and

many test conditions are considered which are partially correlated among them.

To take into account all the information arising from the complete protocol, I used

a multivariate approach. Multivariate analysis requires a prior variable selection, as

described in [31]. The results of variables selection are often counterintuitive. In my

study, I excluded the best combination of five parameters that were discriminative in

univariate analysis. This is not surprising, since univariate analysis does not take into

consideration the correlation among parameters.

Thanks to the representation of subjects in the plane of the first two canonical

variables, I demonstrated (see figure 4.8) that it is possible to obtain a complete sep-

aration of patients from controls when all the 10-test conditions are considered and

is also possible to discriminate among groups of patients with different residual visual

impairment. Specifically, C1 discriminates patients from controls, while C2 summarizes

the information needed to separate patients according to the degree of their residual

visual impairment.

4.3.5 Conclusion

Using the proposed 10-trial protocol it was possible to clearly distinguish balance

abnormalities of TBI patients with respect to controls. Moreover, I found that the

severity of the residual neuro-ophthalmic deficit is correlated to the severity of the

balance impairment. This is of paramount importance from a clinical perspective since

it demonstrates that static posturography, associated to the presented protocol, can

be applied to objectively evaluate the balance performances of a patient enrolled in a

rehabilitation program and assess his/her progresses.

94



4.4 Conclusions

4.4 Conclusions

The use of geometrical parameters in studying postural control allowed to reach

interesting results.

The proposed protocol and the evaluation of geometrical parameters allowed high-

lighting differences between groups of pathological and healthy subjects.

In particular, in the volleyball study, the starting hypothesis about different strate-

gies in athletes compared to controls in using the visual information during mantainance

of upright position was confirmed. Moreover, I was able to differentiate among different

atheletes of different levels and different role in the game situation.

In TBI study, I was able to highlight differences between pathological and control

subjects. Moreover, it was possible to evidence different difficulties in patients with

different levels of residual visual impairments.
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5

Rotational components in center
of pressure signals

In this chapter, the rotary spectra analysis mathematically described in chapter 3

will be applied to center of pressure signals of a group of healthy subjects.

Both the stationary and non-stationary cases will be analyzed.

5.1 Stationary case1

Applications of the analysis of the CoP trajectory can be found in studies about

the physiology of the human motor control (e.g. [2]), in the assessment of pathological

conditions, e.g. Parkinsons disease [3], vestibular disorders [4], cerebral palsy [5],

traumatic brain injury [6], as well as in the evaluation of athletes balance performances

[7].

In an effort to interpret the CoP signal, several techniques were developed in diffe-

rent research fields. As an example, in the framework of statistical mechanics, Collins

and De Luca [8] formulated a method based on fractional Brownian motion, analyzing

the short- and long-term time intervals of the CoP signal. In the field of motor control,

the study of Zatsiorsky and Duarte [9] considered the instant equilibrium point and

its migration in the plane, introducing the rambling-trembling decomposition. This

decomposition separates the low and high frequency components of the CoP signal.

Recent advances in the study of postural control focused on the muscle synergies and

strategies adopted during voluntary body sway [2, 10, 11].

1This study is described also in [1], a paper which passed the first stage of review to be published
in Motor Control.
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In the great majority of the clinical studies, it is widely accepted to extrapo-

late geometrical parameters from the CoP trajectory (e.g. sway path length, sway

area, smallest ellipse containing the CoP trajectory) or statistical parameters from the

antero-posterior (AP) and medio-lateral (ML) time series (e.g. root mean square). The

decomposition of the CoP signal into the AP and ML timeseries was traditionally in-

troduced to account for the plantarflexion/dorsiflexion about the ankle joint, and the

abduction/adduction about the hip joint, respectively [12]. Baratto et al. [13] re-

port the use of 38 different posturographic parameters. These parameters were defined

in the time domain, in the frequency domain, or were based on diffusion plots and

sway-density plots. Most of the parameters calculated according to these different ap-

proaches are affected by relevant intra- and inter-subject variability and/or do not have

a clear physiological interpretation [14]. Furthermore, the traditional CoP decompo-

sition into AP and ML time-series may hide some important information embodied in

the combined signal, like the presence of loops around the instant equilibrium point

[15].

In this study, the problem of characterizing the CoP signal is approached from

a different point of view: my hypothesis is that the CoP signal contains rotational

components. To extract the rotational components from the CoP signal I applied

the rotary spectra analysis, already described from the mathematical point of view in

chapter3.

The objective of this study is to verify the presence of rotational components in

the CoP signal. Therefore, I applied the rotary spectra analysis to the CoP signal,

demonstrated the presence of rotational components, and extracted information about

the rotational characteristics of the body sway.

5.1.1 Application to static posturography

The described mathematical formulation is applied to the sway path of healthy

subjects recorded by means of a force platform. In particular, the rotary spectra

analysis is applied to the bivariate time series of the CoP trajectory:

x(t) = CoPx(t)

y(t) = CoPy(t),
(5.1)

where CoPx and CoPy are the sway path orthogonal components on the force platform

plane.

104



5.1 Stationary case

Sample population and experimental trials

The sway path was investigated on a group of 42 healthy volunteers, 25 females and

17 males (mean age 23.74.7 years), who did not suffer from orthopedic, neurological or

visual problems.

Each subject was asked to stand quietly in upright position on the force platform,

arms at the side, and to look straight ahead at a visual target. The target was a static

black disk (diameter: 5 cm) located on the wall (2 m from the subject), at the subjects

eye level. The inter-malleolar distance was fixed at 4 cm and the feet opening angle

was 30◦.

The acquisition protocol consisted of two trials with eyes open (OE) and closed

(CE), respectively. Trials were randomized to avoid learning and fatigue effects.

The experimental protocol was approved by the local ethical committee and all

participants gave their written informed consent to be included in the study.

Acquisition System and Signal Processing

The experimental setup consisted of a Kistler 9286A (Kistler, Switzerland) force

platform and of an acquisition system STEP32 (DemItalia, Italy). Each acquisition

lasted 60 seconds. The signals were recorded with a sampling frequency of 2 kHz and

down-sampled to 20 Hz.

The mean value of CoPx and CoPy is subtracted from the respective time series.

A high-pass filter with cut-off frequency equal to 0.05 Hz is then applied to the two

time series in order to remove possible trends. We then compute the one-sided spectra

S+ and S− for the two oppositely rotating components.

The amplitude and phases of the two Fourier components X(f) and Y(f) are ob-

tained by applying the Welch method with signal epochs of length equal to 10 s, over-

lapped by 50%, and windowed by a Gaussian window.

5.1.2 Results

As an example of rotary spectra analysis applied to static posturography, Fig.5.1

shows the sway path of a representative subject and the corresponding decomposition

into rotary spectra. The CoP trajectories and rotary spectra are reported for both

experimental conditions with the subject keeping the eyes open and gazing at a target
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((a) and (b)) and with the subject keeping the eyes closed ((c) and (d)). In both

conditions we are able to extract rotational components, in CCW and CW directions.

In both open and closed eye conditions we observe a main peak at low frequencies, for

both CW and CCW components.

Figure 5.1: Sway path of a representative subject in (a) open and (c) closed eyes condi-

tions. The plots (b) and (d) show the corresponding rotary spectra: S+ = CCW component,

S− = CW component.

In order to characterize the detected rotational components of the sway path over

the population of healthy subjects, we defined eight rotary spectral parameters. We

considered the frequency at which is found the 25%, 50%, 75% and 95% of the power

spectral density. They are indicated as f25, f50, f75 and f95, respectively. The para-

meter f50 is the median of the power spectral density distribution, and f25 and f75

represent the first and third quartiles of the distribution. We considered also the mean

frequency, the skewness, the mode and the total power of the distribution.

The results of the rotary spectra analysis applied to the CoP signals of the po-

pulation are summarized in Table 5.1. At low frequencies (f25) there are statistically
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significant differences between open and closed eyes trials, both for the CCW and the

CW components. The parameters f50, f75 and the mean frequency show a significant

difference only for the CCW component. The parameter f95 is higher in the CE con-

dition than in the OE, both for S+ and S−, but it shows a greater variability with

respect to the other parameters and the difference between OE and CE results not to

be significant.

Skewness is a measure of the asymmetry of a distribution. In all the analyzed test

conditions the skewness is found to be positive, indicating that the right tail of the

distribution is longer than the left tail. No significant differences are found for this

parameter comparing OE and CE trials. Statistical mode is defined as the value that

occurs more frequently in a distribution. In the data set, the average mode ranges

between 0.14 rps and 0.17 rps (see Table 5.1). Also for this parameter no significant

differences are found comparing OE and CE trials. In the last column of Table 5.1 I

report the total power of the distribution which shows significant differences between

OE and CE trials for both S+ and S−.

Descriptive statistics of a subset of rotary parameters is given in Fig. 5.3 by means

of the boxplot representation of the sample population. The mean and median fre-

quencies, bandwidth (corresponding to 95% of the total power) and total power of the

distribution are considered. Differences between the open and closed eyes trials can be

noticed both for the CW and the CCW components, as already mentioned. In par-

ticular, the median values obtained in closed-eyes trials are always greater than those

obtained in open-eyes trials, although this difference is not always significant.

I calculated the IRC for each subject of the population (frequency band: 0-10 Hz).

In open eyes trials, I found that IRC has positive values in 24 subjects, and negative

in the remaining 18 subjects. In closed eyes trials, I observed that IRC has positive

values in 23 subjects and negative in 19 subjects.

For each subject, I compared the spectral power of the CW and CCW components,

by means of a two sample F-test for variances (σ = 5%). I obtained that, in open eyes

trials, differences between S+ and S+ are statistically significant in 40 subjects. For

23 of them S+ has a larger spectral power than S−, while in the remaining 17, S+ is

predominant. In closed eyes trials, I observed significant differences between S+ and S−

in 39 subjects. For 20 of them S+ is predominant, while in theremaining 19, prevails

S−. These results confirm what has been obtained with the IRC parameter: there is
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Figure 5.2: Boxplot representation of rotary spectral parameters related to the population

of healthy subjects: (a) mean frequency, (b) median frequency, (c) bandwidth at 95% of

the total power and (d) total power. OE = Open Eyes, CE = Closed Eyes, S+ = CCW

component, S− = CW component. Each boxplot represents the median, first and third

quartiles, minimum and maximum values of the empirical distribution. Possible outliers

are depicted as a single cross.

not a clear preferential rotational direction in the sample of healthy subjects that I

considered.

5.1.3 Discussion

In this study I hypothesized that the CoP signal shows inherent rotational charac-

teristics. Applying rotary spectra analysis I was able to extract rotational components

from the CoP signal. In literature, only few CoP parameters consider both the AP

and ML components; one of the most commonly used is the mean velocity [16], which

is the Euclidean norm of the AP and ML components normalized with respect to the

test duration. The complex-valued representation of the CoP signal, which is the base
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of the rotary spectra analysis, allows to consider not only the amplitude of the signal,

but also its phase [17].

I investigated the presence of rotational components in CoP signals of a population

of healthy subjects, and I obtained the clockwise and counter-clockwise rotary spec-

tra for each subject. This approach was never used before to analyze posturographic

signals.

I characterized each rotary spectrum calculating its bandwidth, mean and median

frequency, skewness, mode, and power spectral density.

Spectral parameters calculated for the 42 subjects show a small inter-subject vari-

ability. This is an encouraging result, since traditional stabilometric parameters usually

show high inter-subject variability [14].

In the population considered, I did not find significant differences between the pa-

rameters describing the clockwise and the counter-clockwise rotating components. This

is not surprising, since there are no physiological reasons to hypothesize the prevalence

of one component over the other. In agreement with this assertion, Experiment 2 of

Balasubramaniam and Turvey [18] demonstrated that postural fluctuations are not

influenced by handedness.

Comparing open and closed eyes conditions, I found that there are significant dif-

ferences between the spectral powers, which show greater values with the subjects eyes

closed. Differences between the power associated to the CoP trajectories with open and

closed eyes are well documented in literature. As an example, Prieto et al. [16] demon-

strated that the total power (entire CoP trajectory and AP time series) is higher with

the subjects eyes closed with respect to eyes open, both in young and elderly adults.

Furthermore, the presence of a condition effect (open vs. closed eyes) is important to

check the sensitiveness of a posturographic parameter, as suggested by Baratto et al.

[13].

An interesting result highlighted by this new approach is that the mode value of

the rotary spectra falls in the range 0.14-0.17 rps. The peak that is observed in this

frequency range probably has a physiologically explainable meaning that was never

documented before. I hypothesize that the mode value is due to the sympathetic

rhythm. In fact, experiments performed on the muscle sympathetic nerve activity

(MSNA), recording the electrical activity on the peroneal nerve at the fibula head

(microneurography), demonstrated that the neural activity is clustered in series of
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bursts that tend to occur with a periodicity of approximately 10 s. This was found

in subjects standing upright [19] or almost upright (in a 75 head-up tilt, provided

with a footrest) [20]. It is known that the sympathetic system modulates the spindles

properties that, in turns, affect the static and dynamic behavior of muscles. This could

explain the observation of rotational motions with cycle duration close to the periodicity

of sympathetic bursts in upright posture.

Moreover, it was demonstrated that the MSNA mirrors spontaneous low-frequency

(LF) fluctuations of blood pressure (Mayer waves) [20]. Pressure fluctuations could be

another cause of perturbation of quiet standing.

Further support to the hypothesis that the sympathetic nervous system modulates

postural sway is provided by a recent study [21] that relies on phasic stimulation of

the carotid baroceptors to demonstrate the influence of the autonomic nervous system

on posture.

Since the issue of the influence of the autonomic nervous system in balance could

play an important role, further research is needed to fully understand the interrelations

between autonomic activity and posture.

5.1.4 Conclusion

I investigated the hypothesis of presence of rotational components in the postural

sway signal. I was able to demonstrate rotational components by applying rotary

spectra technique to CoP signals of a population of healthy subjects. This approach

provides a better understanding of the physiological mechanisms underlying postural

control, since it evidences the presence of rotational components in the CoP signal.

This cannot be obtained with traditional approaches that considers AP and ML times

series separately. I hypothesize that rotary spectra peaks obtained in the study of

postural control during upright standing are strictly correlated to the bursts of muscle

sympathetic nerve activity. More research is needed to investigate possible clinical

applications of this methodology and to deeply understand the physiological control

mechanisms involved in maintaining upright posture.
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5.2 Non stationary case

It has been demonstrated that CoP trajectories are non-stationary signals [22, 23].

Different methods have been applied to CoP trajectories to evaluate time varying cha-

racteristics: short time Fourier transform (STFT) [24], methods based on bilinear di-

stributions [25, 26], evolutionary spectrum theory [27, 28], wavelet decomposition [29].

In this section I will present results of the extension to non-stationary case of the

rotary spectra analysis applied to the CoP signals. The time-frequency analysis is based

of the Cohen’s class. In particular I applied the Choi-Williams transform.

The experimental trials, sample populations and acquisition system are the same

described for the stationary case. Therefore, each acquisition lasted 60 seconds. The

signals were recorded with a sampling frequency for 2kHz and then down-sampled to

20 Hz.

5.2.1 Signal processing

The mean value of CoPx and CoPy is subtracted from the respective time series.

A high-pass filter with cut-off frequency equal to 0.05 Hz is then applied to the two

time series in order to remove possible trend.

The time-frequency distribution for the CoPx and CoPy time series and the cross

time-frequency distribution among the two time-series were calculated using Choi-

Williams transform. The instantaneous auto-correlation functions for the single time-

series and the instantaneous cross-correlation function were calculated using the alias

free formulation. I considered a value of fs ∗ T/2 for the maximum time delay to for-

mulate the auto and cross correlation instantaneous functions, where fs is the sampling

frequency of 20 Hz and T is the recording duration (60 s).

Concerning the kernel selectivity, I considered three different values of σ (equation

3.33), equal to 0.1, 0.5, and 1, in order to evaluate the correct σ value, not too low, to

avoid removing signal components, but also not too high, to avoid considering inference

terms as components of the signal.

The calculated time-frequency distribution have been used in equation 3.35 to ob-

tain the time frequency rotary spectra.

In order to evaluate the coherence between the two rotating components in the time-

frequency plane, I calculated the parameter described in chapter 3 as the ”stability
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of the ellipse” µk, extending the formulation of equation 3.15 to the time-frequency

domain.

5.2.2 Results

Kernel dimension

All the analyzed data presented similar time-frequency distributions. The time-

frequency distribution of the rotational components of the center of pressure signal of

a typical subject during eyes open trials is shown in figure 5.3, for different values of

kernel σ. In particular, figure 5.3a and figure 5.3b show time-frequency distribution

of the counter-clockwise and clockwise rotating components, respectively, calculated

with a value of σ of 0.1. Analogously, figure 5.3c and figure 5.3d show time-frequency

distributions calculated with a value of σ of 0.5, and figure 5.3e and figure 5.3f show

time-frequency distributions calculated with σ equal to 1. Results are normalized with

respect to the major amplitude of the two distributions, in order to compare them. It

is possible to notice that there are not great differences in time frequency distributions

calculated with different kernel dimensions, as changing the value of σ no main com-

ponents appears or disappears. Therefore, in the following analysis, an intermediate

value of 0.5 was applied.

Time- frequency distribution for a representative subject

Figure 5.4 shows time-frequency distribution of CCW and CW rotating components

of a representative subject recorded during open-eye and closed-eye trials. Results are

normalized with respect to the major amplitude of the four distributions, in order to

compare them.

The time-frequency distributions confirm the hypothesis about the non-stationarity

of the CoP signal.

I observe that, in the open-eye condition, the majority of the rotational components

have frequency lower than 0.5 rps. In closed-eye trial the bandwidth is a higher, but

always lower than 1 rps. In all the distributions there are few frequency components,

which have the same frequency for all the time, but change their power contribution. I

do not observe any chirp component.

In Fig. 1a) and 1b) there are two main rotating components, with frequencies

approximately equal to 0.1 rps and 0.3 rps, respectively. These components, with
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different power contribution, are present in almost all the examined time-frequency

distribution.

Figure 5.3: Time frequency distribution of rotating components in the CoP signal of a

representative subject calculated with different dimensions of the Choi-Williams kernel. In

particular: a) CCW components, σ equal to 0.1, b) CW components, σ equal to 0.1, c)

CCW components, σ equal to 0.5, d) CW components, σ equal to 0.5, e) CCW components,

σ equal to 1, f) CW components, σ equal to 1.

Stability of the ellipse

Figure 5.5 shows the contour plot of the parameter µk calculated in open eyes

condition, for the same representative subject of previous figures. From the plot in the

time-frequency domain I can notice that the common components are at low frequencies,
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Figure 5.4: Time-frequency distribution of a) CCW rotary spectra in OE condition; b)

CW rotary spectra in OE condition; c) CCW rotary spectra in CE condition; d) CW rotary

spectra in CE condition.

and in particular at about 0.1 rps, for the first part of the acquisition (about from 0 to

30 seconds). Later in the acquisition it is still present, but not continuously as at the

beginning.

Figure 5.6 shows the marginal of the time-frequency distribution of the stability of

the ellipse. It is possible to notice that there are three main peaks, one at 0.08 rps, one

at 0.13 rps, and another, smaller, one at 0.3 rps.

5.2.3 Discussion

All the described results on a single representative subject are similar consider-

ing the whole population. These results indicate that in most of the time-frequency
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distributions there are few frequency components. No chirp components have been

observed.

In almost all the time-frequency distributions it is possible to observe two main

frequency components, not always continuous in time, one at about 0.1 rps and one

at about 0.3 rps. As already described in the previous section in with marginals of

the rotating components were evaluated, a possible explanation for the presence 0.1

rps component is a correlation with the sympathetic nervous activity. About the 0.3

rps contribute, it is possible to hypothesize that could be a breathing contribute [24].

Observing the marginal rotary spectra it was not possible to clearly identify this second

frequency component.

In order to evaluate the frequency components simultaneously present in the CCW

and CW rotary components, I calculated the stability of ellipse parameter. The findings

confirm the presence of the previously described frequency components.

It is very difficult to analyse all the information arising from the time-frequency

distribution of the CCW and CW components of a population of subjects. Therefore, I

formulated an automatic method to interpret and classify time-frequency distribution,

in order to better understand time-frequency characteristics of the rotational compo-

nents of CoP signal.
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Figure 5.5: Time-frequency stability of the ellipse.

Figure 5.6: Marginal distribution of the stability of the ellipse.
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5.3 Conclusions

I investigated the hypothesis of presence of rotational components in the postural

sway signal, both considering the CoP signal to have a stationary and non-stationary

behaviour. In both cases, the rotary spectra approach allowed to evidence the presence

of rotational components in a population of healthy subjects. The importance of the

method is that is provides a better understanding of the physiological mechanisms

underlying postural control, considering the AP and ML series not separately but as

components of a complex signal. Observing the marginals of the rotary spectra, I

hypothesize that rotary spectra peaks are strictly correlated to the bursts of muscle

sympathetic nerve activity.

The extension of the rotary spectra analysis to deal with the CoP as a non-

stationary signal confirmed the previously obtained results. In addiction, the time-

frequency approach indicated that in most of the time-frequency distributions there

are few frequency components, which have the same frequency for all the time, but

change their power contribution. No chirp components have been observed.

It is very difficult to analyse all the information arising from the time-frequency

distribution of the CCW and CW components of a population of subjects. Therefore, in

next chapter, I will apply unsupervised feature selection methods to better understand

time-frequency characteristics of the rotational components of CoP signal.
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6

Automatic classification of CoP
signals based on time-frequency
distributions of rotational
components

In this work I developed a method to automatically analyze TF properties of ro-

tational components in the COP signals, and applied it to a population of healthy

subjects.

Firstly, TF rotary spectra analysis is performed for each COP signal, obtaining

two TF plots, one for the counter-clockwise and one for clockwise rotating components.

Then, several features are extracted, identifying the main frequency components of the

TF distributions. Finally, a clustering algorithm was applied to the whole data set to

find similarities and dissimilarities in the population.

I obtained a classification in 5 different groups, each characterized by few features

which described the TF plots of the group. I was able to identify 5 types of recurrent

behaviors in terms of frequency components characteristics in the population of healthy

subjects.

6.1 Introduction

In last chapters I proposed to analyze posturographic signals using the rotary spec-

tra analysis technique, to assess rotational components in the Centre of Pressure (COP)

signals [1].
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As previously observed, the CoP signal is non-stationary [2]. To better understand

the time-varying nature of the postural control system, it is interesting to analyze CoP

signal considering temporal dynamics of postural sway [3, 4]. To analyze non-stationary

characteristics of rotational components of the COP signal, I applied time-frequency

analysis in the development of rotary spectra formulation (see chapter5). I obtained

time-frequency distributions of rotating components of COP signals in a population of

healthy subjects. To the best of my knowledge, no previous work in literature described

these time-frequency distributions.

The rationale of this chapter is the problem of analyzing and interpreting informa-

tion carried on by the calculated time-frequency distributions of the rotational compo-

nents in the COP signals.

My interest is to describe each time-frequency plot according to some characteri-

stics, defined starting from physiological observations about the maintenance of pos-

tural control in the upright position. In particular, I am interested in investigating

about the presence of two frequency components, in the range of 0.1-0.2 rps and 0.3-0.4

rps, respectively. As observed in [1], the rotary spectra marginals peaks in the range

of 0.1-0.2 rps could be strictly correlated to the bursts of muscle sympathetic nerve

activity, as it was known to modulate postural sway [5]. Analogously, it was observed

that respiration has a significant effect on the maintenance of equilibrium [6], therefore

a rotational component with higher frequency values, around 0.3 rps, could be related

to respiration effect. Examining these frequency components in time-frequency domain

allows to evaluate their time duration, helping in better understanding of physiological

mechanisms under postural control.

Starting from time-frequency plots of a population of healthy subjects, and their

description in terms of frequency components, I am interested in clustering them, in

order to find similarities and dissimilarities.

The task of examining each time-frequency distribution manually is challenging be-

cause of the huge amount of data and the great dependence on the researcher. There-

fore, I created an automatic method to analyze and interpret information carried on

by the whole group of time-frequency plots.

Many works in literature describe automatic methods of feature extraction and

classification of signals based on time-frequency plots, in different fields e.g. seizure

detection in EEG signals [7, 8], classification of myoelectric signals [9], automatic
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speech recognition [10]. However, in all these works, the effort of the authors is to detect

already known characteristics in time-frequency plots. My starting point is completely

different, as I am interested not just in developing a method to recognize elements, but

in automatically analyzing time-frequency plots in order to extract information without

a priori knowledge.

In this work I developed a method to automatically analyze time-frequency proper-

ties of rotational components in the COP signals. Firstly, time-frequency rotary spectra

analysis is performed for each COP signal, obtaining two time-frequency plots, one for

the counter-clockwise and one for clockwise rotating components. Then, several fea-

tures are extracted, identifying the main frequency components of the time-frequency

distributions. Finally, a clustering algorithm was applied to the whole data set to find

similarities and dissimilarities in the population.

6.2 Materials and methods

Fig.6.1 shows a scheme of the proposed method. Below the three main steps, i.e.

time frequency analysis, feature extraction, and clustering, are described. Moreover,

the data set of COP signals is illustrated.

Figure 6.1: Flow chart of the proposed method
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Time Frequency Analysis of rotational components

The description about time frequency analysis of rotational components of COP

signals have been previously explained in chapter 3 and 4.

Feature Extraction

The first step to describe time-frequency plot in terms of its frequency components

is to automatically identify them. The method I applied, similarly to the one proposed

in [11], was based on region growing [12], an image processing technique to obtain

segmentation. The first step in the technique is to select a set of seed points. Seed

points selection is based on a first amplitude threshold, T1. The initial region begins

as the exact location of these seeds. The regions are then grown from these seed points

to adjacent points depending on a second amplitude threshold, T2. Both amplitude

thresholds have been defined starting from the histogram of the pixels amplitudes, after

normalizing the distribution values between 0 and 1. More specifically, if the statistical

mode of the histogram was lower than 0.3, T1 and T2 were set equal to 0.35 and 0.28,

respectively. If the mode of the histogram was between 0.3 and 0.5, T1 and T2 were

set equal to 0.68 and 0.35, respectively. Finally, if the mode of the histogram was

higher than 0.7, T1 and T2 were set equal to 0.85 and 0.45, respectively. These values

of threshold were defined in order to segment as best as possible all the frequency

components. Figure 6.2 exemplifies the three cases.

Figure 6.3 shows a representative case of the time-frequency distribution segmen-

tation. Segmenting each frequency component, we were able to automatically find its

characteristics of frequency, amplitude and time duration.

The second step is the definition of a set of features. As I am interested in in-

vestigating about presence and characteristics of components with frequency in the

range of 0.1-0.2 rps and 0.3-0.4 rps, I divided the time-frequency plane in 3 different

frequency bands of interest, one from 0 to 0.2 rps, one from 0.21 rps to 0.3 rps, and the

last one from 0.31 to 0.5 rps. In each of these bands, I explored how many frequency

components were present, how long did they last and what was their energy. The time

duration of the frequency components have been divided in 3 classes, short, if shorter

than 30 s, medium if longer than 30 s and shorter than 50 s, and long if present for at

least 50 s. Analogously, the amplitude of the component is low, medium, or high if it
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Figure 6.2: Amplitude thresholds for region growing, depending on the statistical mode of

the pixel amplitude histogram. I differentiated three cases: (a) representative of histograms

with mode lower than 0.3, (b) representative of histograms with mode between 0.3 and

0.5, and (c) representative of histograms with mode higher than 0.7.

contains, respectively, less than 30%, between 30% and 60%, or more than 60% of the

total energy of the signal.

It is important to notice that the information about the energy of each compo-

nents is considered as a fractional part of the whole energy of the signal. In this way,

information about the absolute value of energy of each time-frequency distribution is

discarded, as I am interested to describe each time-frequency in terms of frequency

components and not in terms of absolute amplitude.

Therefore, I defined 27 different features, summarized in table 6.1.

Clustering

The clustering algorithm we applied is Iterative Self-Organizing Data Analysis

Technique (Algorithm) (ISODATA) [13]. ISODATA is an unsupervised iterative al-

gorithm of classification. Firstly it performs a k-means clustering [14], then splits any

cluster whose samples are sufficiently dissimilar and merges any two clusters which are

sufficient close. The procedure is iterative, and requires the user to define a number of
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Figure 6.3: Contour plot of the time-frequency distribution of a representative subject

(a) before and (b) after the segmentation of the main frequency components.

parameter, listed below.

• NminEX : minimum number of examples for each cluster. I set it equal to 8.

• ND: approximately, desired number of clusters. I set it equal to 4.

• σ2
S : maximum spread parameter for splitting. I set it equal to 4.

• Dmerge: maximum distance separation for merging. I set it equal to 8.

• Nmerge: maximum number of clusters that can be merged. I set it equal to 3.

A quick description of the main steps of the ISODATA algorithm is:

1. Select an initial number of clusters NC and use the first Nc examples as clusters

centers µk, k =1,...,NC

2. Assign each example to the closest cluster

(a) Exit the algorithm if the classification of examples has not changed

3. Eliminate clusters that contain less than NminEX examples and assigning their

examples to the remaining clusters based on the minimum distance. Decrease NC

accordingly.
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Table 6.1: List of features

Frequency Amplitude Time duration Features

0 ≤ f < 0.2 rps

High amplitude

t ≥ 50 s F1

30≤ t < 50 s F2

t < 30 s F3

Medium amplitude

t ≥ 50 s F4

30≤ t < 50 s F5

t < 30 s F6

Low amplitude

t ≥ 50 s F7

30≤ t < 50 s F8

t < 30 s F9

0.2 ≤ f< 0.5 rps

High amplitude

t ≥ 50 s F10

30≤ t < 50 s F11

t < 30 s F12

Medium amplitude

t ≥ 50 s F13

30≤ t < 50 s F14

t < 30 s F15

Low amplitude

t ≥ 50 s F16

30≤ t < 50 s F17

t < 30 s F18

0.5 ≤ f rps

High amplitude

t ≥ 50 s F19

30≤ t < 50 s F20

t < 30 s F21

Medium amplitude

t ≥ 50 s F22

30≤ t < 50 s F23

t < 30 s F24

Low amplitude

t ≥ 50 s F25

30≤ t < 50 s F26

t < 30 s F27

4. For each cluster:

(a) Compute the center µk as the sample mean of all the examples assigned to

the cluster
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(b) Compute the average distance between examples and clusters centers

(c) For each cluster, compute the variance of each axis and find the axis n* with

maximum variance σ2
k(n∗)

5. Split clusters with σ2
k(n∗) > σ2

S , if their average distance is higher than the

medium of distances or if Nc < ND. Increment NC accordingly and reassign the

cluster’s examples to one of the new clusters based on the minimum distance to

cluster centers.

6. If NC > 2ND, merge clusters that with reciprocal distance lower than Dmerge.

Decrement NC accordingly and compute the new cluster center.

7. Go to step 2.

It is important to notice that in the defined parameter I indicated a desired number

of clusters that is not the exact number of clusters that the algorithm has to reach, but

it is only an indication about the order of magnitude.

Each example of my population of time-frequency distributions was a vector with

27 elements, each for one feature.

Data set

The sway path was investigated on a group of 42 healthy volunteers, who did

not suffer from orthopedic, neurological or visual problems. Subjects were asked to

stand quietly, in upright position, over a force platime-frequencyorm. The acquisition

protocol consisted of two randomized conditions with eyes open (OE) and closed (CE),

respectively. The experimental setup consisted of a Kistler 9286A (Kistler, Switzerland)

force platime-frequencyorm and of an acquisition system STEP32 (DemItalia, Italy).

Each acquisition lasted 60 s. The signals were recorded with a sampling frequency of 2

kHz and down-sampled to 20 Hz.

Signal Processing

The rotary spectra analysis is applied to the sway path orthogonal components

on the force platime-frequencyorm plane COPx and COPy. The mean value of COPx

and COPy is subtracted from the respective time series. A high-pass filter with cut-off

frequency equal to 0.05 Hz is than applied to the two time series in order to remove
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possible trends. I extended the rotary analysis to time-frequency domain, applying a

Choi-Williams kernel with σ equal to 0.5, to obtain the time-frequency rotary spectra

S+(t,f) and S−(t,f). I applied the method to all the calculated time-frequency distribu-

tion. I examined both the clustering obtained from the whole group of time-frequency

plots, and the classifications obtained considering OE and CE acquisition separately.

6.3 Results

Applying the time-frequency analysis to the COP signals of the whole population

of healthy subjects, I obtained a total of 168 time-frequency plots.

After extracting features and clustering the whole set of time-frequency, I obtained 5

groups. The first group contains 15 time-frequency plots, the second 57 time-frequency

plots, the third 33 elements, the fourth 27 elements, and the fifth 36 elements. Fig.6.4

shows how the features (columns) are distributed in the 5 groups (rows). Each cell

shows the number of times in which the feature is present in the group normalized

on the number of elements. The lighter the cell, the more frequent the feature in the

group.

Each group has few features which are representative of the characteristics of the

cluster, and these main features are never in common between different groups. The first

group shows a strong presence of features F5 and F18. The second group is represented

by features F1 and F2. The third group is characterized by feature F3. The fourth group

is characterized by features F4 and F17. The last group is characterized by features F6,

F14 and F15. There are no groups in which features from F19 to F27, representative

of components with frequency higher than 0.5 rps, show a strong presence.

Table 6.2 shows the distribution of time frequency plots of CoP signals recorded

in OE and CE conditions in the 5 groups obtained with the ISODATA clustering.

Applying a Pearson’s χ2 test, I obtained a probability of p = 0.68, so it is not possible

to reject the null hypothesis. Therefore it is possible to say that in the described 5

groups the time-frequency plots of COP signals recorded in OE and CE condition are

equally distributed.

Figure 6.5 shows results of clustering of time-frequency plots recorded in OE (fig.6.5a)

and CE (fig.6.5b) conditions. In both cases I obtained 4 clusters. In OE condition, the

groups contains 20, 22, 18, and 24 elements, respectively. In CE condition, the groups
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a

Table 6.2: Distribution of OE and CE conditions in the obtained clustered

Group 1 Group 2 Group 3 Group 4 Group 5

OE 8 30 18 14 14

CE 7 27 15 13 22

contains 21, 22, 9, and 32 elements, respectively. Analogously to figure 6.4, each group

is characterized by few features, and there are not groups described by the same main

feature. The distributions of the features in the four groups in OE and CE conditions

look very similar. In OE condition the main features for each group are: F3, F6 and

F15 for the first group, F2 for the second group, F4, F5, and F14 for the third group,

and F1 for the fourth group. Analogously, in CE condition the main features for each

group are: F6 and F15 for the first group, F2 for the second group, F14 for the third

group, and F1 for the fourth group. Both in OE and CE conditions there are not groups

with a strong presence of features from F19 to F27.

Figure 6.4: Results of the clustering algorithm applied to time-frequency distributions of

the whole population. Each row shows a group, each column shows a feature. Each cell

displaces the number of times in which the feature is present in the group, normalized on

the number of element of the group. There are 16 gray levels.

6.4 Discussion

Rotary components in the time-frequency domain could be considered as multi-

component separable signals, as their components are clearly separated in the time-

frequency domain, accordingly to the definition described by Rankine et al. in [11].

Therefore, I defined 27 features to describe each time-frequency plot in terms of its
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Figure 6.5: Results of the clustering algorithm applied to TF distribution of the COP

signals recorded in (a) OE condition and (b) CE condition. Each row shows a group, each

column shows a feature. Each cell displaces the number of times in which the feature is

present in the group, normalized on the number of element of the group. There are 16 gray

levels.

frequency components. These features were formulated to individuate the presence of

rotational components with a physiological meaning.

Clustering all the 168 time-frequency plots calculated on the whole population of

healthy subjects I found 5 well separated groups. Each of them was characterized by

a few number of features. The time-frequency distributions were separated according

to these features, so I can consider them as main characteristics of each group. This

means that I am able to identify 5 types of recurrent behaviors in terms of frequency

components characteristics in the population of healthy subjects.

All the detected groups have a strong characterization in terms of low frequency

components. This result is coherent to the findings previously described in [1]. My

hypothesis about the presence of this rotational components is a strictly correlation

between rotational components of the COP signal and the bursts of muscle sympathetic

nerve activity.

Examining the time-frequency distribution of the rotation components I was able

to investigate how long this low frequency component was. In both groups 2 and

3 the characterizing features are those representing the presence of components with

frequency between 0 and 0.2 rps, high amplitude, and time duration longer than 30 s,

for group 2, and shorter than 30 s, for group 3. Therefore, the main characteristic of
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50% of the time-frequency plots is the presence of a low frequency component, but for

group 2 the most frequent behavior is a continuous component, while in group 3 there

are shorter components. This can distinguish two different patterns of activation of the

muscle sympathetic nerve.

In the other groups the characterization in terms of low frequency components

still exists, but I also observed higher frequency components, in the range of 0.2-0.5

rps. Group 1, 4 and 5 appear similar as they have a low frequency component with

medium amplitude and different time duration which can highlight different patterns

of activation of the muscle sympathetic nerve, and a higher frequency component, with

medium or low time duration.

It is well known that visual deprivation influences postural sway, and that the total

path of the COP is longer in CE than in OE conditions [15, 16]. This means that the

energy of the COP signal in CE condition is higher than in OE conditions. However, in

the described 5 groups the time-frequency plots of COP signals recorded in OE and CE

condition are equally distributed. This is not surprising, as in my description I conside-

red the energy of each components as a fractional part of the whole energy of the signal,

discarding information about the absolute value of energy of each time-frequency di-

stribution. The reason for this choice was that we were interested in finding similarities

and dissimilarities between time-frequency plots in terms of frequency components, and

there were no reasons to hypothesize differences in rotational components between OE

and CE conditions.

In OE and CE conditions I found 4 groups, while considering the whole data set of

time frequency distributions I obtained 5 groups. This is not surprising, as ISODATA

algorithm merges and splits clusters based on the number of their examples, and based

on the desired number of groups. Considering OE and CE conditions separately, I

clustered a lower number of time frequency distributions, therefore I obtained a lower

number of groups. However, in both conditions, I observed that the four are charac-

terized by the same features. In particular, in OE condition the second and the fourth

groups are characterized by the presence of a low frequency component with long time

duration and high amplitude. Analogously, the first and the third groups show both

a low frequency component and another component in the range 0.2-0.5 rps. In CE

condition the results are quite similar.
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The results are very similar, confirming the results obtained considering the whole

data set together.

I obtained no groups, both examining the whole population and considering OE

and CE separately, in which there are components with frequency higher than 0.5 rps.

This confirm my hypothesis about the importance of components with frequency lower

than 0.5 rps in describing rotational characteristics of the CoP signals.

6.5 Conclusion

I developed an automatic method to analyze and classify COP signals based on

a time-frequency distribution of their rotational components and applied it to a po-

pulation of healthy subjects. This automatic method allowed to analyze in quick and

repeatable way a high number of time-frequency plots, extracting useful information

to better highlight time-frequency characteristics of COP rotational components.

However, the proposed method is strictly based on the analyzed problem, as the

set of features was defined starting from physiological observations about postural con-

trol. A different definition of the features could allow to face different time-frequency

distribution related to other signals, with similar characteristics to the described one.
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7

Conclusions

In this dissertation I faced the problem of analyzing CoP signals recorded in quiet

standing with different strategies.

I applied geometrical parameters in describing the CoP signals to analyze differ-

ences between groups of pathological and healthy subjects. A new acquisition protocol

was proposed, and it was demonstrated that it could help in highlighting specific cha-

racteristics of each subject.

I proposed a new approach to analyze posturographic signals, based on the hy-

pothesis that the CoP signal contains rotational components. To verify this hypothesis

and to extract rotational components from the CoP signal I applied the rotary spec-

tra analysis, a technique firstly developed in the oceanographic field, but which was

never applied in analyzing biological signals. This method demonstrated the presence

of rotational components in CoP signals of a population of healthy subjects. Moreover

an interesting result was that the mode value of the rotary spectra fell in the range

0.14-0.17 rps. The peak that was observed in this frequency range probably has a phys-

iologically explainable meaning that was never documented before. I hypothesized that

rotary spectra peaks obtained in the study of postural control during upright standing

are strictly correlated to the bursts of muscle sympathetic nerve activity.

Since the CoP signal is not strictly stationary, the classical rotary spectra theory

was extended to deal with non-stationary signals. In particular, I applied bilinear

Choi-Williams time-frequency distribution to obtain time-frequency analysis of rotating

components. This allowed evaluating rotational characteristics of the CoP signal in the

time-frequency plane.
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7. CONCLUSIONS

As interpretation and classification of a large number of time-frequency distribu-

tions could be difficult, time expensive, and highly depending on the researcher, I

developed an automatic analysis method, which allowed to obtain a fast and repeat-

able description of each distribution in terms of frequency components. Applying a

clustering algorithm, I was able to find similarities and dissimilarities among the time-

frequency plots of the healthy population, individuating main characteristics.

In conclusion, all the followed strategies gave satisfactory results. The proposed

protocol and the evaluation of geometrical parameters allowed highlighting differences

between groups of pathological and healthy subjects. I proposed a new approach in

analyzing CoP signal in terms of rotational components, which gave interesting results

on a group of healthy subjects. The technique was extended to time-frequency domain

and an automatic analysis method of time-frequency distribution was developed.

The most innovative aspect of this work, the rotary spectra analysis, both in sta-

tionary and non-stationary cases, is complementary to other approaches described in

literature to study the CoP signal, and could contribute in reaching better understand-

ing of the physiological mechanisms underlying postural control.

An interesting future work will be required to investigate the hypothesis about

the correlation between characteristics of the rotational components in the CoP signal

and the muscle sympathetic nerve activity. The analysis could be carried on examining

both CoP signals and electrocardiographic signals recorded simultaneously on a subject

during quiet standing. It would be interesting to analyze the correlation between heart

rate variability and rotary spectra of the CoP signals in the time-frequency domain.
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