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Introduction

Technology is nothing.
What’s important is that you have a faith in people, that they’re basically good and smart, and if you

give them tools, they’ll do wonderful things with them.

– Steve Jobs

Motion is a fundamental component of our everyday life. Population ageing, in
place especially in the developed countries in the last decades, has made increasingly
present the issues related to elderly people’s mobility as preserving the ability to move
without difficulties and independently is crucial for maintaining a good life quality
level. Therefore, the interest of the scientific community in motor-impairing diseases
which are more likely to occur in the elderly population, such as Parkinson’s Disease
(PD) and stroke, has grown steadily in recent years.

The analysis of motor performance is a key aspect of many clinical assessment
processes but often clinicians can rely only of qualitative analysis and on their expe-
rience. Technology can contribute consistently in helping medical personnel to pro-
vide more accurate and reliable diagnoses and to define more effective therapies.
Human motion analysis techniques, for example, are often used in clinical applica-
tions to quantitatively characterize patients’ movements during specific motor tasks.
Classical motion analysis systems, based on optical, magnetic, or mechanic technolo-
gies, are accurate and reliable but, on the other hand, they are expensive, require ex-
ternal infrastructures and specifically trained personnel. Inertial Measurement Units
(IMUs)-based motion analysis systems are lately becoming the most adopted alter-



2 Introduction

native because they are easy-to-use, flexible, cost-effective, unobtrusive and can be
used in free living environment.

In this thesis, a unified approach, relying on IMU-based motion sensing, has been
used to develop a system for the automatic assessment of functional motor tasks, with
particular focus on gait, in both PD [1, 2, 3, 4] and post-stroke [5] populations. The
proposed systems have been designed to be: (i) low-cost and low complexity, us-
ing Body Sensor Networks (BSNs) formed by only few inertial nodes; (ii) accurate
and objective in the kinematic characterization of specific motor tasks (validation of
the developed algorithms through comparison with gold standard technologies); (iii)
“smart”, exploiting machine learning techniques for providing motor performance
automatic scoring, which mimic clinicians’ evaluation criteria, together with mean-
ingful high level and aggregate information; (iv) tele-health ready, being suitable for
remote and long-term monitoring of patients outside the clinics. The results obtained
in both systems demonstrate that IMU-based motion analysis, especially when sup-
ported by machine learning techniques, represents a powerful tool for enhancing the
quality of the clinical assessment process both within and outside the clinics.



Chapter 1

IMU-based Motion Analysis for
clinical applications

I move, therefore I am.

– Haruki Murakami

1.1 Motion Analysis

The study of motion has always been fascinating topic. It is an interdisciplinary sub-
ject, involving not only scientific disciplines, such as mathematics, physics, geome-
try, and medicine, but also philosophy and arts. As for many modern sciences, the
early attempts to describe in a logical and organized way animals’ movement began
in ancient Greece. Aristotle (384-322 B.C.) is universally recognized as the “Father
of Kinesiology” (i.e., the science of human motion) and the first biomechanist. In
his book “De Motu Animalium” (On the Movement of Animals), he described lo-
comotion in the animal kingdom, the mechanisms of gait and the geometrical action
of muscles. During the Roman Empire, Claudius Galen gained a deep knowledge of
human body and motion practicing surgery on gladiators and wrote the “On the Func-



4 Capitolo 1. IMU-based Motion Analysis for clinical applications

tion of the Parts”, the first book on physiology, which stayed as the world’s standard
medical text for the next 1,400 years.

Figure 1.1: Vitruvian Man by Leonardo Da Vinci (∼1490)

No further progression was made until the Renaissance, when Leonardo da Vinci
(1452-1519) described human anatomy and motion as mechanical systems includ-
ing soft tissue, joints, muscles, bones, ligaments, tendons, and cartilage (Figure 1.1).
Few years later, Andrea Vesalius (1524-1564) published “De Humani Corporis Fab-
rica Libri Septem” (On the Structure of the Human Body), in which he debated and
reformulated the theories by Galen, arousing new interest in the study of the human
body. Galileo Galilei (1564-1643), father of the scientific method, was also interested
in biomechanics and derived insights on the bones’ structure and allometry (i.e., the
science that studies change in organisms in relation to proportional changes in body
size).

Following the principles set by Galileo, Giovanni Alfonso Borelli (1608- 1679)
began his investigation into the science of animal movements around 1657. He achieved
important scientific results, such as the first experiments in gait analysis, the determi-
nation of the human center of gravity position, and the concept of the musculoskeletal
system as a set of levers that magnified motion rather than force (many years before
Newton actually produced his laws of motion). These achievements were collected
in his great treatise called, in honor of Aristotle’s work, “De Motu Animalium” [6],
and make him the key figure of modern biomechanics (Figure 1.2).
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(a) (b)
Figure 1.2: Borelli’s treatise “De Motu Animalium”: (a) Cover and (b) an extract table on leg joints.

In the following centuries, few sporadic contributions were given to the field.
In 19th century, the advent of photography and cinematography laid the foundation
for modern motion analysis. Some of notable names of this period were: the Weber
brothers, who pioneered today’s gait analysis; the French astronomer Pierre Janssen
(1824-1907), who invented a multi-exposure camera for chronophotographic experi-
ments, allowing a recording of several phases of motion in the same photo; Étienne-
Jules Marey (1830-1904), who first correlated ground reaction forces with movement
and accurately record the progression of the human limbs while walking (Figure 1.3
(a)); Eadweard Muybridge, known for his pioneering work on animal locomotion
(Figure 1.3 (b)); Christian Wilhelm Braune and his student Otto Fischer, who con-
ducted research involving the position of the center of gravity in the human body and
its various segments and advanced the studies on human gait (Figure 1.3 (c)).

Starting from the 20th century, biomechanics became a worldwide recognized
discipline and, driven by advances in technology, it has constantly evolved to present
days. In the following section, the main approaches used nowadays for human motion
analysis are further described.
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(a) (b) (c)
Figure 1.3: Motion Analysis in 19th century: (a) Marey’s studies on human gait using chronophotog-
raphy; (b) the famous “Horse in Motion” picture by Eadweard Muybridge (1886); (c) the first 3D gait
analysis system by Braune and Fischer.

1.1.1 Human Motion Analysis Technologies

Many different methods for tracking and analyzing motion are currently available.
In general, the process of recording movements of objects or people through tech-
nological tools is commonly known as Motion Capture (mo-cap). Mo-cap systems
are based on various technologies and are used in several contexts. The study of hu-
man motion in biomedical applications has always been the leading sector for motion
capture: the first modern mo-cap systems used photogrammetric analysis for charac-
terizing body movements and then, as the technology matured, they were applied to
different fields, such as military, entertainment, sports, and robotics.

Optical Mo-cap

The most commonly used mo-cap approach, more than 150 years after Marey’s stud-
ies, is still based on optical devices. Optical-based systems rely on the data acquired
by two or more calibrated image sensors in order to compute the position of an ob-
ject or a subject in a 3-dimensional space. To achieve this goal, cameras are used in
conjunction with specific markers attached to the moving body.

Markers can be passive or active. In the first case, markers are coated with a retro-
reflective material and reflects the light (generally in the infrared spectrum) generated
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(a) (b)

(c)

Figure 1.4: Optical Mo-cap: (a) a passive marker-based system by Vicon Motion Systems Ltd. (UK,
http://www.vicon.com); (b) a system based on active markers by PhaseSpace Inc. (CA, USA,
http://www.phasespace.com); (c) hands tracking using a Kinect device by Microsoft (WA,
USA, http://www.microsoft.com).

by sources placed in correspondence to cameras lens. A variable amount of cameras
(from 2 to 300 or more) captures images in which markers appear as bright dots on a
dark background. By processing these images and using triangulations techniques it
is possible to derive the 3D position of each marker in a calibrated volume. Since all
markers have the same aspect on the acquired images, this approach is often subject
to the problem of marker swapping, which can be partially reduced using proper soft-
ware tools and manual clean-up of the data. Nevertheless, an accuracy of 1 mm with
a limited number of cameras can be easy reached. An example of commercial passive
marker-based mo-cap systems is shown in Figure 1.4 (a). In the active marker case,

http://www.vicon.com
http://www.phasespace.com
http://www.microsoft.com
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the light source is placed directly on the markers, which often are LEDs emitting
(colored) visible or infrared light. The cameras infrastructure detects the makers cor-
respondence in multiple images and triangulates the relative positions of each point.
This approach is more reliable and stable because the light generated by LEDs can be
tuned in order be easily picked up by cameras, enabling them to reach accuracies in
the order of 0.1 mm within the calibrated volume. A commercial active-marker sys-
tem for motion capture is shown in Figure 1.4 (b). In general, marker-based optical
mo-cap is considered the gold standard in motion capture because it is highly accu-
rate, minimally intrusive, and adaptable to different applications. The main disadvan-
tages of this approach are: (i) the need of an external infrastructure and specifically
trained personnel, which limit its usability in a non-structured environment; (ii) its
complexity and high cost; (iii) the long time required for setup, calibration, and data
cleaning procedures.

Lately, different techniques for reconstructing motion from images without the
need of wearing special equipment for tracking have appeared. These systems are
based mostly on the use of structured light patterns (e.g., the Kinect by Microsoft,
shown in Figure 1.4 (c)), stereoscopy or depth cameras. Although marker-less sys-
tem are more affordable and flexible than the marker-based systems, the performance
achieved by these methods is still not comparable with state of the art approaches.
Finally, further limitations that both categories of optical mo-cap share is the sensi-
tivity to light conditions and occlusions, which can generate artifacts, and the need to
stay within the limited volume of space that the cameras can capture.

Non-optical Mo-cap

Many alternatives to optical mo-cap system are available, which usually tend to sacri-
fice some accuracy in favor of higher flexibility and usability. Some of the non-optical
technologies used for motion capture are described in the following list:

• Electromechanical: exoskeletons/armatures worn over the subject which can
measure directly joint angles and body relative motion through rods connected
by potentiometers. These kind of systems are real-time, relatively low-cost,



1.1. Motion Analysis 9

(a) (b)

(c) (d)

Figure 1.5: Alternatives to optical mo-cap: (a) the Gypsy 7 mechanical suite and (b) the 5DT Data Glove
14 Ultra, both by Meta Motion (CA, USA, http://www.metamotion.com); (c) the MotionStar
magnetic system by Ascension Technology Corp. (VT, USA, http://www.ascension-tech.
com); (d) the Xsens MVN inertial mo-cap suite (The Netherlands, http://www.xsens.com).

free-of-occlusion, and highly-accurate but are also sensitive to soft tissue ar-
tifacts, can limit the user’s movements, they require to be calibrated for each
subject, and have problems to reconstruct the motion of joints with multiple
degree of freedom (e.g., the shoulder). An example of a mechanical motion
capture system is shown in Figure 1.5 (a).

• Optical Fiber: flexible optical fibers are attached to the subject; body move-
ments bend the fibers, inducing an attenuation in the light measured by the
fiber-optic sensors, which is proportional to the movement amplitude. This
technique permits real-time and inexpensive data acquisition, but it is suitable
for capturing only the motion of limited parts of the body, such as the hands

http://www.metamotion.com
http://www.ascension-tech.com
http://www.ascension-tech.com
http://www.xsens.com
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(see Figure 1.5 (b)).

• Electromagnetic: body-worn magnetic sensors measure the changing in the
flux of a magnetic field (usually formed by three orthogonal coils) generated
by a transmitter. By measuring the relative intensity of the voltage or current
of the three coils, it is possible to measure positions and orientations of the
wearable trackers with a good level of accuracy. The main limitations of this
technology are the limited capture volume, the high cost, and the interference
problems caused by proximity of ferromagnetic materials. A commercial elec-
tromagnetic mo-cap system is shown in Figure 1.5 (c).

• Acoustic: triangulation of sonic or ultrasonic sound waves time-of-flight is used
to measure the distance between acoustic pulse transmitters and receivers at-
tached to the user’s body at different time instants. Acoustic mo-cap systems
are low-cost, flexible, and not obtrusive but, due to the physics of sound waves,
they require to have a line-of-sight between emitters and receivers, are sus-
ceptible to interference (echoing effects), have a low transmission rate, and a
limited measurement accuracy.

• Inertial: a variable amount of IMUs, equipped with 3-dimensional accelerom-
eters, gyroscopes, and often magnetometers, are attached to rigid segments of
the user’s body, through Velcro straps or using specific Lycra suites. Exploit-
ing biomechanical models and sensor fusion, the position and the orientation
of monitored segments can be derived, usually building a skeleton model of
the subject. Additional details about IMUs and inertial data processing are pro-
vided in Section 1.2. Inertial-based solutions are becoming the second most
popular mo-cap technology, after optical systems, because they allow the col-
lection of motion data in a variety of non-structured environments, they are
self-contained, cost-effective, portable, and easy-to-use. The main drawbacks
of this approach are related to noise and drift phenomena, which can lower the
accuracy of the measures on the long period. In Figure 1.5 (d), a commercial
product for full-body inertial mo-cap is shown.
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• Hybrid: all the methods described so far have both advantages and disadvan-
tages. In order to overcome the drawbacks of a specific technology and pro-
vide more robust and accurate measurements, hybrid approaches, which com-
bine two or more of the previously described sensing methods, have recently
been proposed. Example of hybrid systems are based on the combination of
optical and inertial [7, 8] or magnetic[9], inertial and Global Position System
(GPS) [10, 11], magnetic[12], or acoustic [13].

Other Technologies

Force Platforms The methods described so far aim at characterizing human motion
from a kinematic point of view. In other words, they provide measures for describ-
ing body movements (displacement, velocity, joint angles, etc.), without considering
the causes. In some applications, however, it can be useful to consider also the ki-
netic aspect of motion, i.e., the forces that cause it. In gait or posture analyses, for
example, the study of the interaction between Ground Reaction Forces (GRFs) and
human body can help clinicians in quantifying more accurately balance and walking
abilities of a patient. In order to measure precisely GRFs, force platforms (or force
plates) are commonly used. These sensors are usually based on different technologies
(strain gauges, piezoelectric sensors, capacitance gauges, piezoresistive, etc.) and can
provide mono or multi dimensional representation of the measured forces [14]. Force
platforms are often used in combination with optical mo-cap system in gait analysis
laboratories.

Electromyography Electromyography (EMG) is a technique for recording and as-
sessing the electrical activity produced by skeletal muscles through electrodes, placed
on the skin surface. It provides an indirect indication of the muscle functions that can
not be measured directly since it occurs below the skin and the subcutaneous tissues.
EMG is commonly used as diagnostics tool for identifying neuromuscular diseases
(e.g., dystrophies and neuropathies) or disorders of motor control. In the context of
human motion analysis, (multichannel) EMG allows to detect muscles activation and
provide timing information which can aid physicians in analyzing the subject motor
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condition. Also in this case, the combined use of EMG and optical [15] or inertial [16]
mo-cap technologies has been proposed for different clinical applications.

1.2 Inertial Sensing

As anticipated in Section 1.1.1, inertial sensing is becoming increasingly popular
in human motion analysis and in a variety of different applications. The advance in
Micro Electro Mechanical Systems (MEMS) has enabled miniaturization, cost reduc-
tion, and performance enhancement of inertial sensors and their spread in many fields
beside the biomedical one, such as military, entrainment, robotics, sports, and control
systems, as shown in Figure 1.6.

Usually, the term inertial sensors refers to sensing devices which use the prin-
ciple of inertia (i.e., the tendency of a body to maintain its translational or rotation
motion unless its state is disturbed by an external force or torque, respectively) to
measure physical quantities. In the following, the main characteristics of inertial sen-
sors, namely accelerometers and gyroscopes, are presented. Moreover, a brief de-
scription of sensors (e.g., magnetometers) and techniques (e.g., sensor fusion and
orientation filters), used for improving the motion tracking performance of purely
inertial systems, is provided.

1.2.1 Accelerometers

An accelerometer is an inertial sensor which can measure accelerations. In its sim-
plest representation, a single-axis accelerometer can be considered as a spring-mass
system, as shown in Figure 1.7.

A proof mass (m) is suspended in a rigid structure and is connected to a spring.
When a force is applied to the object, it is possible to compute the acceleration ex-
ploiting two physical principles: the Newton’s second law and the Hooke’s law. The
former express the relationship between a force F (dimension: [N]), a mass m (di-
mension: [kg]), and an acceleration a (dimension: [m/s2]), according to the following
equation:

F = ma. (1.1)
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(a) (b) (c)

(d)
(e)

(f)

Figure 1.6: Examples of applications for inertial sensors: (a) Unmanned Aerial Vehicles (UAVs) use in-
ertial sensor for automatic tracking and navigation; (b), (c), (d) inertial sensing for entrainment: console
gaming, virtual reality, and smartphones; (e) fitness trackers for performance monitoring in sports; (f) a
humanoid robot (ASIMO by Honda) which uses inertial sensors for controlling balance and mobility.

The latter states that a spring, when compressed or stretched, will generate a force F
(dimension: [N]) which is proportional to the displacement x (dimension: [m]) from
its rest position. The Hooke’s law can be formally expressed as follows:

F = kx. (1.2)

where k (dimension: [N/m]) is a positive real constant, which depends from the phys-
ical characteristics of the spring. If the system undergoes an acceleration, a propor-
tional force will be produced according to the second Newton’s law. This force will
cause a displacement of the mass and, consequently, a compression or expansion of
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Figure 1.7: Mass-Spring system used for measuring acceleration (image credit: http://www.
ccrma.stanford.edu).

the spring, under the following constrain:

F = ma = kx (1.3)

which can be also expressed as:

a =
kx
m
. (1.4)

The relation given in 1.4 allows us to quantify the system acceleration measuring
the displacement of a mass connected to a spring. In order to obtain a multiple axes
measurement of the acceleration, this mechanism needs to be replicated along each
of the required axes.

The majority of commercially available accelerometers rely on the following
methods for converting the mechanical motion in an electric signal:

• Piezoelectric, piezoresistive, and capacitive. A specific material/electrical com-
ponent is used for measuring the displacement of the proof mass and generate
a proportional electrical output. In particular, piezoelectric accelerometers use
piezoelectric materials (e.g., quartz) to generate a tiny electric signal in re-
sponse to a mechanical stress; piezoresistive accelerometers use piezoresistors,
i.e., electrical components which change their resistivity properties when un-
dergoes a mechanical strain; capacitive accelerometers measure changes in the
capacitance of a capacitor, caused by variations in the distance between two
metal plates, which move proportionally to the applied acceleration.

http://www.ccrma.stanford.edu
http://www.ccrma.stanford.edu
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• Hall-effect. This kind of accelerometers exploit the Hall effect (i.e, the pro-
duction of a potential difference across a conductor, namely the Hall element,
carrying an electric current when a magnetic field is applied in a direction per-
pendicular to that of the current flow). The Hall element is attached to a spring
with a seismic mass deflecting because of the forces due to acceleration. The
element moves in a nonuniform, linear-gradient-intensity magnetic field. Un-
der these conditions, the generated transverse Hall voltage is proportional to
the measured acceleration.

• MEMS. This technology allows the production of low-cost, miniaturized, ro-
bust, low-power, flexible, and accurate accelerometers and it is currently the
most used manufacturing method. MEMS-based accelerometers exploit differ-
ent technologies. One of the most widespread operational principles consists
in a miniaturized versions of a capacitive accelerometer: this approach relies
typically on a structure that uses two capacitors formed by a movable plate
held between two fixed plates. Under zero net force, the two capacitors are
equal but a change in force will cause the movable plate to shift closer to one
of the fixed plates, increasing the capacitance, and further away from the other
fixed reducing that capacitance. This difference in capacitance is detected and
amplified to produce a voltage proportional to the acceleration. A schematic
representation of a capacitive MEMS accelerometer is shown in Figure 1.8 (a).
The dimensions of the structure are in the order of microns (Figure 1.8 (b)). A
detailed description of MEMS-based accelerometers is given in [17].

1.2.2 Gyroscopes

Gyroscopes are inertial sensors able to measure angular motion. In its classical con-
cept, invented by Foucault in 1852, a (mechanical) gyroscope is formed by a spinning
wheel or disc suspended in light supporting rings called gimbals. The gimbals have
nearly-frictionless bearings which isolate the central disc from outside torque and
allow the rotors to have additional degrees of rotational freedom. When the wheel
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(a)

(b)
Figure 1.8: A capacitive MEMS accelerometer: (a) a schematic representation of its operating principle
(image credit: http://www.globalspec.com); (b) a detail of a 20 microns thick single-crystal
comb structure (image credit: http://www.sensorsmag.com).

is spun on its axis at high speeds, it tends to maintain a constant orientation, ac-
cording to Newton’s second law, which states that the angular momentum of a body
will remain unchanged unless it is acted upon by a torque. When an external torque
is applied, the gimbals will try to reorient to keep the spin axis of the rotor in the
same direction. Quantifying the entity of the precession phenomenon, it is possible
to measure the angular velocity of the rotation induced by the applied torque. The
fundamental equation describing the behavior of the gyroscope is the following:

τττ =
dLLL
dt

=
d(Iωωω)

dt
= Iααα (1.5)

where: τττ (dimension: [N·m]) is a vector representing the torque of the gyro-

http://www.globalspec.com
http://www.sensorsmag.com
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scope; LLL (dimension: [N·m·s]) is its angular momentum; I (dimension: [kg·m2]) is
a scalar and represents its moment of inertia; ωωω (dimension: [rad/s]) and ααα (dimen-
sion: [rad/s2]) are the angular velocity and acceleration of the gyroscope, respec-
tively. Mechanical gyroscopes, however, are expensive, fragile, cumbersome, and,
consequently, not suitable for many practical applications. Different alternative ap-
proaches, based mostly on optical methods or on the properties of vibrating struc-
tures, are currently available. In particular, as for the accelerometers, MEMS-based
gyroscopes are becoming increasingly popular because they are small, inexpensive,
energy-efficient, and robust. These sensors use a vibrating structure to determine the
angular velocity, exploiting the physical principle for which a vibrating element tends
to continue vibrating also of its support structure is rotating. The Coriolis effect gen-
erates a force (i.e., Coriolis apparent force, FFFC), on the support structure. By sensing
this force, it is possible to compute the rotation rate ωωω (dimension: [rad/s]) according
to the following expression:

FFFC =−2m(ωωω×ννν) (1.6)

where m (dimension: [kg]) is the mass of the vibrating element and ννν (dimension: [m/s])
is its velocity. Further details on the characteristics of MEMS-based gyroscopes are
provided in [17].

Other types of gyroscopes, based on different operational principles, which are
usually very reliable and accurate but also expensive, are:

• Gyrostat;

• Ring Laser Gyroscope (RLG);

• Fiber Optic Gyroscope (FOG);

• Dynamically Tuned Gyroscope (DTG);

• gyroscope based on the Magneto-Hydro-Dynamics (MHD) effect;

• electro-chemical gyroscope (based on Molecular Electronic Transducer, MET,
technology);
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• London moment gyroscope.

1.2.3 Magnetometers

Magnetometers are sensors that measure either the (scalar) intensity or the vector
components (magnitude and direction) of a magnetic field. Although they are not
inertial sensors, since they do not rely on the inertia principle, they are often used
in combination with accelerometers and gyroscopes, forming multi-sensor platforms,
such as IMUs and Magnetic, Angular Rate, and Gravity (MARG) sensors. Also in this
case, there exists a wide variety of magnetometers categories, which differ depending
on performance, capabilities, costs, and operational principles. Among the others,
some of the technologies used in modern magnetometers are:

• SQUID (Superconducting Quantum Interference Device) [Scalar/Vector];

• Optical Magnetometry [Scalar];

• Proton precession magnetometer[Scalar];

• Magnetoresistive devices [Vector];

• Fluxgate [Vector];

• Spin-exchange relaxation-free (SERF) atomic [Vector];

• Hall effect [Vector].

MEMS technology is, once again, the most adopted for the production of mag-
netometers used in practical applications. MEMS-based magnetic sensors relies on
the mechanical motion of the MEMS structure due to the Lorentz force acting on
the current-carrying conductor in the magnetic field. The mechanical motion of the
micro-structure can be sensed either electronically or optically. An extensive review
on the most common technologies used for magnetic field sensing are described and
compared in [18].
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1.2.4 Sensor Fusion

As highlighted in the previous section, MEMS-based sensors are currently the most
used in the majority of industrial, medical, and consumer applications because of their
cost and energy effectiveness, miniaturized size, and robustness. Nevertheless, beside
these positive characteristics, MEMS IMUs have also some limitations: depending on
the manufacturing process and the target application area, their costs, performance,
and reliability can vary consistently, even by several orders of magnitude. Usually,
the main error sources and factors which limit MEMS sensors’ performance are:

• drift: the change in absolute error over time. It can have a very high impact,
if not adequately corrected, on long term measurements since signals acquired
by IMUs are often integrated over time to compute angles (from angular ve-
locities) or double integrated to compute positions (from accelerations), intro-
ducing a constant error which grows linearly or quadratically with time;

• constant bias: average error measured when the sensor is at rest;

• bias stability: thermal and/or flicker noise have a time-variable influence on the
sensor output. A bias stability measurement describes how the bias of a device
may change over a specified period of time;

• Calibration errors: errors in scale factors, alignments and output linearities;

• Magnetic interference and disturbance: errors in the measure of a magnetic
field introduced by external sources including electrical appliances, metal fur-
niture and metal structures within a buildings construction.

In order to overcome the intrinsic limitations of each sensing device and the lack
of accuracy and stability, a good strategy consists in combining the measurement by
multiple sensors using a sensor fusion approach.

An application in which the use of sensor fusion allows to achieve better per-
formance compared to those obtained using single sensors is the estimation of the
three-dimensional orientation of a sensing node. Integration of the raw gyroscope
signal, for example, leads to the accumulation of a consistent amount of error after a
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limited time and can only provide relative angles. Accelerometers and magnetome-
ters can be used for identifying absolute references for the orientation, such as the
direction of the gravity or the Earth’s magnetic field, but they are both susceptible to
noise. Combining the data acquired by gyroscope, accelerometer, and magnetometer
(they have to be triaxial), it is possible to provide a complete measurement of orienta-
tion relative to the direction of gravity and the Earth’s magnetic field. Systems able to
provide this information are usually called Attitude and Heading Reference System
(AHRS) and can be used in many different contexts, such as in a navigation system
for computing yaw, pitch, and roll angles of an aircraft or in a clinic for computing
the 3-dimensional orientation of a body segment.

The state of the art techniques used for implementing orientation filters, i.e., al-
gorithms able to estimate and track the orientation through the optimal fusion of
gyroscope, accelerometer and magnetometer measurements, are based on Kalman
filters. A Kalman Filter (KF) is a statistical, recursive estimation technique that uses
a series of noisy measurements observed over time and produces estimates of the
process state through an iterative prediction/correction approach, by using Bayesian
inference and estimating a joint probability distribution over the variables for each
time frame [19]. It is an optimal estimator if the noise components are Gaussian and
the transition matrices are linear. For non-linear systems and non-Gaussian noise,
there are variations of the standard KF, such as Extended Kalman Filter (EKF) and
the Unscented Kalman Filter (UKF), which allow to achieve good but sub-optimal
performance. The KF and its variants have been successfully used as bases in many
orientations filters [20, 21, 22, 23] and solutions based on KFs have been also in-
tegrated in many commercial products thanks to their accuracy and effectiveness.
The main drawbacks of this approach are its complex implementation and the high
computational power needed for the linearizion procedure, required in almost all the
real-world applications. Different alternative methods have been proposed in the lit-
erature based, for instance, on particle [24] or complementary [25] filters or , fuzzy
processing [26]. In this thesis, the orientation filter developed by Madgwick [27] has
been used. It is a computational efficient and easily tunable algorithm which employs
a quaternion representation of the orientation and is not subject to the problematic
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(a) (b)
Figure 1.9: Shimmer nodes and their reference systems: (a) Shimmer2r IMU and (b) Shimmer3 IMU.

singularities associated with an Euler angle representation (i.e., gimbal lock). The
use of an optimized gradient descent procedure, an on-line magnetic distortion com-
pensation algorithm, and a gyroscope drift bias compensation technique, allows this
orientation filter to achieve performance comparable to the most accurate Kalman-
based solutions with considerably less computational power and complexity.

1.2.5 The Shimmer Platform

In this work, an inertial-based BSN, in various configurations, has been adopted as
mo-cap tool. To maintain homogeneity across the different applications, two ver-
sions of the same sensor platform provided by Shimmer (Sensing Health with In-
telligence, Modularity, Mobility, and Experimental Reusability) (http://www.
shimmersensing.com/, [28]) have been used. A brief description of both ver-
sions of Shimmer IMUs is given in the following.

The Shimmer2r IMU

The first generation of Shimmer devices used in this work, with its coordinate refer-
ence system, is shown in Figure 1.9 (a). It is a small and low-power wireless IMU,
equipped with: a TI MSP430 CPU (up to 8 MHz), with 10 KB RAM and 48 KB

http://www.shimmersensing.com/
http://www.shimmersensing.com/
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Flash memory; Bluetooth (Roving Networks RN-42) and IEEE 802.15.4-compliant
(TI CC2420) radios; an integrated (up to 2 GB) microSD card slot; 3 colored status
LEDs; a 450 mAh rechargeable Li-ion battery; and a triaxial accelerometer (Freescale
MMA7361). Moreover, the device is designed so that different external sensing mod-
ules can be easily connected. The 9DoF Kinematic Sensor expansion module, which
is supplied with a triaxial gyroscope (InvenSense 500 series) and a triaxial magne-
tometer (Honeywell HMC5843), has been used. The device support different sam-
pling rates (up to 1024 Hz) and can be easily attached to body segments through
Velcro straps.

The Shimmer3 IMU

In the updated version of Shimmer IMUs, called Shimmer3, size has been reduced
and the set of integrated sensors has been enlarged, increasing its overall perfor-
mance and usability. In the new configuration, the device is equipped with: a 24 MHz
MSP430 CPU, with 16 KB RAM and 256 KB of Flash memory; a low-noise triax-
ial analog accelerometer (Kionix KXRB5-2042); integrated digital wide range ac-
celerometer and magnetometer (STMicroelectronics LSM303DLHC); an integrated
digital gyroscope (Invensense MPU-9150); a relative pressure sensor (Altimeter); and
a Temperature sensor. The battery capacity and the Bluetooth radio have been kept
unchanged compared to the previous version whereas the SD slot has been updated
to support up to 32 GB of data storage. The maximum supported sampling rate is
1024 Hz.

1.3 Clinical Applications

Motion analysis is widely used in clinical environments for many different appli-
cations, such as the quantification of both normal and pathological movements, the
assessment of impairments level in patients affected by various neuro-motor diseases,
the planning and the monitoring of rehabilitation strategies, the evaluation of inter-
ventions effectiveness, and so on.
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Classical measurement systems are limited because they cannot measure the dy-
namic component of the movements without limiting them. Gaining information
about the characteristics of motion with laboratory solutions, such as optoelectronic
or electromagnetic mo-cap systems, is not always feasible due to the high costs and
complexity of these acquisition tools. Moreover, they have several additional limi-
tations: (i) patients need to be in ad-hoc laboratories in the clinic; (ii) the operating
field and acquisition area are limited; (iii) environmental interferences and occlusion
phenomena can occur and this results in very long post-processing and data cleaning
operations; (iv) specifically trained personnel is needed to run the acquisitions.

As anticipated in Section 1.2, the advances in MEMS technologies have allowed
the use of inertial-based sensors also in the field of motion analysis. These small-
sized, low-powered, easy-to-use, and affordable sensors can provide accurate, dy-
namic 3-dimensional measures of body movements, without the constrain of the clas-
sical technologies. Different studies have proven the validity of inertial sensing for
mo-cap in clinical environments through comparison with gold standard technolo-
gies [29, 30, 31]. In the following, the main categories of clinical applications in
which inertial-based mo-cap has been successfully applied are briefly described, in
increasing order of abstraction.

1.3.1 Quantification of Body Movements

Mo-cap techniques are often used for measuring and characterizing movements of
specific body segments or parts, such as upper [32, 33, 34] and lower [35, 36] limbs,
trunk [37, 38], head [39], etc. The objective quantification of these body movements
can help clinicians in a variety of contexts, such as the assessment of the efficacy of
rehabilitations strategies or of the level of severity of a particular medical condition,
the diagnosis of movement disorders, the progression of post-intervention recovery,
and so on.
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1.3.2 Characterization of Specific Motor Tasks/Symptoms

The mere measurements of the position/orientation of body segment/joint is often
not sufficient for providing meaningful information to clinicians. In these cases, a
higher level analysis is required for characterizing in a proper way specific move-
ments, activities, or motor symptoms. In the assessment process of motor impairing
disease, for instance, functional motor task are defined by clinical scales in order to
help the medical personnel to achieve a more objective evaluation. Processed and ag-
gregated information about the performance of a patient in a particular task, extracted
by the raw kinematic measures, can be more interpretable by clinicians than a con-
fused collection of numbers and parameters. Usually, the processing pipeline starts
from a set of low-level features extracted from the signals acquired by the wear-
able sensors; then, the features are processed or aggregated, often through machine
learning techniques, in order to provide high-level and more intelligible data. Some
examples of applications which aim at characterizing specific movements or motor
symptoms are: the evaluation of well-defined functional tasks, such as those of the
UPDRS [40, 41, 42] or other clinical scales [43, 44]; the monitoring of specific motor
symptoms, such as tremor [45], dyskinesia [46], bradykinesia [47], and freezing of
gait [48]; the analysis of gait. Since the latter is the motor task on which we focused
the most in this thesis, a specific section is dedicated in the following to its detailed
description.

Gait Analysis

Gait Analysis (GA) is the systematic study of human locomotion. It finds application
in many different fields, such as in sports, rehabilitation, and health diagnostics [49].
In particular, clinical GA is the process by which quantitative information is collected
in order to detect and understand gait abnormalities and guide clinicians’ treatment
decisions. It can be used, for instance, to assess spastic gait in patients with par-
tial paralysis, cerebral palsy, Parkinson’s disease, or neuromuscular disorders or for
monitoring the patient’s healing progress in post-stroke or post-surgery rehabilitation.
As anticipated in Section 1.1, the study of animal gait began more than 2000 years
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ago with Aristotle and continued across the centuries until today, thanks to the con-
tributions of great scientific personalities, such as Giovanni Alfonso Borelli, in 17th
century, Christian Wilhelm Braune, Otto Fischer, Eadweard Muybridge, and Étienne-
Jules Marey, in between 19th and 20th centuries. Initially, only limited amounts of
data could be collected and processed, because of limitations in tools and models used
to interpret the results. In the latter part of the 20th century, however, gait analysis
technology began to improve significantly, increasing the potential for clinical appli-
cation of gait analysis. Modern computer-based clinical gait analysis has developed
increasingly since the late 70s, when the availability of commercial video-camera
systems allowed the conduction of detailed and individual studies within acceptable
time and cost constraints. Optical technologies, in fact, were the first to be used in gait
laboratories and they are, still today, the golden standard approach, due to their ac-
curacy and reliability [50]. Nevertheless, optical GA has the limitations described in
Section 1.1.1 for vision-based mo-cap systems, namely, the need of specific laborato-
ries and highly-specialized personnel, high-costs, lengthy set up and post-processing
times, and a limited acquisition volume, which make the system unusable outside
the clinics. Other technologies used for GA are based on foot switches [51], elec-
tromyography (EMG) [52], and force platforms [53]. These methods are often used in
combination with optical systems and, although they are accurate and provide highly
detailed information on the quality of gait, they have several drawbacks and can not
be used for a long-term and continuous assessment of patients. IMU-based GA is
currently the most adopted alternative approach, because it is cost-effective, reliable,
and easy-to-use. Different works, focusing on this sensing technology for GA, have
appeared in the both medical and engineering literature in recent years.They differ
in many aspects related , for example, to the kind, the number, and the positioning
of the sensors used for collecting the data, the methods used for their processing, the
level of detail of the analysis, and so on. In general, we can distinguish the follow-
ing main categories of approaches: accelerometer-based and gyroscope-based. One
of the first works which took advantage of the accelerometric approach was con-
ducted in [54]. Two accelerometers mounted on the patient’s thighs were used for
gait temporal features estimation. In [55], an analysis of spatio-temporal gait param-
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eters during overground walking based upon a method that needs only the measure of
lower trunk acceleration is presented. A single IMU placed on the patient’s pelvis has
been used in [56] to perform an accurate determination of foot contact instances and
to estimate bilateral step length. A wavelet-based approach was developed to identify
intervals of interest where gait event candidates were searched in the accelerome-
ter signals. Then, a combination of a Kalman filter and an optimally filtered direct
and reverse integration applied to the IMU signals was used to calculate the pelvis
displacement along the direction of motion and to measure the step length and the
traversed distance.

The approach based on gyroscopes is the mostly used. In 1997, Miyazaki de-
scribed a system for a long-term monitoring of step length and walking velocity
in patient with gait disabilities, using a gyroscope attached on the thigh [57]. Tong
et al. investigated the possibility of using uni-axial gyroscopes to develop a simple
portable GA system, using four gyroscopes (two mounted on the shanks and two
on the thighs) [58]. In [59], Aminian et al. used a similar configuration of nodes
to evaluate gait characteristics. The temporal features were extracted using the an-
gular rate signal of the shanks while the spatial parameters were estimated using
a double pendulum model that involves both the shanks and the thighs segments.
Bart et al. [60] used a shoe-mounted gyroscope and a Dynamic Time Warping algo-
rithm for detecting accurately gait events in both healthy and parkinsonian subjects.
In some cases, both accelerometers and gyroscopes have been used for segmenting
gait phases and extract spatio-temporal parameters: in the system described in [61],
Sabatini et al. used a foot mounted IMU to estimate gait events, step length and walk-
ing speed; in [62], a comparison between accelerometers and gyroscope-based gait
segmentation algorithms is performed, showing that both approaches have similar
performance compared to gold standard methods based on foot switches. Another
possible attempt to classify gait analysis approaches through inertial sensing may be
based on the number of sensors used in the BSN. Undoubtedly, a single-sensor ap-
proach is simpler, more suitable for long-term monitoring in free living conditions,
more comfortable for the patient, and less obtrusive, although it has to sacrifice part
of the accuracy and the detail level of the analysis. On the other hand, a multi sensor
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approach can be more accurate, providing a more complete set of parameters, but im-
plicates higher complexity, costs, and movement limitations. A recent and accurate
review of common approaches used for IMU-based gait analysis is provided in [63].

Independently from the used methods and sensors, the analysis of gait patterns
aims at providing clinicians quantitative measures that characterize a subject’s walk-
ing performance under different points of view: most of the GA algorithms provide
temporal and spatial parameters associated to gait cycles [59, 64, 55]; others al-
lows to quantify the symmetry and the regularity of steps/strides [65]; some methods
highlight the kinematic features of gait patterns, such as range of rotation of lower
limbs segments [66], or the kinetic aspect, showing the forces involved in gait move-
ments [67].

In general, spatio-temporal parameters are the most meaningful under a clinical
point of view. The first step needed for computing them consists in segmenting gait,
which is a complex movement that involves many muscles and joints, into simpler
blocks, denoted as gait cycles. Two fundamental events per leg are needed to identify
a complete gait cycle and all the other temporal parameters which define the differ-
ent gait phases: the Heel Strike (HS) (i.e., the instant at which the foot touches the
ground) and the Toe-Off (TO) (i.e., the instant at which the foot leaves the ground).
In particular, a gait cycle starts with the HS of a foot and ends with the following HS
of the same foot. The complete sequence of events, considering for example a gait
cycle starting with the right leg (Figure 1.10), is the following: right HS (HSR), left
TO (TOL), left HS (HSL), right TO (TOR), right HS (HSR).

Once all the HSs and TOs have been identified for both legs, the following tem-
poral parameters can be calculated for the k-th gait cycle.

• Gait Cycle Time (GCT ) (dimension: [s]): the time interval between the HS of
a foot to the next HS of the same foot. In particular:

GCTR/L(k) = HSR/L(k+1)−HSR/L(k).

• Stance Time (ST ) (adimensional, % of GCT): the time percentage (relative to
the corresponding gait cycle) during which a foot is in contact with the ground.
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Figure 1.10: Segmentation of a (right) gait cycle (image credit: http://www.studyblue.com).

In particular:

STR/L(k) = 100×
TOR/L(k)−HSR/L(k)

GCTR/L(k)
.

• Swing Time (SW ) (adimensional, % of GCT): the time percentage (relative to
the considered gait cycle) during which a foot is not in contact with the ground.
In particular:

SWR/L(k) = 100−STR/L(k).

• Double Support (DS) (adimensional, % of GCT): the time percentage (relative
to the considered gait cycle) during which both feet are in contact with the
ground. This happens twice during a gait cycle: at the beginning and at the end
of one foot’s stance phase. The first DS phase is denoted as Initial Double Sup-
port (IDS) and the second one is denoted as Terminal Double Support (T DS).
They can be expressed as follows:

IDS(k) = 100× TOL(k)−HSR(k)
GCT (k)

T DS(k) = 100× TOR(k)−HSL(k)
GCT (k)

.

http://www.studyblue.com
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Finally, the DS can be given the following expression:

DS(k) = IDS(k)+T DS(k).

A quantity related to DS, denoted as Limp, is defined as follows:

Limp(k) = |IDS(k)−T DS(k)|.

For what concerns the spatial parameters, the most commonly considered for gait
characterization are the following.

• Stride Length (SLR/L) (adimensional: % of subject’s height): the distance trav-
eled from the HS of one foot to the following HS of the same foot (i.e., a
stride).

• Stride Velocity (SVR/L) (dimension: [% of subject’s height/s]): the average lin-
ear velocity of a foot during a stride.

• Step Length (StepLR/L) (adimensional: % of subject’s height): the distance
traveled from the HS of one foot to the HS of the other foot (i.e., a step).

• Step Velocity (StepVR/L) (dimension: [% of subject’s height/s]): the average
linear velocity of a foot during a step.

A visual representation of stride/step lengths is shown in Figure 1.11

1.3.3 Activity Detection and Classification

The highest abstraction level of human motion analysis consists in determining if
the user is performing an action (detection) and, if yes, what kind of action (classi-
fication). The availability of a system capable of automatically classifying the phys-
ical activity performed by a human subject is extremely attractive for many appli-
cations in the field of health-care monitoring and for developing advanced human-
machine interfaces. Defining the sequence of a patient’s actions across the entire day,
in fact, can provide extremely meaningful information in various contexts, such as
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Figure 1.11: Visual representation of stride/step lengths (image credit: http://www.studyblue.
com).

the monitoring of symptoms severity fluctuations on the long-term for Parkinson’s
Disease patients [68, 16], the effectiveness of a rehabilitation strategy in the post-
intervention period [69, 70], to monitor the physical condition and to encourage an
healthy lifestyle in obese subjects [71], or a safety system to prevent and detect falls
for elderly people [72, 73, 74]. Most of the cited approaches use the signals acquired
by single or multiple accelerometers attached to different body segments (usually,
trunk, wrists, or ankles) in combination with machine learning techniques (simple
supervised learning methods, relying on various classifiers, such as SVM, kNN, Ran-
dom Forest, etc., or dynamic methods, such as Hidden Markov Models (HMMs) or
deep neural networks), in order train an automatic system able to identify and dis-
tinguish between a set of predefined activities. A detailed review of the available
literature on the use of inertial sensors for the detection and classification of physical
activities is provided by Yang et al. in [75].

http://www.studyblue.com
http://www.studyblue.com
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1.4 Thesis Outline

In this thesis, we focuses on the characterization of specific motor tasks in PD and
post-stroke patients, relying on inertial-based BSNs, advanced signal processing tech-
niques, and machine learning. In particular, the manuscript is structured as follows:

• Chapter 2: Automatic Assessment of Gait in Parkinson’s Disease using a
Low-complexity IMU-based BSN. In this chapter, a system, based on a BSN
formed by three IMUs, for the quantitative characterization of the gait task in
Parkinsonians is presented. A novel gait segmentation algorithm is also pro-
posed as a starting point for the computation of temporal parameters. Addi-
tional features in both time and frequency domains are extracted and analyzed,
trying to highlight the connection between them and the clinical evaluation by
the medical personnel. Exploiting machine learning techniques, a classification
system able to provide an automatic assessment of patients’ motor performance
mimicking the evaluation criteria by the clinicians is also implemented and ex-
haustively tested. The performances achieved in the kinematic characterization
of gait and its automatic evaluation are finally discussed and commented.

• Chapter 3: Kinematic Characterization and Comparative Outlook of UP-
DRS scoring in Multiple Motor Tasks for PD. The approach described in
the previous chapter for the gait task has been extended to two additional
functional motor tasks defined in the UPDRS clinical evaluation scale: the
leg agility and the sit-to-stand. Using a unique BSN, kinematic features are
specifically extracted for each task and used, together with the assessments pro-
vided by three expert neurologists, for training an automatic evaluation system.
The achieved classification performance is investigated and the correlations be-
tween tasks, in terms of UPDRS scoring, are analyzed. Finally, the suitability
of the proposed system for real applications in e-health scenarios is discussed.

• Chapter 4: Quantitative Evaluation of Gait in Post-stroke patients. Two so-
lutions for objective and accurate characterization of gait in post-stroke pa-
tients are described in this chapter. The first approach relies on a multi-sensor



32 Capitolo 1. IMU-based Motion Analysis for clinical applications

BSN but, due to its complexity, is only briefly detailed. The second system is
based on a single IMU mounted on the patient’s back and is deeply investi-
gated. A novel algorithm for robust gait segmentation is proposed, relying on
per-subject automatic calibration procedures, which allow the system to deal
with the asymmetry and irregularity of the hemiparetic gait. A complete set
of spatio-temporal parameters is extracted and validated against an optoelec-
tronic system. Finally, the possible future extensions of the current approach
are discussed.



Chapter 2

Automatic Assessment of Gait in
Parkinson’s Disease using a
Low-complexity IMU-based BSN

Walking gets the feet moving, the blood moving, the mind moving.
And movement is life.

– Carrie Latet

Walking is a fundamental activity of our everyday life. Although it may appear
as a natural and an easy task, in reality, it is a complex action which involves muscu-
loskeletal, neurologic, and cardiovascular systems. For this reason, the clinical study
of human gait, as anticipated in Chapter 1, can provide valuable information to medi-
cal personnel across the whole clinical assessment process, from the diagnosis to the
post-intervention rehabilitation, of several motor-impairing diseases. In Parkinson’s
Disease, the analysis of gait patterns is extremely useful for quantifying the motor
symptoms severity and the response to medications of a patient. In this chapter, the
a novel implemented system for the objective and automatic evaluations of gait in
Parkinsonians, is described, validated, and experimentally investigated.
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2.1 Introduction

2.1.1 Parkinson’s Disease

Parkinson’s Disease (PD) is a chronic and progressive neuro-degenerative condition
in which the death of dopamine-secreting cells, located mostly in a region of the brain
called substantia nigra, is responsible for a gradual impairment of the motor system.
In industrialized countries, PD affects about 0.3% of the whole population and its
prevalence increases up to 4% in people over age 80 [76]. Although the disorder
was firstly described by the English doctor James Parkinson in his monograph Essay
on the Shaking Palsy in 1817, the exact causes of the disease’s onset are still un-
clear and have been often associated with a combination of environmental [77] and
genetic [78] factors. The most evident manifestation of the disease, since the early
stage, is the appearance of primary motor symptoms such as tremors, bradykinesia
(i.e., slowness of movement), rigidity, postural instability, and gait impairments, but
patients can also experiment non-motor symptoms, such as depression, sleep distur-
bance, anxiety, dementia, and many other. A careful physical examination and an
accurate medical history of each patient is required in order to detect the core motor
symptoms and to diagnose the presence of the disease. Moreover, when the disorder
has been diagnosed, the typical management of the symptoms is based on the use of
dopaminergic drugs, such as Levodopa or dopamine agonist. A patient-centric ther-
apy is required in order to maximize the efficacy of the medications and minimize the
impact of the side effects, such as dyskinesia and motor fluctuations, which can even
worsen the deficiencies induced by the disease itself. When drug therapies are not
sufficient or the related complications are too severe, Deep Brain Stimulation (DBS),
i.e., a neurosurgical procedure in which implanted electrodes stimulate specific brain
regions, can be considered as an option for managing motor symptoms. In most cases,
during the clinical assessment process, physicians can only rely on their experience,
on qualitative and sporadic clinical observations, which may be not representative of
the actual disease status. For these reasons, an accurate, quantitative and continuous
monitoring of the symptoms should be required in order to define an effective and
patient-focused therapy.
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2.1.2 Unified Parkinson’s Disease Rating Scale

To improve the quality of symptoms’ assessment, different standardized, semi-quantitative
evaluation scales have been introduced to help clinicians to achieve a more objective
analysis of the disease progression. Above all, the Movement Disorder Society - Uni-
fied Parkinson’s Disease Rating Scale (MDS-UPDRS) [79] is the most commonly
used scale in the clinical study of the PD. The MDS-UPDRS1 aims to follow the
longitudinal course of the disease and define specific tasks in order to assess different
aspects of the disorder. In particular, it focuses on the evaluation of the following
elements:

1. Part I: non-motor experiences of daily living (13 items);

2. Part II: motor experiences of daily living (13 items);

3. Part III: motor examination (18 items);

4. Part IV: motor complications (6 items).

Each task is evaluated providing an increasing discrete score between 0, which
means no impairment, and 4, which means severe difficulties in performing the item.
Several studies have pointed out a good test-retest reliability for the global UPDRS
score but this scale still present some limits in clinical trials. Some of these limita-
tions are: the need for specifically trained neurologist to assign the UPDRS score; the
inter-intra rater variability [80]; the discrete nature of the UPDRS scores, which is not
optimal to detect minimal changes during the disease progression [81]; and the diffi-
culty to convey a concise score, especially when several movement components (such
as speed, amplitude, hesitations, etc.) should be taken into account for the evaluation.
In order to improve the UPDRS assessment reliability, monitoring the variations in
symptoms severity and medication response in a more consistent way, the frequency
and the duration of clinical trials should be increased [82]. Obviously, this solution

1For brevity, we refer at the MDS-UPDRS simply using the abbreviation UPDRS in the following.
We remark, however, that it has to be distinguished by the original UPDRS, revised by the Movement
Disorder Society in 2007.
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is not always feasible or practical. Additional information on the disease condition
outside the clinic are usually collected by asking patients to keep motor diaries while
at home. However, this tool is often unreliable because of non-optimal compliance in
the patient record keeping, recall bias or weak self-assessment skill due to cognitive
impairment, that is often associated with late stages of PD [83]. It is clear that a tool
which allows physicians to pursue a continuous, frequent, non-invasive, and objective
monitoring of PD patients, in both clinical and domestic environments, would make
it possible to overcome the majority of the limitations of current evaluation methods.

2.1.3 The VRehab Project

The use of motion analysis techniques, as described in Section 1.1, can provide clin-
icians those objective and quantitative measurements needed for an accurate charac-
terization of patients’ motor performance. At the same time, advent of new, minia-
turized, low-cost, and unobtrusive motion-sensing devices, such as IMUs and the
Microsoft Kinect, has extended the possibilities of performing an analysis of the
movements on a longer temporal frame and outside the clinics. Based on these two
ideas, the Virtual Reality in the Assessment and TeleRehabilitation of Parkinsons Dis-
ease and Post-Stroke Disabilities2 (VRehab) project began in 2009. Different Italian
academic (Università di Parma, Università di Torino, Politecnico di Milano, and Uni-
versità del Piemonte Orientale), medical (Istituto Auxologico Italiano IRCCS, and
Maggiore della Carità University Hospital of Novara), and industrial (Telecom Italia)
realities took part in the project with the common aim to investigate the feasibility
of a remote and affordable e-health system for the automatic evaluation of functional
motor task and the monitoring of rehabilitation strategies in both PD and Post-Stroke
populations. These goals are pursued by autonomous research groups working on
smaller sub-projects, through different strategies, such as: the use of BSNs and exter-
nal sensing devices for the monitoring of the motor performance; machine learning
techniques for providing medical personnel high level information on patients’ con-
ditions; gamification of functional motor task, for both evaluation and rehabilitation

2Project supported by the Italian Ministry of Health (RF-2009-1472190).
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purposes; virtual reality for creating immersive digital environments which can in-
crease patients engagement. The work presented in this chapter, undertaken within
the VRehab project and involving Università di Parma, Istituto Auxologico Italiano,
Politecnico di Milano, and Telecom Italia, focuses specifically on the Gait (G) task
of the UPDRS.

2.1.4 The UPDRS Gait Task

Task Description

In [79], the G task is defined by MDS as follows: the patient is asked to walk, at
his/her preferred speed, away from the examiner for at least 10 m and in straight
line, then to turn around and return to the starting point. This exercise should be
performed in an obstacle-free environment and the initial/final acceleration phases
should be discarded to avoid border effects in the analysis. The parameters of interest
are those strictly related to the gait characteristics, such as: the stride/step amplitude
and speed; the cadence; the gait cycle time; parameters related to the turning phase;
the variability between left and right steps; and the arm swing. Freezing of gait should
not be considered in the evaluation, if present, since it is addressed by a separate
UPDRS item. The arm swing has not been considered in this work as well, as no
sensor is placed on the upper limbs.

UPDRS Evaluation

Based on the observation of the gait characteristics suggested by the MDS, during
a trial, physicians assign the patient an integer score between 0 and 4. In particular:
a UPDRS score equal to 0 corresponds to normal walking; UPDRS score 1 is as-
signed to patients who can walk independently but present some minor impairments;
UPDRS score 2 is given to subjects who can still walk unaided but with substan-
tial deficits, such as slow walking, short steps, and festination; finally, UPDRS score
equal to 3 and 4 are assigned to patients who cannot walk without the help of another
person (or an assistance device) or who cannot walk at all, respectively. The eval-
uation of the G task is usually performed without the support of any technological
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instrument so that the neurologist assesses the task in a qualitative way and relies
especially on his/her experience and training. Therefore, assessments may vary from
neurologist to neurologist (inter-rater variability) or from one evaluation session to
another by the same neurologist (intra-rater variability) [80].

2.1.5 Chapter Contribution

In this chapter, a novel approach for the objective characterization of gait in PD pa-
tients is presented [1, 3]. Relevant kinematic features are extracted through an IMU-
based BSN, formed by only three nodes (one on the chest and one per thigh). Then,
the relationship between the extracted features and the UPDRS scores assigned by
neurologists are investigated. Finally, a classification system for the automatic as-
sessment of the UPDRS score in the G task is proposed and discussed.

2.2 Related Work

Gait is undoubtedly the motor task that mostly affects PD patients’ lifestyle and in-
dependence, being representative of the global ability of patients to perform complex
movements and also very sensitive to fluctuations between the periods in which the
drug’s effect is active and those in which it is not (ON-OFF state fluctuations). For
these reasons, GA in Parkinsonians, as well as in many other gait-impairing patholo-
gies, is extremely useful for providing clinicians a detailed picture of the general
motor performance of a patient and, as denoted in Section1.3.2, it is a widely stud-
ied field. Several works have appeared in the literature focusing on the quantitative
assessment of gait in PD patients. Most of them put their emphasis on the use of
inertial-based wearable sensors for measuring the movement characteristics.

In [84], Salarian et al. proposed and validated against a reference system a clin-
ical GA method based on the use of multiple gyroscopes attached to both lower
(thighs and shanks) and upper (wrists) limbs. They extracted spatio-temporal param-
eters from controls and PD patients with DBS and compared the gait performance
between the two groups. Additionally, they assessed the variations in gait features in
the parkinsonian subgroup between the periods in which the brain stimulation was
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ON and those in which was OFF, showing the efficacy of DBS in improving the
walking abilities. Cancela et al.[85] used a single belt mounted accelerometer to an-
alyze the differences between parkinsonian and healthy gait, showing that, through
their signal processing approach, a single sensor was not enough for providing an
accurate and subject-independent evaluation. Mariani et al [86] implemented a novel
system based on wearable sensors on-shoe which provides outcome measures char-
acterizing PD motor symptoms during Timed Up and Go (TUG) and gait tests. They
introduced non-conventional spatio-temporal parameters and achieved an accuracy
in the estimation of stride length and velocity of 1.3±3.0 cm and 2.8±2.4 cm/s, re-
spectively. Also in [87], signals were collected through IMUs mounted on the shoes
and processed to extract representative features in both control and PD patients. A
pattern recognition algorithm was applied later on to select the most meaningful fea-
tures and classify automatically the trials, distinguishing between healthy and patho-
logical gait and quantifying the impairments severity according to the UPDRS and
H&Y scales. In [88], a system based on gyroscopes mounted on the shanks was pre-
sented. Through a validation with a optoelectronic system and a force platform, the
authors showed that their approach allows to achieve good performance in detecting
gait cycles and computing temporal parameters, also in PD patients experimenting
shuffling gait. The estimation of spatial features, although, was not sufficiently ac-
curate. Moore et al.[89] focused on the long-term monitoring of parkinsonian gait
characteristics, acquiring data continuously for 10 hours in a free living environment.
A specific per-subject calibration procedure was used to compute stride length from
accelometric data collected by IMUs placed on the shanks. The variations in stride
length across the day were used to analyze and model the fluctuations of efficacy
related to Levodopa therapy. Beside the cited works, several other research studies
exist in the literature about GA for Parkinsonians. Some of the main limitations of
the existing approaches are: (i) the use of complex BSNs with many sensing nodes,
which can easily become intrusive and limit patients movements, especially in a free-
living environment; (ii) the quantity and the quality of the measures provided for the
characterization of gait, often not detailed and accurate enough for achieving a reli-
able assessment of the impairments level; (iii) the lack of high level “intelligence”,
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which can automatically derive insights on patients’ motor performance, trying to
mimic the judging criteria by the medical personnel, offering them additional and
aggregate information that can help the evaluation process; (iv) the lack of flexibility,
for instance, in reusing the same BSN for the characterization and the assessment
of other functional motor tasks. The approach proposed in this work aims at over-
coming these limitations using: (i) a low-cost and low-complexity BSN, formed by
3 IMUs, suitable for the assessment of multiple UPDRS functional tasks; (ii) both
newly developed and well-known techniques for the extraction of a complete set of
gait parameters; (iii) machine learning methods to train a classification system able
to automatically assess patients motor performance.

2.3 Experimental Set-up

In this section, the hardware configuration, the set of subjects, and the acquisition
procedures used in the experimental tests are described.

2.3.1 Hardware

The BSN used for the data collection is formed by Shimmer 2r IMUs–the technical
details of the sensing platform are provided in 1.2.5. The nodes stream data, from the
integrated accelerometer, gyroscope, and magnetometer, wirelessly (via a Bluetooth
radio interface) to a personal computer, where signal processing and data analysis
are performed using the MATLAB framework (The MathWorks, Inc., USA, http:
//www.mathworks.com/products/matlab.html). The sampling rate, de-
noted as f , is set to 102.4 Hz because it is the closest, in the set of the sampling
rates supported by the Shimmer platform, to the usual sampling frequency (namely,
100 Hz) of an optoelectronic reference system. For assessing the accuracy and the
reliability of the inertial signals, indeed, a validation study has been performed in a
preliminary stage of the project, acquiring simultaneously data from the IMUs and
an optical mo-cap system by Vicon (Vicon, Oxford, U.K.). The latter is considered a
gold standard in clinical motion analysis and it is able to provide the 3D coordinates,

http://www.mathworks.com/products/matlab.html
http://www.mathworks.com/products/matlab.html
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within a calibrated moving volume, of passive markers positioned on specific anatom-
ical landmarks of the subject, with an average accuracy of approximately 0.2 mm.

2.3.2 Subjects

The set of subjects involved in the study consists in 34 Parkinsonians (22 males and
12 females), with average age equal to 67.4 years (max = 79 years, min = 31 years)
and standard deviation equal to 11.6 years. The average Modified Hoehn and Yahr
(H&Y) Scale score for the patients was 1.6 (standard deviation equal to 0.47, mini-
mum score equal to 1, maximum score equal to 3) on the 1-to-5 scale (higher scores
indicate more severe impairments and more advanced stages of the disease). Further-
more, 4 healthy controls, with average age equal to 65.5 years and standard deviation
equal to 2.88 years, labeled with an UPDRS score equal to 0 in all the trials, have
also been included in the set of subjects as a benchmark and to increase the rating
range. The number of healthy controls has been limited to 4 in order to avoid the
polarization of the observed results towards the UPDRS 0 class because of the motor
performance of non-Parkinsonian (i.e., healthy) subjects.

2.3.3 Acquisition Procedure

The BSN configuration designed for the data acquisition is shown in Figure 2.1 (a).
It consists in three Shimmer 2r nodes, one per thigh, one on the chest, attached to
the body with Velcro straps. As anticipated in Section 2.2, the reasons behind this
choice, which may seem counterintuitive, considering that most of the work in the
literature places the sensors on the feet, the shanks, or the ankles, are dictated by the
fact that we aim at obtaining a minimal (in terms of number of sensors) but flexible
configuration, suitable for the evaluation of multiple functional motor tasks defined
in the UPDRS (in addition to the G task), such as leg agility, sit-to-stand, postural
stability, etc. This would allow physicians to analyze, with the same BSN, different
tasks without changing the configuration of the nodes, thus: minimizing the patients’
stress; simplifying the acquisition procedure; and allowing sequential execution of
the tasks. Moreover, the IMUs’ placement facilitates the extraction of kinematic pa-
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(a) (b)
Figure 2.1: The proposed BSN: (a) the actual configuration used for the data acquisition in the clin-
ics; (b) in combination with the reflective markers of the optoelectronic reference system during the
validation process.

rameters through the measurement of angular velocities, inclinations, and accelera-
tions. These measurements are more accurate and reliable than measuring positions
or displacements, which are derived from the formers and usually introduce addi-
tional errors in the data analysis. The Shimmer nodes are oriented trying to align the
x axis of the their reference system (shown in Figure 1.9 (a)) to the upward-downward
direction, the y axis to the right-left direction, and the z axis with the antero-posterior
direction.

The acquisition procedure followed in the clinic for the data collection is the fol-
lowing: in each trial, the examiner asks the patient to walk, at his/her preferred speed,
in an obstacle-free environment for a variable distance between 7 m and 15 m and
then to turn around and go back to the starting point. The acquisitions have been taken
in different locations and, due to the lack of space, it has not always been possible
to perform the G task walking continuously for at least 10 m, as the MDS suggests.
However, even in the few cases in which the shortest distance (7 m) was traveled,
the minimum number of complete gait cycles per leg was between 2 and 4 (after
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Figure 2.2: Distribution of the 55 UPDRS scores assigned to the G task trials.

discarding the acceleration and deceleration phases) in both directions, leading to a
minimum total number of complete gait cycles per leg between 4 and 8 in the entire
trial. The obtained results (presented in the following) show that this minimum num-
ber of gait cycles is sufficient to estimate accurately the gait parameters. Moreover,
this number is consistent with the number of gait cycles considered in classical GA
systems based on other technologies, which have usually a limited acquisition area.

The total amount of gait trials collected was 55 (from 34 Parkinsonians and 4 con-
trol subjects), as some PD patients performed the task on different medication states
(ON/OFF) or in distinct acquisition sessions. In order to reduce the low-resolution
effects caused by the discrete nature of the UPDRS and increase the homogeneity
and the range of the assessment, the collected data have been evaluated by expert
neurologists, using a non-integer scale with intermediate scores (·.5) to label the tri-
als in which the neurologists were undecided between consecutive (integer) UPDRS
classes. All the exercise sessions were also recorded using a portable video camera
for off-line manual controls. The distribution of the 55 UPDRS scores assigned to the
G task trails is shown in Figure 2.2

For what concerns the validation procedure, synchronized inertial and optical
data have been collected for a heterogeneous subset of 5 subjects, including both
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healthy subjects (3) and Parkinsonians (2), using the testbed configuration shown in
Figure 2.1 (b). Further details on the optoelectronic-based validation can be found
in [30].

2.4 Gait Characterization

In this section, the methods used for the characterization of parkinsonian gait, in both
time and frequency domains, are described.

2.4.1 Gait Features in the Time Domain

We first analyze gait patterns in the time domain. A novel algorithm for gait seg-
mentation is proposed as the basis for the computation of spatio-temporal parameters
and kinematic variables. Additional features based on the autocorrelation of the ac-
celerometric signals are also considered in order to detect periodicity and symmetry
in walking patterns.

Temporal Parameters

As extensively discussed in Section 1.3.2, despite its complexity, gait has a significant
rhythmic and periodic component and it is possible to segment it in simpler blocks,
called gait cycles. In order to identify them and all the other gait phases, it is necessary
to accurately detect the HS and TO events, for both legs. To this end, we propose a
novel approach, based on proper processing of accelerometric signals acquired by the
chest-mounted IMU.

By following a heuristic approach, a preliminary visual investigation was per-
formed manually detecting and labeling the HS and TO events in the inertial signals,
using synchronized optoelectronic data as ground truth. We observed that HS events
are usually located in proximity of negative and positive peaks in vertical and frontal
accelerations, respectively. Physically, this is due to the fact that, just before the HS
instant, the trunk reaches the maximum vertical acceleration intensity (with negative



2.4. Gait Characterization 45

0 50 100 150 200 250 300

−5

0

5
a

z 
 [m

/s
2 ]

samples

0 50 100 150 200 250 300

−5

0

5

a
v
er

t  
 [m

/s
2 ]

samples

0 50 100 150 200 250 300

−5

0

5

a
y
 [m

/s
2 ]

samples

(a) Healthy Subject

0 50 100 150 200 250 300

−5

0

5

samples

0 50 100 150 200 250 300

−5

0

5

samples

0 50 100 150 200 250 300

−5

0

5

samples

a
v
er

t  
 [m

/s
2 ]

a
y
 [m

/s
2 ]

a
z 
 [m

/s
2 ]

(b) PD Subject

Figure 2.3: Accelerometric signals recorded through the chest-mounted IMU for: (a) a healthy subject
and (b) a PD patient with mild symptoms (UPDRS score equal to 1.5). Circles represents peaks in the
linear vertical acceleration avert. Triangles and asterisks on the antero-posterior acceleration az denote,
respectively, HS and TO events. In the medio-lateral acceleration ay HS points are connected with
following TO points by a line whose slope allows to discriminate left leg (blue line, positive slope)
from right leg features (red line, negative slope).
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sign because the body is falling toward the ground) and also the maximum frontal ac-
celeration (because the body is moving forward and then suddenly decelerates after
the foot contact). In a preliminary version of the algorithm [1], the negative peaks in
vertical acceleration were chosen to estimate the HS instants because the acceleration
in the upward-downward direction is usually sharper and more robust to inter-subject
variability of gait patterns than the one in the antero-posterior direction. In order to
achieve a better HS detection accuracy, the current version of the algorithm takes into
account both vertical and frontal acceleration components. In particular, the peaks in
a preprocessed version of the vertical acceleration have been used to define a lim-
ited region in which peaks in frontal acceleration, corresponding to the actual HS
events, are searched. The estimation of the TO instants and the automatic labeling
of the right/left events are performed considering the local minima after the HSs in
the antero-posterior acceleration and the projection of HSs’ and TOs’ instants in the
medio-lateral acceleration, respectively.

Two examples of typical trunk acceleration patterns for a healthy subject and a
Parkinsonian are shown in Figure 2.3, where the interval between samples, denoted
as ∆, is equal to 1

f = 9.76 ms, and the vertical, the medio-lateral, and the antero-
posterior components of the acceleration are denoted as ax, ay, and az, respectively.
Although accelerations in the normally walking subject are more defined and have
wider excursions, the described signals characteristics can be easily observed also in
the accelerometric data recorded for the PD patient. The automatic procedure used
for the estimation of the HS and TO events can be detailed as follows. First of all, the
raw accelerometric signals are low-pass filtered to reduce the high frequency noise
component, using a fourth-order zero-lag Butterworth filter with bandwidth equal to
20 Hz. The raw accelerations measured by the IMU include always a component due
to the gravity. In our case, an imperfect alignment of the sensors with the direction of
the gravity may cause attenuation in the measured vertical acceleration ax. In order
to avoid this effect, the 3-dimensional orientation of the Shimmer node, in the Earth’s
frame (i.e., the reference system in which the x axis points toward the magnetic north,
the y axis points toward east, and the z axis points downward, toward the center of the
Earth, according to the direction of the gravity), is estimated through the orientation
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filter developed by Madgwick [27] and introduced in Section 1.2.4. The contribution
of the gravity (9.81 m/s2 in the z axis) is then subtracted from the acceleration compo-
nent in the Earth frame’s z axis: the effective linear vertical acceleration, denoted as
avert, is thus obtained. Since avert refers to the Earth frame, downward accelerations
are positive, whereas upward accelerations are negative. For this reason, as shown
in the second row of both plots in Figure 2.3, while the body is falling towards the
ground (i.e., just before an HS event) the values of avert reach positive peaks, which
represent good candidates for estimating an approximate region in which the actual
HSs should be searched. The first step of the peaks selection procedure in avert con-
sists in low-pass filtering the signal (using a fourth-order zero-lag Butterworth filter
with cut-off frequency set to 5 Hz) and in shifting it, by adding a quantity equal
to the minimum value (with sign) of avert measured in the entire trial, in order to
have only positive values. Moreover, since we observed that the highest peaks were
always higher than 1 m/s2, the obtained signal is squared to magnify further high-
est peaks. The resulting signal, denoted as apreproc, is analyzed to extract instants of
the highest positive peaks, generally denoted as peakvert = {peakvert( j)}Npeaks

j=1 , where
Npeaks is the number of highest peaks in the trial, which approximately identify the
HS instants. In particular, in order to detect only the correct peaks and discard those
related to other gait cycle’s phases (different from the HS instants), the MATLAB
function findpeaks(data, ’MinPeakHeight’, T hheight , ’MinPeakDistance’, T hdistance)
is used, where: data is the signal in which the peaks should be searched (apreproc in
this case); (’MinPeakHeight’,T hheight) and (’MinPeakDistance’,T hdistance) are (name,
value) pair arguments, which impose constraints for refining the peaks’ selection pro-
cedure. More specifically: the former imposes to consider as possible candidates for
peak instants only the positive peaks in apreproc with a height greater than a thresh-
old, denoted as T hheight (dimension: [m/s2]), whereas all the others are discarded; the
latter imposes that the distances (in terms of samples) between consecutive selected
peaks, i.e., {peakvert( j)− peakvert( j−1)}Npeaks

j=2 , are larger than another threshold, de-
noted as T hdistance (dimension: [s]), to avoid considering, as valid, peaks higher than
T hheight but pair-wise too close to represent consecutive HS events.

The values of T hheight and T hdistance are chosen on the basis of experimental
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observations of trunk acceleration patterns in both healthy and parkinsonian subjects
and are set to 25% of the maximum value of apreproc, within a whole trial, and to 40
samples3 (approximately 390 ms), respectively.

For each instant peakvert( j) ( j = 1, ...,Npeaks), the peaks in antero-posterior
acceleration, coinciding with the actual HS instants, are searched in the interval
(peakvert( j)− 250 ms, peakvert( j)+ 50 ms) and labeled as {peakHS( j)}. Similarly,
local minima in the antero-posterior acceleration are searched inside the interval
(peakHS( j), peakHS( j)+ 250 ms). The nearest one, after peakHS( j), is selected as
TO. The final step of the algorithms consists in labeling the detected HSs and TOs
as events belonging to right or left gait cycles. To this end, the slope m of the line
passing through the value of the medio-lateral acceleration sample, corresponding to
the instant of the first detected HS (denoted as HS1), and the value of the sample
coinciding with the following TO instant (denoted as TO1), is considered. If m ≥ 0,
then a left gait cycle is starting, so that HS1 is labeled as HSL and the contralateral
TO1 as TOR; if m ≤ 0, HS1 is labeled as HSR and TO1 as TOL. The following HS
and TO are labeled consequently, alternating right and left labels.

When the complete sequence of HS and TO instants is identified, the temporal
parameters described in Section 1.3.2 can easily computed.

Spatial Parameters

As for the temporal features, step/stride length and velocity are estimated using only
the accelerometer placed on the chest. The computation of spatial parameters exploit-
ing trunk-accelerometry is a widely studied topic. An comprehensive comparison be-
tween different step length estimators, relying on trunk-mounted accelerometers and
various mathematical model for linking trunk movements with the forward displace-
ment, is provided by Alvarez et al. in [90]. We chose to adopt, among the others,
the approach proposed by Zijlstra [55], which simply considers human gait as an
inverted pendulum in which the vertical displacement h (dimension: [m]) of the Cen-
ter of Mass (CoM) can be used to estimate the forward distance D (dimension: [m])

3We reasonably assume that the time intervals between consecutive steps are always longer than
0.39 s for both healthy controls and PD patients.
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traversed at each step. Usually, while a person is walking, the CoM lies within the
pelvis but its movements have often been approximated using a sensor device placed
in proximity of the second sacral vertebrae. In the same way, we assume that the
vertical displacement of the sensor attached to the chest and the one of the CoM are
similar. The relationship between vertical and forward displacements is given by the
following equation:

D = 2K
√

2`h−h2 (2.1)

where ` is the leg length (dimension: [m]) and K is an empirically calibrated constant
(adimensional). The vertical displacement h can be obtained by double integration of
the linear vertical acceleration avert = {avert(i)}N−1

i=0 (dimension: [m/s2]), where N is
the length of the signal avert. More precisely, the vertical velocity vvert = {vvert(i)}N−1

i=0

(dimension: [m/s]) of the trunk at the i-th sample can be computed as

vvert(i) = vvert(i−1)+avert(i)∆ i = 1, ...,N−1

where: vvert(0) is assumed to be equal to 0; ∆ corresponds the sampling period (di-
mension: [s]); and . Then, the position pvert = {pvert(i)}N−1

i=0 (dimension: [m]) of the
trunk at the i-th sample can be expressed as

pvert(i) = pvert(i−1)+ vvert(i)∆ i = 1, ...,N−1

where pvert(0) is set to 0. The position data pvert are finally high-pass filtered (using
a fourth-order zero-lag Butterworth filter with cut-off frequency set to 0.1 Hz), to
remove integration drift, and the total displacement amplitude is then calculated as
the difference between the maximum and the minimum values of the trunk position
during each step cycle (i.e., the time interval between the HS of one foot and the
HS of the other foot). Considering the k-th gait cycle, the vertical displacement of
the trunk for the right step (hR(k), dimension: [m]) can be given by the following
expression:

hR(k) =
HSL(k)
max

i=HSR(k)
pvert(i)−

HSL(k)
min

i=HSR(k)
pvert(i)
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where HSR(k) (HSL(k)) indicates the first sample of the k-th HS for the right (left)
leg. The value of the vertical displacement during a left step (hL(k)) can be calculated
in the same way. The step lengths (StepLR/L) are estimated using (2.1). The step
velocities (StepVR/L) are obtained from the step lengths and the duration of the step
cycles. The parameters associated to strides, namely, SLR/L and SVR/L, are obtained
by adding the values of the features associated with the right and left steps for each
gait cycle, as shown in Figure 1.11. Finally, all the values for the spatial parameters,
which are initially calculated in meters, are expressed as percentage of the height of
the considered subject–this is an expedient for minimizing errors related to different
leg lengths.

Additional Features

Thigh’s Range of Rotation

Useful information for the clinical evaluation of gait, beside those provided by
spatio-temporal parameters, can be obtained by measuring joint angles and segment
inclinations in lower limbs [91]. The used sensor configuration (including one node
per thigh) allows us to retrieve only the data regarding the flexion/extension of the
thighs. In this case, the signal acquired by the gyroscopes of the IMUs placed on
the thighs is used. The measured angular velocity can be integrated, during each gait
cycle, in order to find the instantaneous (relative) inclination angle of the thighs’ seg-
ments. From the thigh angular velocity signal ω = {ω(i)}Nω−1

i=0 (dimension: [deg/s]),
where Nω is the length of the signal ω , and the sampling period ∆, the value of the
angle θ = {θ(i)}Nω−1

i=0 (dimension: [deg]) can be calculated for the i-th sample using
a discrete integration method:

θ(i) = θ(i−1)+ω(i)∆ i = 1, ...,Nω −1.

The initial angle θ(0), at the beginning of each cycle, is set to zero. The Range of
Rotation (RoR) (dimension: [deg]) of the right thigh, denoted as T high RoRR, within
the k-th gait cycle, is assumed to be equal to the difference between the maximum
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and the minimum values of the instantaneous angle, i.e.:

T high RoRR(k) =
HSR(k+1)

max
i=HSR(k)

θ(i)−
HSR(k+1)

min
i=HSR(k)

θ(i).

T high RoRL can be calculated in the same way. Additionally, we measured, for
each gait cycle, the maximum value of the angular velocity, denoted as Max ωR/L,
for both thighs.

Autocorrelation-based Features

Further insights on gait characteristics, such as its symmetry and regularity, can
be derived from the periodic properties of body movements during walking. In [92],
the autocorrelation of accelerometric signals, recorded with a trunk-mounted sensor,
has been used for extracting intuitive but meaningful gait features. A brief overview
of the algorithm used to calculate these parameters is now presented.

The raw autocorrelation coefficient A of the linear vertical trunk acceleration avert,
defined as the sum of the products between each sample avert(i) (i = 0,1, ...,N−1)
and its time lagged replication avert(i+m), is computed as follows:

A(m) =
N−|m|

∑
i=1

avert(i)avert(i+m)

where the lag parameter m represents the phase shift (in terms of samples) and may be
any positive integer smaller than N. The unbiased4 autocorrelation can be calculated
dividing A(m) by the number of samples representing the overlapping part of the time
series and the time-lagged replication, i.e.:

Aunbiased(m) =
A(m)

N−|m|
.

The autocorrelation Aunbiased(m) is shown for both (a) a healthy subject and (b) a
PD patient (UPDRS score equal to 2) in Figure 2.4. Only the right half portion of the

4We use the unbiased autocorrelation to avoid the attenuations in amplitudes due to the increasing
value of the lag parameter m that occur in the biased version of the autocorrelation.
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Figure 2.4: Unbiased autocorrelation sequences computed from the vertical trunk acceleration for: (a) a
healthy subject and (b) a PD patient (UPDRS equal to 2).

autocorrelation sequence, properly normalized to 1, has been considered because of
its symmetry with respect to the zero phase shift.

In both subfigures, it can be observed that, besides the maximum at the zero
phase shift (m = 0), the amplitude of the autocorrelation coefficient presents several
peaks for increasing values of m. The peak after the zero phase shift represents the
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first dominant period d1 and the phase shift associated with the steps periodicity. The
amplitude of the autocorrelation coefficient in this point, denoted as Aunbiased(d1),
is representative of the regularity of the vertical acceleration signal between steps.
This is due to the fact that the amplitude of the autocorrelation at a certain point will
be large if the original signal presents regular patterns with a periodicity similar to
the phase shift corresponding to the considered point. Similarly, the peak after d1

indicates the second dominant period d2, which corresponds to the stride phase shift.
The value of the autocorrelation Aunbiased(d2) is representative of the stride regularity.

Starting from the values of Aunbiased in d1 and d2, the following features can be
derived:

• Cadence (C) (dimension: [steps/minute]): number of steps per minute. In par-
ticular:

C =
60 f
d1

where f is the sampling rate (dimension: [sample/s]) at which the accelerome-
ter signal has been recorded (see Section 2.3.1).

• Regularity (R) (adimensional): representative of the periodicity of the subject’s
steps/strides. In particular:

Rstep = Aunbiased(d1)

Rstride = Aunbiased(d2).

The closer to 1 Rstep/stride, the higher the regularity in steps/strides.

• Symmetry (S) (adimensional): ratio between step and stride regularities. In par-
ticular:

S =
Aunbiased(d1)

Aunbiased(d2)
.

Values of S close to 1 indicate a high symmetry between steps and strides.
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2.4.2 Gait Features in the Frequency Domain

Features computed in the time domain are extremely useful for providing detailed
information to physicians, especially on a stride by stride scale. An analysis in the
frequency domain, instead, similarly to those derived by the autocorrelation, can be
more representative of the overall characteristics related to a whole gait trial.

For simplicity, the estimated vertical linear acceleration (avert), the lateral (ay),
and antero-posterior (az) components of the trunk acceleration are considered for the
computation of frequency domain features. The signals are preliminary filtered with
a fourth-order zero-lag Butterworth filter with bandwidth equal to 20 Hz and properly
segmented in order to exclude initial and final acceleration/deceleration phases and to
avoid the introduction of additional noise. The Discrete Fourier Transforms (DFTs)
of the signals are computed using a Fast Fourier Transform (FFT) algorithm for each
GT trial. Considering the linear vertical acceleration avert, the k-th component of the
spectrum Xavert = {Xavert(k)}N−1

k=0 can be computed as follows:

Xavert(k) =
N−1

∑
n=0

avert(n)e− jk 2π

N n k = 0, ...,N−1.

The corresponding amplitude spectrum, denoted as Xampl,avert , is obtained by dividing
the absolute value of Xavert by N:

Xampl,avert =
|Xavert |

N
.

In the same way, the spectra of the lateral (Xay = {Xay(k)}N−1
k=0 ) and the antero-

posterior (Xaz = {Xaz(k)}N−1
k=0 ) accelerations can be computed.

In Figure 2.5, the amplitude spectra Xampl,avert , Xampl,ay , and Xampl,az , associated
with all the 55 G task trials, are shown. The spectra have been grouped according
to the UPDRS score assigned to the trials by neurologists and sorted in ascending
order (from UPDRS 0 to 3). It can be observed that spectrum amplitude peaks are
centered in correspondence to step frequency (approximately around 2 Hz) and their
magnitudes tend to decrease moving from low to high UPDRS values (from left to
right): the higher the UPDRS, the “less powerful” the movement. This intuitive con-
sideration can be translated into a new feature representative of the “power” of the



2.4. Gait Characterization 55

F
re

q
u

en
cy

 [
H

z]
10

9

8

7

6

5

4

3

2

1

0
0 10.5 1.5 2 2.5 3

UPDRS score
0 10.5 1.5 2 2.5 3

(a) Xampl,avert

F
re

q
u

en
cy

 [
H

z]

10

9

8

7

6

5

4

3

2

1

0

UPDRS score
0 10.5 1.5 2 2.5 3

F
re

q
u

en
cy

 [
H

z]

UPDRS score

10

9

8

7

6

5

4

3

2

1

0
0 10.5 1.5 2 2.5 3

(b) Xampl,ay

F
re

q
u

en
cy

 [
H

z]

UPDRS score

10

9

8

7

6

5

4

3

2

1

0
0 10.5 1.5 2 2.5 3

(c) Xampl,az

Figure 2.5: Visual representation of the amplitude spectra of all the 55 gait trials for: (a) the linear ver-
tical trunk acceleration avert, (b) the lateral trunk acceleration ay, and (c) the frontal trunk acceleration
az. Each vertical line correspond to a trial, which are sorted in ascending order and grouped by UPDRS
scores (from 0 to 3), separated by a vertical red line. The magnitude of the spectrum is mapped to a
color that ranges from blue (lowest values) to red (highest values).
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movement. For the signal avert, we define the spectrum power Pavert as follows:

Pavert ,
1
N

N−1

∑
k=0

(Xavert(k))
2.

Similarly, the spectrum powers of Xampl,ay , denoted as Pay , and of Xampl,az , denoted
as Paz , are computed. Finally, the feature Psum, which takes into account the power of
all the components, is computed as follows:

Psum = Pavert +Pay +Paz .

2.4.3 Overall Features

In Table 2.1 and Table 2.2, a summary of the 29 features computed with the methods
described in the previous section is provided for ease of readability.5

2.5 Results and Discussion

2.5.1 System Validation

In order to estimate the accuracy and the reliability of the considered features, a val-
idation procedure has been carried out comparing the parameters extracted through
the precessing of inertial signals with those computed using the gold standard opto-
electronic reference system (Vicon). In particular, the estimation errors, defined as
the difference between the values obtained by the IMU-based and the ground truth
system, of spatio-temporal parameters have been analyzed, as shown in Table 2.3.
The average error for the detection of HS and TO instants is equal to approximately
10 ms (1 sample considering the sampling rate equal to 102.4 Hz) and it is compa-
rable or, in same cases, better than the one obtained with other approaches, based on
both trunk-mounted IMUs [56, 55] and sensors placed on lower limbs [59, 61, 84].
Moreover, this error seems to be systematic and could be corrected in a later stage.

5For some features, only the formula associated with the right leg is shown. The formula for the left
leg is straight forward.



2.5. Results and Discussion 57

Table 2.1: Summary of the considered spatio-temporal parameters.

Feature Dimension Formula

Temporal Features

Gait Cycle Time: the time interval be-
tween the HS of a foot to the next HS
of the same foot.

s GCTR/L(k) = HSR/L(k+1)−HSR/L(k)

Stance Time: portion of the GCT dur-
ing which a foot is in contact with the
ground.

% STR/L(k) = 100× TOR/L(k)−HSR/L(k)
GCTR/L(k)

Swing Time: portion of the GCT during
which a foot is not in contact with the
ground.

% SWR/L(k) = 100−STR/L(k)

Initial Double Support: portion of the
GCT during which both feet are in con-
tact with the ground (in the first step of
the gait cycle).

% IDS(k) = 100× TOL(k)−HSR(k)
GCT (k)

Terminal Double Support: portion of the
GCT during which both feet are in con-
tact with the ground (in the second step
of the gait cycle).

% T DS(k) = 100× TOR(k)−HSL(k)
GCT (k)

Double Support: total portion of the
GCT during which both feet are in con-
tact with the ground.

% DS(k) = IDS(k)+T DS(k)

Limp: difference between IDS and TDS
in the same gait cycle (absolute value).

% Limp(k) = |IDS(k)−T DS(k)|

Spatial Features

Stride Length: distance travelled during
a complete gait cycle.

% of subject’s
height

SL(k) = StepLR(k)+StepLL(k)

Stride Velocity: the average linear veloc-
ity of a foot during a gait cycle.

% of subject’s
height/s

SV (k) = SL(k)
GCT (k)

Step Length: distance traveled from the
HS of one foot to the HS of the contralat-
eral foot (step cycle).

% of subject’s
height

StepLR/L(k) = K2
√

2`hR/L(k)−hR/L(k)2

Step Velocity: the average linear velocity
of a foot during a step cycle

% of subject’s
height/s

StepVR(k) =
StepLR

HSL(k)−HSR(k)
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Table 2.2: Summary of the additional features computed in the time domain and those extracted in the
frequency domain.

Additional Features

Thigh Range of Rotation: maximum
flexion/extension excursion of the
thighs.

deg
T high RoRR(k) = maxi∈GCTR(k) θ(i) −
mini∈GCTR(k) θ(i)

Maximum Angular Velocity: maxi-
mum value of a thigh’s angular ve-
locity in a gait cycle.

deg/s Max ωR(k) = maxi∈GCTR(k) ω(i)

Cadence: step number per minute. steps/minute C = 60 f
d1

Step Regularity: measure represen-
tative of step periodicity.

adimensional Rstep = Aunbiased(d1)

Stride Regularity: measure repre-
sentative of stride periodicity.

adimensional Rstride = Aunbiased(d2)

Symmetry: ratio between step and
stride regularity.

adimensional S =
Aunbiased(d1)
Aunbiased(d2)

Features in the Frequency Domain

Spectrum Power for the linear verti-
cal acceleration.

adimensional Pavert =
1
N ∑

N−1
k=0 (Xavert(k))

2

Spectrum Power for the medio-
lateral acceleration.

adimensional Pay =
1
N ∑

N−1
k=0 (Xay(k))

2

Spectrum Power for the antero-
posterior acceleration.

adimensional Paz =
1
N ∑

N−1
k=0 (Xaz(k))

2

Total Spectrum Power. adimensional Psum = Pavert +Pay +Paz
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Given the accuracy in the detection of the fundamental gait events, it is straight for-
ward that also the derived temporal parameters are highly accurate, showing an error
which can be considered negligible for the purpose of this work. For what concerns
spatial parameters, the performance of the developed system is aligned to step/stride
length estimators presented in the literature, even though, in our case, the analysis has
been performed on both healthy persons and PD patients. The validation of thighs’ in-
clination has already been performed in [30], showing a very good correlation (Pear-
son’s correlation coefficient equal to 0.98) between thighs’ angles computed with the
IMUs and the Vicon system. Features based on the autocorrelation and computed in
the frequency domain have not been considered in the validation process, since the
optoelectronic system is not able to compute them directly and, thus, is no possible
to do a valid comparison.

Table 2.3: Estimation errors for relevant spatio-temporal parameters.

Parameter Mean STD

HS 8.22 ms 17.6 ms

TO 6.83 ms 26.33 ms

GCTR 0 ms 13.81 ms

GCTL 16.27 ms 28.74 ms

STR -0.03 % 3.46 %

STL -1.62 % 1.23 %

DS -0.55 % 4.63 %

C 0.7 steps/min 1.8 steps/min

SL 4.23 cm 4.94 cm

2.5.2 Features Analysis

In order to achieve the ultimate goal of defining a protocol for the automatic UP-
DRS evaluation of gait in Parkinsonians, in this section, the relationship between the
computed gait features and the UPDRS scoring by clinicians is investigated.
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In Figure 2.6 (a), a radar plot representing the values of all the 29 features, aver-
aged over all trials belonging to each UPDRS class and properly normalized between
0 and 1 (the maximum value of each feature corresponds to 1), is shown. It can
be observed that some of the displayed parameters reveal clear monotonic trends as
functions of the UPDRS score. For ease of visualization, in the following we con-
sider only a subset of the 29 features, trying to maintain the relevant information
about the gait characteristics and reducing redundancy, since features associated to
similar measures show similar trends. The parameters with right and left components
have been replaced with the arithmetic average of the two values. For instance, the
new feature GCTmean is computed by averaging GCTR and GCTL. The resulting sub-
set consists in 11 features, namely {GCTmean, STmean, DS, Limp, SL, StepVmean, C,
Rstep, S, T high RoRmean, Psum}. The average values of the features in the reduced set,
averaged, over all trials, for each UPDRS class, are shown in Figure 2.6 (b) through
a radar plot.

For both the complete and the reduced sets of features, it is possible to observe
that the values of temporal parameters, such as GCT , ST , and DS, are generally in-
creasing accordingly to the UPDRS class, as observed also in [84]. It is intuitive that
subjects with gait impairments tend to walk more slowly, to remain longer in the
stance and double support phases, and, consequently, to be able to perform less steps
in fixed time interval (lower values in cadence C). Furthermore, in the plots it can be
noticed that some features belonging to UPDRS class 3 show values in contrast with
the expected trend. This is due o the fact that subjects who present festinating gait,
i.e., an alteration in gait pattern typical of Parkinsonians, characterised by a quicken-
ing and shortening of normal strides, perform short steps with a very high cadence,
thus leading to low values of temporal parameters even for high UPDRS scores. Spa-
tial features and the variables related to the thighs’ range of movements show clear
decreasing trends for increasing values of the UPDRS score, with a consistent re-
duction between values belonging to UPDRS class 0 and those of UPDRS classes
2.5 or 3. This result is consistent with clinical observations of Parkinsonian walk-
ing, in which patients with increasing gait impairments perform shorter steps, with
reduced velocity and reveal, in general, a more limited movement range in lower
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Figure 2.6: Average normalized values, for each UPDRS class, of: (a) all the estimated features; (b) the
reduced set of gait parameters.
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limbs [93, 94]. In the same way, Rstep/stride, which is a feature representative of the
homogeneity of the rhythmic component of gait, tends to decrease of almost 70%
from normal walking subjects to patients with high UPDRS score. The symmetry
of walking, expressed by the feature S, maintains, instead, a low variability across
all UPDRS classes, except for the UPDRS 3 subject: this seems to be more related
to the single subject walking characteristics than to the entire scoring cluster. The
features extracted in the frequency domain show a high correlation with the UPDRS
score, with a clear monotonic decreasing trend and a range excursion of almost 95%
between the lowest (0) and the highest (3) UPDRS classes. This behavior is due to
the fact that the overall “power” related to the subject’s movements during the G
task decreases consistently when the amplitude, the velocity, the symmetry, and the
regularity of steps is reduced.

In Figure 2.7, two illustrative examples of pair of features which allow to identify
clear “parametric trajectories” linked to the UPDRS scoring are presented. In both
plots, each point, whose coordinates are given by the pair of features considered, cor-
responds to a trial and is colored in accordance to the UPDRS score assigned to the
patient. For each UPDRS score cluster, the centroid is denoted by a star marker (of
the same color of its UPDRS class). Furthermore, all centroids are connected by a
black piece-wise line, which highlights the parameters’ trend for increasing UPDRS
scores. Finally, the (red) exponential curve, obtained by minimum mean square er-
ror fitting and representing a smoothed version of the centroids’ trajectory, is also
shown. The first figure (Figure 2.7 (a)) shows, on the same 2-dimensional plane, all
the stride length/power sum pairs {(SLi,Psum,i)}55

i=1 for all gait trials. A smooth tra-
jectory toward the bottom-left corner for increasing values of the UPDRS score can
be noticed, since both stride length and spectrum total power decrease. Similarly,
in Figure 2.7 (b) the pairs {(Rstep,i,T high RoRmean,i)}55

i=1 are shown on the same 2-
dimensional plane. The centroids identify a sharp decreasing trajectory toward the
bottom-left corner, which corresponds to a more limited thighs range of movements
and a lower step regularity. The presence of a few outliers in both plots is partially
attributable to the fact that neurologists take into account, for the assignment of the
UPDRS score, also other qualitative observations, such as the arms swing, which
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Figure 2.7: 2-dimensional visualization of pair of features in relation to the UPDRS scores. In (a) the
{(SLi,Psum,i)}55

i=1 pairs are considered while in (b) the {(Rstep,i,T high RoRmean,i)}55
i=1 pairs are dis-

played. Each point represents a single G task trial and is colored in accordance to its UPDRS score. The
centroids of the UPDRS score clusters are shown as colored stars and linked with a black piece-wise
line. The red curve is a smoothed (exponential) version of the piece-wise line.
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cannot be recorded with the used BSN.

These findings show that there is strong relationship between many of the features
computed with the proposed inertial BSN and the UPDRS evaluation by neurologists.
Motivated by this, in the next section, we investigate the feasibility of a classification
system for the automatic UPDRS assessment of the G task in PD patients.

2.5.3 Automatic UPDRS Evaluation

Following a common approach used in machine learning, we further processed the
11-element subset of parameters using Principal Component Analysis (PCA), which
allows us to reduce data dimensionality while retaining most of the variability (i.e.,
information content) of the initial data [95]. Then, we used both the original and
PCA-projected feature datasets and the UPDRS scores by the neurologists for the su-
pervised training of an automatic classification system. Three well-know classifiers,
in increasing order of complexity, have been considered: Nearest Centroid Classifier
(NCC), k Nearest Neighbors (kNN), and Support Vector Machine (SVM) [95]. A
brief description of the approach used by each method for the classification of a new
(unlabeled) sample is given in the following.

• NCC: the new point is labeled with the same label of the nearest centroid. Eu-
clidean distances between pairs of points are considered. To this end, centroids
must be computed for all training samples of each class.

• kNN: the new point is assigned to the class which includes the majority of the
k nearest (in terms of Euclidean distances) neighbors of the sample point. The
nearest neighbors are searched among all training samples, thus, the compu-
tational efficiency of this method decreases with increasing values of k. In the
case of tie-breaks, (i.e., when two or more classes contain the same number of
samples among the k nearest neighbors), the closest point is used to break the
tie and its class is then chosen.

• SVM: the label of the new sample is determined by considering the decision
region in which the point lies. These multi-dimensional space partitions are
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defined, during a training phase, by considering the hyperplane that maximizes
the separation between the training samples belonging to two different classes.
Since in our problem we deal with more than two classes. the training proce-
dure needs to be repeated for each pair of classes, using multiple one-vs-all
steps for the definition of the separation hyperplanes.

The performance analysis of the automatic system has been carried out consider-
ing: (i) all the combination of the 11 features;6 (ii) increasing number of the principal
components (from 1 to 11). When the kNN classification method is used, the con-
sidered value of k ranges from 0 to 10. In order to avoid overfitting and to increase
the generality of the evaluation, a leave-one-out cross-validation method has been
adopted. It consists in using each point of the original dataset, in turn, as the new (un-
known) point to be classified, while training the classifier with the remaining points.

The output of the classification procedure is an estimated UPDRS score, denoted
as û for each sample corresponding to a G task trial. The absolute UPDRS classifica-
tion error is defined as follows:

e , |û−u|

where u is the actual UPDRS score assigned to trials by a neurologist.

In Figure 2.8 (a), the average (over all the possible parametric configurations) Cu-
mulative Distribution Functions (CDFs) of the error e, obtained by using each clas-
sifier on both original and PCA-projected data are shown. The Area under the Curve
(AuC) is selected as a representative performance metric. It can be observed that, on
average, almost all the classification methods achieve similar results. The best accu-
racy is reached by the kNN algorithm applied on the original dataset, closely followed
by SVM and NCC on the same dataset. The use of PCA seems to slightly worsen the
classification performance. The CDF which maximizes the AuC, i.e., guarantees the
best performance, corresponds to the system using kNN, with k = 6, on the subset
of features {STmean,StepVmean,S}. With this configuration, the system classifies cor-

6We considered the reduced set of features for convenience but experimental results showed that
performing the same analysis on the entire set of features does not increase the classification perfor-
mance.
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Figure 2.8: (a) Average CDFs of the absolute error e evaluated applying NCC, kNN, and SVM on both
original and PCA-projected data. The black solid line represents the best CDF, obtained using kNN
on the combination of features (STmean, StepVmean, S) and with k = 6. (b) Comparison between the
CDF of the automatic classification error e (i.e., the absolute difference between the (best) score by the
automatic system and the score by one of the neurologists) and the absolute difference in the UPDRS
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Figure 2.9: 3-dimensional representation of the points {(STmean,i,StepVmean,i,Si)}55
i=1 associated with

the features that achieved the best performance. Each point represents a single GT trial and is colored in
accordance to its UPDRS score. The centroids of the UPDRS score clusters are shown as colored stars
and linked by a black piece-wise line.

rectly (with e = 0) approximately 53% of the trials and with e ≤ 1 almost the entire
set of G task samples (about 98%).

An attempt to graphically visualize, in a 3-dimensional space, the features triplets
{STmean,i,StepVmean,i,Si}55

i=1, which allow to achieve the best classification perfor-
mance show by the black solid line in Figure 2.8 (a), is shown in Figure 2.9. Each
point corresponds to a trial and centroids are calculated by averaging the features’
values among samples belonging to the same UPDRS class. Even though the trajec-
tory identified by the centroids is not as smooth as the trajectories in Figure 2.7, a
clear trend emerges and allows a good separation between UPDRS classes.

To better understand the impact of these results in a clinical setting, in Figure 2.8
(b), the CDF of the error e, defined as the (absolute) difference between the UPDRS
scores assigned by the automatic system and the neurologist, is compared with the
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CDF of the (absolute) difference d between the UPDRS evaluations by two different
neurologists. The latter curve, in particular, is representative of the inter-rater vari-
ability and shows a perfect accordance between the two physicians only in 34% of
the cases, although the maximum difference between the two evaluations is always
below one UPDRS score. Similarly, the error between the automatic system and the
neurologist is below one and equal to 0 (no error) in 98% and 53% of the cases, re-
spectively. This demonstrate that the performance achieved by the developed system
compares favorably with typical inter/intra-rater variability which can affect neurol-
ogists’ decisions while assigning UPDRS scores to PD patients [80]. In other words,
the proposed automatic classification system is “accurate” enough to mimic the eval-
uation performance of medical personnel and is suitable for real-world clinical and
tele-health applications.

2.6 Conclusion

In this chapter, an exhaustive analysis of gait in Parkinsonians have been presented.
A simple BSN formed by three wearable IMUs has been used for computing a com-
plete set of features, in both time and frequency domains. In particular, a novel algo-
rithm for gait phases segmentation and the estimation of temporal parameters, relying
on a single trunk-mounted accelerometer, has been developed and validated. An in-
depth investigation of the connection between the measured kinematic variables and
the UPDRS scores assigned to patients by neurologists has been carried out, show-
ing a strong relationships between some gait parameters, such as SL, StepV , Rstep,
T high ROR and Psum, and the patient’s impairments level, accordingly to clinical
observations. Finally, an automatic UPDRS scoring system, able to assign an esti-
mated UPDRS score mimicking the evaluation criteria of physicians, has been devel-
oped through well-known machine learning techniques. The achieved performance
compares favorably with the inter/intra-rater variability observed between different
neurologists. Obviously, further investigations on the accuracy and the reliability of
the proposed system (using a larger set of patients, a more uniform distribution of
scores across all the UPDRS classes, and additional evaluations by more neurolo-
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gists) should be required to make the performance analysis more meaningful from
a statistical point of view. Nevertheless, the obtained results show that the designed
system can provide an added value to the clinical evaluation of the PD, in both clin-
ics and at patients’ home. For example, the development of a telemedicine systems
for remote monitoring of PD patients could allow the quantitative measurement of
motor fluctuations multiple times throughout the day (unlike the usual time-limited
evaluation performed in the clinics), providing the neurologists with a more reliable
clinical “picture” of the patient and allowing more accurate symptoms’ assessment
and management. Moreover, the possibility to integrate in the same system the auto-
matic evaluation of different UPDRS tasks through the same simple BSN, represents
a key point for the deployment of practical applications in a real-world e-health sce-
nario. In the next chapter, the extension of our approach to multiple UPDRS tasks is
discussed.





Chapter 3

Kinematic Characterization and
Comparative Outlook of UPDRS
scoring in Multiple Motor Tasks
for PD

I often say now I don’t have any choice whether or not I have Parkinson’s,
but surrounding that non-choice is a million other choices that I can make.

– Michael J. Fox

In Chapter 2, a novel approach for an in-depth characterization of gait in Parkin-
sonians have been presented. It relies on a simple BSN, formed by only 3 IMUs, for
the extraction of a complete set of gait features and on machine learning techniques
for the implementation of an automatic assessment tool, able to assign an estimated
UPDRS score to patients’ motor performance, following the evaluation criteria of
neurologists. The main strength of the designed system, beside its low-complexity,
is its flexibility. In this chapter, always within the context of the VRehab project (see
Section 2.1.3, we extend the analysis carried out for the G task to two additional
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UPDRS items, namely the Leg Agility (LA) and the Sit-to-Stand (S2S) tasks, giving
particular emphasis to their kinematic characterization, to the performance evalua-
tion of the automatic scoring system, to the comparative analysis of the three tasks,
and, finally, to the opportunities that such a system can offer in the context of tele-
medicine.

3.1 Introduction

In Section 2.1.1, we have pointed out that the current strategies used for managing
PD motor symptoms, such as those based on the use of dopaminergic drugs, are of-
ten inadequate and worsen their efficacy over time, introducing in some cases motor
complications which can affect patient’s independence more than the disease itself.
An accurate and continuous monitoring of the symptoms’ progression and treatment
effect might help to increase therapies’ efficacy but, currently, most of the clinical
evaluations are carried out through sporadic and qualitative observations of patient’s
motor impairment level in the clinics, which provide physicians just a limited and
inaccurate picture of the actual disease progression. A more objective evaluation can
be achieved using semi-quantitative rating scales, such as the UPDRS, described in
Section 2.1.2 but, even exploiting these tools, many drawbacks remain. Among the
others, an important limitation of current evaluation methods is the inability to mon-
itor and accurately quantify changes in motor symptoms’ severity across a long time
frame, which is fundamental for fully charactering the patient’s response to medi-
cations and adjusting the therapy consequently, minimizing the undesired effects. To
this end, the approach presented in the previous chapter for the G task case, represents
a suitable solution because it is able to quantitatively characterize motor performance
and symptoms severity, in an automatic and nn-invasive way, which would allow
multiple evaluation sessions across the day and would provide a more detailed and
up-to-date view on the patient’s condition. Obviously, by including in the evaluation
different functional motor tasks, a wider and more detailed description of the disease
status can be achieved. In this chapter, in addition to the G task, the LA and the S2S
tasks are considered.
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3.1.1 The Leg Agilit, Sit-to-Stand, and Gait UPDRS Tasks

The LA, Arising from Chair,1 and G tasks correspond to the items 3.8, 3.9, and 3.10
of the MDS-UPDRS document [79].

The choice of these particular tasks was influenced by the need to keep the BSN
as simple as possible, maximizing at the same time the number of tasks which could
be analyzed without changing the sensors’ placement. The selected tasks are partic-
ularly suitable for the considered unified analysis and clinically relevant for a com-
prehensive evaluation of the patients’ symptoms, as they refer to different aspects of
PD (for example, LA is related to bradykinesia while S2S and G are associated with
posture/deambulation symptoms). The evaluation of UPDRS motor tasks is usually
performed without the support of any technological instrument so that the neurologist
assesses the task in a qualitative way and relies especially on his/her experience and
training. Therefore, assessments may vary from neurologist to neurologist (inter-rater
variability) or from one to another evaluation session by the same neurologist (intra-
rater variability) [80]. In the following, a brief description of each task is provided.

Leg Agility Task

Table 3.1: UPDRS mapping for LA task.

UPDRS Amplitude Hesitations Interruptions Slowing Freezing
0 nearly constant no 0 0 0
1 decrements near the end slight ≥ 1 1,2 0
2 decrements midway mild - 3,4,5 0
3 decrements after first tap moderate - ≥ 6 ≥ 1
4 always minimal or null severe - always -

In the LA task, the patient is asked to sit on a chair provided with rigid backrest
and armrests. The patient must place both his/her feet on the floor in a comfortable
position. The exercise consists in alternately raising up and stomping the feet on the
ground, as high and as fast as possible. Ten repetitions per leg must be performed

1For consistency other works in the literature [96, 97], in the following we denote the Arising from
Chair task as S2S task.
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while sitting on the chair in order to test each leg separately (in the following, we
will distinguish between Right LA (RLA) and Left LA (LLA) tasks).2 The examiner
should first train the patient, showing him/her the correct execution of the exercise,
stopping as soon as the patient starts. The significant parameters that have to be mea-
sured, independently for each leg, are the speed, the regularity, and the amplitude of
the movement. In Table 3.1, an attempt to map the characteristics of the LA task,
which the examiner should consider for the assessment of the patient’s performance,
to the UPDRS scores is shown. We recall that UPDRS scores are integers values,
ranging from 0, which means that the patient is able to perform the task normally
and with no impairments, to 4, which means that the patient has severe difficulties in
performing the exercise or is not able to perform it at all.

Sit-to-Stand Task

Table 3.2: UPDRS mapping for S2S task.

UPDRS Failed attempts Use of armrests Slowing Move forward on chair
0 0 failed attempts no no no
1 ≥ 1 failed attempts no yes yes
2 0 failed attempts yes - -
3 ≥ 1 failed attempts yes - -
4 not able to stand up alone

In the S2S task, the patient is asked to sit on a straight-backed chair with armrests.
The exercise consists in crossing the arms across the chest (in order to avoid their use
in the movement) and getting up from the chair. In the case of failure, the patient
can retry to raise up to two more times. If still unsuccessful, the patient can move
forward on the chair to facilitate the movement or, in case of another failure, he/she
can use the armrests to stand up. After a maximum of three failed trials, the patient
can move forward on the chair to facilitate the movement. If the patient is still not able
to stand up, he/she is allowed to push off using his/her hands on the armrests. After
a maximum of three unsuccessful trials with the help of the arms, the examiner can

2When not specified, LA refers to the general task, including both RLA and LLA trials.
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eventually help the patient to stand up. The mapping between the key characteristics
of the S2S task and UPDRS scores is shown in Table 3.2.

Gait Task

Table 3.3: UPDRS mapping for G task.

UPDRS Independent walking Impairments level
0 yes no impairments
1 yes minor impairments
2 yes substantial impairments
3 no assistance device needed for safe walking
4 no cannot walk at all or only with another person’s assistance

The description of the G task and the main aspects that the examiner should
take into account for assigning an UPDRS score in this task have been provided in
Section 2.1.4. Similarly to the LA and S2S cases, a possible mapping between the
task characteristics and the UPDRS evaluation is shown in Table 3.3.

3.1.2 Chapter Contribution

Unlikely the majority of the existing literature, in which UPDRS tasks are analyzed
singularly, in this chapter we focus on the comparative evaluation of the LA, S2S,
and G tasks. The same approach uses for the study of the G task has been extended
to the LA and S2S tasks, through an experimental analysis of the data from 34 PD
patients and the UPDRS evaluations of three expert neurologists [2, 4]. A common,
low-complexity BSN, formed by three IMUs (two on the thighs and one on the chest)
has been used for characterizing the considered tasks by extracting and analyzing
the kinematic features associated with their typical movement patterns, in both time
and frequency domains. The most relevant features has been identified and analyzed
for quantifying the motor performance of patients belonging to the different UPDRS
classes. The extracted features and the subjective evaluations by neurologists have
been then used to train an automatic UPDRS scoring system, with the aim to auto-
matically assess the patients’ motor performance matching as closely as possible the
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medical evaluation criteria. The performance of the automatic assessment has been
analyzed and discussed proposing a comparative outlook with the inter-neurologist
assessment. We have also investigated the correlation between the UPDRS scores
assigned to the tasks by both the neurologists and our automatic system, introduc-
ing a an aggregate UPDRS score as a significant concise metric which can provide
additional information to neurologists for deriving insights on the overall level of im-
pairments of patients and on the relative “weight” of each task in the assessment of
the gravity of the symptoms. Finally, the feasibility of an application for remote reha-
bilitation and monitoring of PD patients in a tele-medicine environment is discussed
and a possible efficient implementation approach is proposed.

3.2 Related Work

In Section 1.3.2, we have pointed out how the kinematic analysis of specific motor
tasks through different motion capture and sensing technologies, such as optoelec-
tronic systems and inertial-based BSN, has been widely studied for various clinical
applications. In recent years, the spread of inexpensive and accurate wearable devices
is boosting the interest of the medical community in these kind of systems. With
regard to PD, most of the research studies, from both a medical and an engineer-
ing perspective, has focused on the kinematic characterization of single motor tasks,
the quantification of motor complications severity, such as tremors and dyskinesia,
and/or on the evaluation of patients’ performance in different PD conditions (On/OFF
states). For what concerns the considered tasks, the G task has been widely studied,
as shown in Section 2.2, whereas just a few works on the LA [98, 99, 100, 30] and the
S2S [101, 97, 96] tasks are present in the literature. To the best of our knowledge only
limited attention has been devoted to investigation of the relationship between differ-
ent UPDRS tasks characterized through motion capture technologies. In [102], the
correlations between lower extremity functional performance and the UPDRS scores
has been investigated for early-stage Parkinsonians, showing that UPDRS motor and
total scores may be good predictors of overall lower extremity function. Stochl et
al. [103] investigated the structure of PD symptoms in terms of the motor symptom
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evaluations defined in UPDRS - Part III. Five main latent symptoms factors were
identified and the correlations between the UPDRS scores assigned to the various
tasks were reported. Similarly, in [104] a statistical analysis of the UPDRS motor
scores was performed, using classical evaluation methods by neurologists and con-
sidering PD patients in both ON (i.e., the intervals during which the medication is ef-
fective) and OFF (i.e., the intervals during which the medication is not effective) con-
ditions, in order to identify latent relationships between UPDRS tasks and combine
the tasks in “macro-groups” related to similar PD symptoms. Five of these groups,
denoted as “factors,” have been identified (namely, gait/posture, tremor, rigidity, left
extremities bradykinesia, and right extremities bradykinesia). The correlations (i) be-
tween the UPDRS scores assigned by neurologists to the introduced “macro-groups”
of tasks and (ii) between them and an aggregate UPDRS score are also presented,
showing that the macro-groups can be assessed separately and provide information
about different aspects of the disease. In our opinion, a comparative analysis of multi-
ple UPDRS tasks, based on a unified approach for both the kinematic characterization
and the automatic UPDRS scoring, can be interesting in order to highlight their re-
lationship with the different aspects of the PD and their contribution in the overall
evaluation of the disease progression.

3.3 Experimental Set-up

3.3.1 Hardware

The BSN designed for the acquisition of the inertial signals used for the character-
ization of the LA, S2S, and G tasks is formed by three Shimmer 2r nodes, one on
the chest and one per thigh, attached to the body with Velcro straps and it is shown
in Figure 3.1. We remark that the sensing platform, the devices’ positioning, the ac-
quisition framework, and the setting configuration are the same used for analyzing
singularly the G task, as explained in Section 2.3.

The placement of the sensors has been chosen taking into account two main mo-
tivations: (i) the need to analyze the three tasks without changing the configuration
of the nodes in order to minimize the patients’ stress and simplify the acquisition
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Figure 3.1: The inertial BSN designed for the evaluation of the three UPDRS tasks of interest (LA, S2S,
G): the subsets of nodes used in each task are marked with different colors.

procedure, allowing sequential execution of the three tasks; (ii) the higher accuracy
and reliability of IMUs in measuring inclinations and accelerations, rather than posi-
tions or displacements. With the current BSN configuration, indeed, all the kinematic
parameters in the LA and S2S tasks are extracted from inclination and/or angular ve-
locities measured with the nodes on the thighs and on the chest, respectively; at the
opposite, in the G task, the majority of the features are extracted from acceleration
signals directly measured by the sensor placed on the trunk.

3.3.2 Validation

As for the G task, the data acquired with the inertial BSN and the extracted kinematic
features have been compared with those measured with the Vicon optoelectronic sys-
tem, for validation purposes, also in the LA and S2S tasks. In [30], we have first
demonstrated the equivalence between heel’ and thigh’ kinematics. More precisely,
the three-dimensional orientations of the Shimmer nodes placed on the thighs are
estimated, with reference to the Earth frame, through the Madgwick orientation es-
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timation filter (see Section 1.2.4). For each leg, the orientation component in the
sagittal plane, corresponding to the inclination θ (dimension: [deg]) of the thigh, is
extracted, together with the thigh’s angular velocity ω (dimension: [deg/s]). These
signals are then compared to those estimated with the optoelectronic system, taking
into account the angles and the angular velocities extracted by the three-dimensional
position of reflective markers placed on the subject’s heels. The obtained results show
a very high correlation between the two measurements (approximately equal to 0.98),
motivating the use of θ and ω for the kinematic characterization of the LA task. The
same approach has been applied, in the S2S task, for determining the correlation be-
tween trunk inclinations estimated with the IMU and those extracted from the optical
reference system, showing similar results [96]. The validation of the parameters used
for the characterization of the G tasks has been discussed in Section 2.5.1. In general,
the signals/parameters extracted through the IMUs and the Vicon system have a very
high level of correspondence and can be considered accurate enough for the purposes
of this work.

3.3.3 Subjects

For maintaining the consistency with the analysis performed for the G task, the set
of subjects considered in this extended work has been kept unchanged and consists
in 34 PD patients (22 males and 12 females). The average age is equal to 67.4 years
(ages between 31 and 79 years) with a standard deviation equal to 11.6 years wheres
the average Modified Hoehn and Yahr Scale score for the subjects was 1.6 (standard
deviation equal to 0.47, minimum score score equal to 1, maximum score equal to
3) on the 1-to-5 scale (higher scores indicate more severe impairments and more
advanced stages of the disease).

3.3.4 Acquisition Procedure

The positioning of the sensors on the patient’s bosy is shown in Figure 3.1. We tried
to align the the x, y, and z axes of the Shimmer 2r node’s coordinate reference system,
shown in Figure1.9 (a), to the upward-downward, right-left, and forward-backward
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directions, respectively. In order to help clinicians to correctly align the nodes to the
patient’s anatomical structure, the developed acquisition software has been provided
with a functionality that allows to check the sensors’ placement: if the alignment is
within a confidence range (heuristically defined), the examiner is allowed to proceed
in the acquisition procedure; otherwise, a warning message is shown and the proce-
dure is stopped until the sensors’ placement is correctly modified by the examiner.

The data acquisitions were carried out by asking the patient to execute the LA,
S2S, and the G tasks sequentially. In each task, only the signals recorded by a proper
subset of nodes of the BSN were considered—the subsets of Shimmer devices used
for the evaluation of the single tasks are shown in Figure 3.1 using different colors.
For the LA task acquisitions, only the two devices placed on the thighs were used,
whereas for the S2S task only the trunk-mounted node was considered. In the G task,
all the BSN IMUs were used to achieve a complete characterization of the complex
gait movement.

A total of 47 (94 for the LA task, considering separately RLA and LLA) acquisi-
tions per task has been collected from the 34 patients, since some of them performed
the sequence of tasks in distinct PD conditions (ON/OFF states) or at different times
corresponding to different motor fluctuation phases. Under these conditions, indeed,
the motor performance of a same subject and, consequently, its evaluation by the
physicians, may vary in such a consistent way that considering each trial as an in-
dependent sample does not introduce bias in the analysis. Although the number of
patients has been kept the same considered in the previous chapter for the single
evaluation of the G task, we remark that in the multi-task analysis the number of
recorded trials has decreased from 55 to 47 for two reasons: (i) the 4 control patients
included in the previous work have not been considered in the unified analysis; (ii)
we kept only the trials in which the sequence of task, namely, LA, S2S, and G, was
execute correctly.

The UPDRS evaluation of the collected trials has been carried out independently
by three neurologist with expertise in movement disorders. A non-inter scale, with in-
termediate scores (·.5), has been used–this allows the clinicians to increase the evalu-
ation range and to label the trials in which they were undecided between consecutive
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(integer) UPDRS classes. The consensus score, denoted as UPDRSMean, is defined as
the arithmetic average of the scores assigned by the three neurologists to each trial,
rounded to the nearest (integer or intermediate) UPDRS value. This methodology has
been already used in the literature to combine the assessments of multiple neurolo-
gists in a single concise score [105], enhancing the robustness of the evaluation and
reducing the distortion caused by the inter-rater variability [80].

The distributions of the UPDRS scores assigned by the three neurologists to the
47 trials and the related UPDRSMean are shown in Figure 3.2. By observing the fig-
ure, it is possible to notice slight difference among the evaluation criteria used by the
neurologists. In particular, neurologist 1 uses more than the other two the interme-
diate scores, whereas neurologist 2 tends to assign higher scores than the other two
in the LA task. Moreover, the distribution of the UPDRS scores in the 3 tasks seems
to be a Gaussian-like distribution centered in correspondence to a dominant UPDRS
class, which depends on both the neurologist and the task. Finally, the distribution
of the UPDRSMean score, as expected, is smoother than the UPDRS scores of the
single neurologists and the scores in the LA, S2S, and G tasks show Gaussian-like
distributions centered in 1.5, 0.5, and 1 respectively. In a statistically “ideal” scenario,
the distribution should be uniform across all the UPDRS classes. Obviously, in the
real case this is very unlikely because patients with high levels of motor impairments
(high UPDRS classes) have more difficulties in going to the clinics for undergoing
the assessment sessions.

3.4 Kinematic Features Extraction

In the following, a concise description of the features’ extraction procedure for each
of the considered tasks is provided.

3.4.1 LA Task

The movement involved in the LA task can be accurately described using both the
inclination (θ , dimension: [deg]) and the angular velocity (ω , dimension: [deg/s])
of the thighs in the sagittal plane, measured by the Shimmer nodes on the legs. An
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Figure 3.2: Trials distribution for all the considered tasks.

illustrative portion of the inclination signal θ of one thigh, for two consecutive LA
repetitions, denoted as r-th and (r+1)-th (r ∈ {1,2, . . . ,9}), is shown in Figure 3.3.
Through an automatic segmentation procedure, three fundamental time epochs, de-
noted as tS(r), tE(r), and tP(r) and associated, respectively, with the start, the end,
and the epoch of maximal thigh inclination of the r-th LA repetition, are identified.
Starting from these epochs, various parameters can be straightforwardly calculated.
The results obtained in [30] have shown that, in the time domain, the most relevant
features for the kinematic characterization of the LA task are: the angular ampli-
tude Θ (dimension: [deg]); the angular speed of execution Ω (dimension: [deg/s]);
the pause between consecutive executions P (dimension: [s]); the regularity of exe-
cution R (dimension: [s]); and the repetition frequency F (dimension: [Hz]). In the
frequency domain, upon the computation of the amplitude spectra of the Discrete
Fourier Transforms (DFTs) of θ and ω , denoted as Xθ and Xω , respectively, the pow-
ers of the inclination spectrum (PXθ

) and the angular velocity spectrum (PXω
) have

been identified as the most relevant features. Further details on the parameters ex-
traction procedure in the LA task can be found in [30].

In Table 3.4, the expressions used for computing, the r-th repetition, the most
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Table 3.4: Summary of the most relevant features considered for the LA task. The names of the pa-
rameters taken into account for the experimental results are marked in bold. In the last column, the
correlation coefficients between the features and the UPDRSMean score are shown (the best for each
task is highlighted in bold). Correlation coefficients (r-values) with associated p-values (not shown
here) greater than 0.05 are considered as non significant (n.s.).

Name Definition Dimension r-value

Angular amplitude Θ(r), ΘA(r)+ΘD(r)
2 [deg] n.s.

Angular speed of execution Ω(r), ΘA(r)+ΘD(r)
T (r) [deg/s] -0.50

Pause of execution P(r), tS(r+1)− tE(r) [s] 0.27

Regularity of execution R(r), tP(r+1)− tP(r) [s] 0.49

Repetition frequency F , 10
tE(10)−tS(1)

[Hz] -0.36

Thigh inclination spectrum power PXθ
, 1

N ∑
N−1
h=0

(
Xθ ,h

)2 adimensional -0.46

Thigh angular velocity spectrum power PXω
, 1

N ∑
N−1
h=0

(
Xω,h

)2 adimensional -0.34

Figure 3.3: Typical pattern in the inclination signal θ of one thigh during the LA task for two consecutive
repetitions. The fundamental time events are denoted with red crosses and the intuitive representation
of the most relevant features is also shown.
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meaningful parameters in the LA task are shown. When not specified, in the following
we refer to the average values of the features Θ, Ω, P, and R, obtained by averaging,
over all consecutive repetitions, the values measured in each repetition and denoted,
respectively, as Θmean, Ωmean, Pmean, and Rmean.

3.4.2 S2S Task

The characterization of the S2S task, given its simplicity, relies only on the inclina-
tion signal estimated through the chest-mounted sensor. As for the thighs’ nodes in
the LA task, the three-dimensional orientation of the Shimmer device placed on the
trunk is estimated and the inc θ lination of the torso in the sagittal plane, denoted as
θ (dimension: [deg]), is measured, as described in details in [96]. In Figure 3.4, the
typical shape of the trunk inclination signal during the S2S task is shown. The char-
acterization of the movement is achieved by identifying, through a simple automatic
segmentation procedure, the following time labels: (i) the starting epoch tS of the S2S
(i.e., when the chest starts bending forward); (ii) the epoch of maximal bending of the
chest tP (placed around the middle of the S2S exercise); and (iii) the ending epoch tE
of the S2S (i.e., when the chest returns in the vertical position). Starting from these
key instants, 12 features, shown in Table 3.5, have been calculated. In particular, the
features refer to the duration T (dimension: [s]), the angular amplitude Θ (dimen-
sion: [deg]), and the speed of execution Ω (dimension: [deg/s]) of the S2S exercise.
Moreover, the difference D between the forward and the backward bending phases is
computed for all the considered variables. In [96], the subset of features, among the
12 extracted, which has turned out to be the most significant for the characterization
of the S2S task, includes T , TB, TF, DT , Θ, and Ω (highlighted in bold in Table 3.5).

3.4.3 G Task

The movements involved in the G task are inherently more complex than those asso-
ciated with LA and S2S tasks and, for this reason, the characterization of gait through
kinematic features is more challenging. In Chapter 2, an in-depth analysis of the G
task in PD patients has been presented, considering features in both time and fre-



3.4. Kinematic Features Extraction 85

Table 3.5: Summary of the most relevant features considered for the S2S task (see the caption in Ta-
ble 3.4 for the details of the used notation and column values’ interpretation).

Name Definition Dimension r-value

Forwards bending duration TF , tP− tS [s] 0.58

Backwards bending duration TB , tE− tP [s] 0.56

Total duration T , TF +TB = tE− tS [s] 0.62

Forwards/backwards duration difference DT , TF−TB [s] 0.47

Forwards bending amplitude ΘF , θ(tP)−θ(tS) [deg] 0.35

Backwards bending amplitude ΘB , θ(tP)−θ(tE) [deg] 0.25

Average bending amplitude Θ , ΘF+ΘB
2 [deg] 0.33

Forwards/backwards bending amplitude difference DΘ , ΘF−ΘB [deg] 0.20

Forwards bending speed ΩF , ΘF
TF

[deg/s] -0.33

Backwards bending speed ΩB , ΘB
TB

[deg/s] -0.21

Average bending speed Ω , ΘF+ΘB
T = ΩF

TF
T +ΩB

TB
T [deg/s] -0.32

Forwards/backwards bending speed difference DΩ , ΩF−ΩB [deg/s] -0.14

Figure 3.4: The torso inclination signal θ during the S2S task. The time instants corresponding to the
starting epoch, the epoch of maximal bending of the chest, and the ending epoch are represented with
red crosses. The intuitive representation of the most relevant kinematic features is also shown.
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Table 3.6: Summary of the most relevant features considered for the G task (see the caption in Table 3.4
for the details of the used notation and column values’ interpretation).

Name Definition Dimension r-value

Gait Cycle Time GCTR/L(k) = HSR/L(k+1)−HSR/L(k) [s] 0.30

Stance Time STR/L(k), 100× TOR/L(k)−HSR/L(k)
GCTR/L(k)

% of GCT n.s.

Initial Double Support IDS(k), 100× TOL(k)−HSR(k)
GCT (k) % of GCT 0.29

Terminal Double Support T DS(k), 100× TOR(k)−HSL(k)
GCT (k) % of GCT n.s.

Double Support DS(k), IDS(k)+T DS(k) % of GCT n.s.

Limp Limp(k), |IDS(k)−T DS(k)| % of GCT 0.30

Step Length StepLR/L(k), K2
√

2`hR/L(k)−hR/L(k)2 % of height
-0.59
(mean)

Stride Length SL(k), StepLR(k)+StepLL(k) % of height -0.60

Step Velocity StepVR(k),
StepLR

HSL(k)−HSR(k)
% of height/s -0.59

Thigh Range of Rotation
T high RoRR(k) , maxi θ(i)−mini θ(i) i ∈
GCTR(k)

[deg] -0.49

Cadence C , 60 f
d1

[steps/minute] n.s.

Step Regularity Rstep , Aunbiased(d1) adimensional -0.58

Symmetry S ,
Rstep

Rstride
adimensional n.s.

Spectrum power for acceler-
ations

Pavert/y/z ,
1
N ∑

N−1
k=0 (Xavert/y/z ,k)

2 adimensional
-0.38
(mean)

Total spectrum power Psum , Pavert +Pay +Paz adimensional -0.43
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quency domains. Some of the most representative are shown in Table 3.6. Among a
total number of 29 parameters, only a subset of 11 elements, marked in bold in the
table, has been considered for the final characterization of the task. The reduced set of
features for the G task is the following: {GCTmean, STmean, DS, Limp, SL, StepVmean,
C, Rstep, S, T high RoRmean, Psum}.

3.4.4 Automatic Classification Approach

As highlighted at the beginning of this chapter (Section 3.1), one of the main goal
of the proposed system is to provide a tool for the automatic UPDRS evaluation of
the considered motor tasks, based on the assessment of the relevant kinematic fea-
tures outlined in Section 3.4. To this end, a well-known supervised machine learning
approach has been used for the data analysis, the training and the validation of a clas-
sification system, and the evaluation of its performance. In the following, the details
of the used techniques are given.

Principal Component Analysis

The relevant kinematic features characterizing each task may be partially correlated
and the information they provide on the task of interest may be redundant. In order
to reduce the features’ dimensionality and redundancy, while retaining most of the
information content of the original data, Principal Component Analysis (PCA) is
applied on the collections of kinematic features defined for each task. Before applying
PCA, the original data are first centered at their means (which are set equal to 0) and
rescaled to have unit standard deviation. For the automatic classification procedure
presented in the following, both original and “PCA-projected” data will be considered
as input.

Classification Algorithms and Performance Anaysis

The supervised learning approach used for the training of the automatic UPDRS eval-
uation system relies on the use of the consensus UPDRS score (UPDRSMean), i.e.,
on the arithmetic average of the UPDRS scores assigned by the three neurologists to
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each trial. The same three classification algorithms used for the G tasks and described
in Section 2.5.3, namely NCC, kNN, and SVM, have been considered in the unified
system. The chosen classifiers have different characteristics in terms of complexity
and effectiveness and, thus, in our opinion they cover in an appropriate way the spec-
trum of classification algorithms available in the literature. The learning process has
been validated against bias and overfitting through a leave-one-out cross-validation
method is chosen. In particular, this means that each point of both the original and
“PCA-projected” dataset is used, in turn, as a new (unknown) point to be classified,
while the remaining samples are used to train the classifiers. The output of the classi-
fication procedure is an estimated UPDRS value, generally denoted as ûM, for every
trial of each task. The system performance is evaluated considering the absolute3

classification error eM, defined as follows:

eM , |ûM−uM| uM, ûM ∈ {0,0.5,1,1.5,2,2.5,3,3.5,4}

where uM is the value of UPDRSMean for the considered trial.
Different configurations, in terms of features combinations and system parame-

ters, have been considered and exhaustively tested in order to identify those which
allow to achieve the best classification performance. For each task, the Cumulative
Distribution Function (CDF) of the error eM is computed considering the results of
the classification procedure obtained using, as inputs for the three classifiers (NCC,
kNN, and SVM): (i) all the possible combinations of kinematic features with original
data; (ii) increasing number of principal components (up to the number of features
in the original dataset) when PCA-projected data are considered. Furthermore, when
kNN is used as classification algorithm, values of k between 1 and 10 are used. The
Area under the Curve (AuC) of the CDF of eM is selected as a representative perfor-
mance optimization metric, since maximizing this value corresponds to minimizing
the overall absolute classification error. Among all the CDFs obtained for all consid-
ered parameters’ combinations, those which maximize the AuC are selected to deter-
mine the system configuration which achieves the best classification performance.

3The absolute value of the classification error is considered because we are interested in quantifying
the absolute deviation between automatically estimated and neurologist-assigned UPDRS scores.
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3.5 Results

3.5.1 Kinematic Characterization

By analyzing the kinematic characteristics of gait in relation to the clinical assess-
ment by neurologists, in Chapter 2 we have observed a strong connection between
some of the extracted kinematic features and the UPDRS scores assigned to the G
trials. In order to extend the investigation, in the following, the link between the most
meaningful parameters for the characterization of the LA, S2S, and G tasks and the
four UPDRS score sequences (namely, the three by the neurologists and the consen-
sus score, UPDRSMean) is discussed.

In Figures 3.5, 3.6, and 3.7, the average values, over all trials belonging to each
UPDRS class (from 0 to 4), of the most relevant features for the LA, S2S, and G tasks,
respectively, are shown, through radar plots, considering the UPDRS scores given by
the three neurologists and the UPDRSMean. Each parameter has been normalized and
rescaled in order to assume a value between 0 and 1, where 0 represents the worst
case and 1 the best case—best and worst are feature-specific. As expected, it can be
observed that, beyond the inter-neurologist variability, in each task, the overall motor
performance of the patients, in terms of its associated kinematic parameters, tends to
worsen for increasing UPDRS scores. An intuitive way to interpret the overall motor
ability of each group of patients in performing the specific task, by simply looking
at the plots, consists in considering the area enclosed by the colored lines associated
to UPDRS classes: the smaller the area, the worse the motor performance. It is easy,
at this point, to observe how the UPDRS class 0 achieve the best performance in al-
most all the considered features and in every task, whereas the higher UPDRS classes
(from 2.5 to 3.5) have significantly worse performances. In order to show how much
every single feature is related to the UPDRS score, we compute the Pearson’s cor-
relation coefficient (denoted also as r-value) between the kinematic parameters and
the UPDRSMean values of each task. In the last column of Tables 3.4, 3.5, and 3.6,
the r-values for all the most relevant features are shown, highlighting in bold those
which have the highest correlation with the UPDRSMean score of the considered task.
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We note that correlations with the corresponding p-value4 higher than 0.05 are con-
sidered as non significant (n.s.). Furthermore, the sign of the correlation coefficients
makes it possible to discern if the value of the considered feature increases (positive
sign) or decreases (negative sign) for increasing UPDRS score.

For the LA task, the average values per UPDRS class is obtained considering both
RLA and LLA trials. Looking at Figure 3.5, it can be observed that the decreasing
trend for increasing UPDRS score is evident in all the considered features. Values be-
longing to the extremes UPDRS classes (e.g., UPDRS scores equal to 0 or 3/3.5) are
clearly separated from the others, while values associated with the intermediate UP-
DRS classes (e.g., UPDRS scores equal to 1, 1.5, or 2) tend to overlap, in some cases,
in the same region of the plot. This behavior is consistent with clinical evaluations
of PD patients, when distinguishing between intermediate levels of impairments may
be difficult. Considering the correlations between LA features and UPDRS score, the
parameter which has the highest (absolute) r-value is Ωmean.

Similarly to the LA case, in the S2S task, the performance degradation for in-
creasing UPDRS score is evident, as shown in Figure 3.6. The parameters for which
this trend is clearer are those related to the duration of the S2S single rising, namely:
T , TF , and TB. As expected, these parameters achieve the highest correlation values
with respect to the UPDRS score and are those that better characterize the S2S task.

The interpretation of the features associated the G task have been widely dis-
cussed in Section 2.5.2. We briefly recall the main observations. The general perfor-
mance trend is decreasing with increasing UPDRS score, but with some exceptions:
in Figure 3.7, for example, it can be observed that the “best” performance in some of
the temporal features is achieved by the average values associated with UPDRS class
3. This is due to the fact that PD patients who present festinating gait, i.e., a gait pat-
tern alteration typical of Parkinsonians, characterized by a quickening and shortening
of normal strides, perform short steps with a very high cadence, thus leading to val-
ues in temporal parameters and cadence that may be interpreted as “good” even for

4We recall that the p-value represents the probability that the observed differences, in the sample
data which are being tested, are due to random sampling errors and not to true differences between
populations [106].
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Figure 3.5: Radar plots of the average normalized features grouped by UPDRS class in the LA task
considering the UPDRS scores by neurologist 1 (LA-1), neurologist 2 (LA-2), neurologist 3 (LA-3),
and the UPDRSMean (LA-M).
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Figure 3.6: Radar plots of the average normalized features grouped by UPDRS class in the S2S task
considering the UPDRS scores by neurologist 1 (S2S-1), neurologist 2 (S2S-2), neurologist 3 (S2S-3),
and the UPDRSMean (S2S-M).
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Figure 3.7: Radar plots of the average normalized features grouped by UPDRS class in the G task
considering the UPDRS scores by neurologist 1 (G-1), neurologist 2 (G-2), neurologist 3 (G-3), and the
UPDRSMean (G-M).
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high UPDRS scores. Spatial parameters, flexion/extension excursions of the thighs,
and step regularity are those which show the clearest decreasing trends in function
of UPDRS values. This consideration, besides being consistent with the clinical ob-
servations of parkinsonian walking, is also confirmed by the good correlation values
(absolute values approximately equal to 0.6) between kinematic parameters, such as
SL, StepVmean, Rstep, and T high RoRmean, and the UPDRSMean score of the G task. Fi-
nally, the feature Psum, which is representative of the overall “power” associated with
the patient’s movements during gait, clearly decreases monotonically from UPDRS
0 to UPDRS 3, showing also a moderate correlation (r-value equal to -0.43) with the
UPDRS score.

3.5.2 Automatic Detection

As anticipated in Section 3.4.4, an exhaustive testing of the automatic UPDRS scor-
ing system has been carried out in order to find the parametric configuration which
allows to achieve, for each task, the best classification performance, i.e., which maxi-
mizes the AuC of the CDF of the error eM. The optimal system configuration, includ-
ing the best classification algorithm and the best combination of features, is shown,
for each task, in Table 3.7. The observed results show that in all tasks the best classi-
fier is kNN, with k set to 3 (LA and S2S) or 6 (G). Furthermore, it can be observed
that the number of features associated with the best performance increases for in-
creasing complexity of the task movement patterns. For completeness, we remark
that the subset of features which allows to achieve the best performance in the G task
is different to the one obtained in Section 2.5.3, even though the number of elements
in the subset, the classifier, and its configuration (k = 6) remained the same. This is
due to the fact that, in the unified analysis, the number of trials considered for the ex-
traction of the kinematic features and the training of the automatic system is different
from the one used for analyzing the G task singularly, as explained in Section 3.3.4.

In Figure 3.8 (a), the CDFs corresponding to the optimized parametric configura-
tions of the automatic UPDRS scoring system in each task are shown. The accuracy
of the automatic system (corresponding to CDFs’ values at e = 0) ranges from ap-
proximately 43% in the LA and S2S tasks to 62% in the G task. The percentage of
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Table 3.7: Combination of parameters corresponding to the best performance of the automatic UPDRS
scoring system for each task.

Task Classifier Set of features

LA kNN (k = 3) {Ωmean, F}

S2S kNN (k = 3) T

G kNN (k = 6) {DS, Rstep, T high RoRmean}

trials classified with e ≤ 0.5 is over 81% in all the considered tasks (LA: 83%; S2S:
81%; and G: 94%) while more than 94% of the samples are classified with e≤ 1 (LA:
97%; S2S: 94%; and G: 98%). Moreover, it can be observed that the classification er-
ror is never greater than 1.5.

For a more detailed characterization of the misclassification errors made by the
automatic system, in Tables 3.8, 3.9, and 3.10, the confusion matrices associated
with the automatic scoring of the LA, S2S, and G tasks, respectively, are shown. It
can be observed that the automatic systems has the tendency to bias, in all cases,
the estimated UPDRS scores around a dominant class, according to the Gaussian-
like distribution of the UPDRSMean score highlighted in Section 3.3.4 and shown in
Figure 3.2. The UPDRS classes with a small number of samples are almost “ignored”
by the classifier and the samples associated with them are labeled with a UPDRS
value nearer to the dominant class, thus determining a general underestimation of
actual UPDRS score. This behavior is a clear consequence of the non-homogeneity
of the UPDRS evaluations of the various neurologists.

From the presented confusion matrices, other performance indexes, such as the
precision, the sensitivity, and the specificity, can be calculated. In Table 3.11, the
average values of these performance indexes across all the UPDRS classes are shown.
From these results, one could conclude that the automatic system performs poorly
and it is not able to provide a reliable estimation of the UPDRS score. However,
we remark that the computed statistics take into account only the samples correctly
classified (eM = 0), which may be not the proper why to quantify the goodness of
the system. By observing the CDF shown in Figure 3.8 (a), indeed, it can be noticed
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Figure 3.8: CDFs of (a) the automatic classification error eM for the best performance achieved in each
task and (b) the (absolute) difference d in the UPDRS scoring between neurologist 1 and 2.
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Table 3.8: Confusion matrix for the LA task automatic UPDRS scoring procedure.

Predicted score
[%] 0 0.5 1 1.5 2 2.5 3 3.5

A
ct

ua
ls

co
re

0 0 50 50 0 0 0 0 0
0.5 8 54 23 15 0 0 0 0
1 0 23 18 53 6 0 0 0

1.5 0 5 16 65 11 3 0 0
2 0 17 0 58 25 0 0 0

2.5 0 0 0 50 10 40 0 0
3 0 0 0 50 0 50 0 0

3.5 0 0 0 0 0 100 0 0

Table 3.9: Confusion matrix for the S2S task automatic UPDRS scoring procedure.

Predicted score
[%] 0 0.5 1 1.5 2 2.5 3 3.5

A
ct

ua
ls

co
re

0 100 0 0 0 0 0 0 0
0.5 47 31 1 1 0 0 0 0
1 40 40 20 0 0 0 0 0

1.5 34 0 22 22 22 0 0 0
2 34 0 0 66 0 0 0 0

2.5 - - - - - - - -
3 - - - - 100 0 0 0

3.5 - - - - - - - -

Table 3.10: Confusion matrix for the G task automatic UPDRS scoring procedure.

Predicted score
[%] 0 0.5 1 1.5 2 2.5 3 3.5

A
ct

ua
ls

co
re

0 0 0 100 0 0 0 0 0
0.5 0 45 55 0 0 0 0 0
1 0 0 78 22 0 0 0 0

1.5 0 6 25 69 0 0 0 0
2 0 0 0 100 0 0 0 0

2.5 - - - - - - - -
3 0 0 0 100 0 0 0 0

3.5 - - - - - - - -
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Table 3.11: Summary of the classification performance statistics (average values across all the UPDRS
classes).

Task Accuracy Precision Sensitivity Specificity
LA 43.62% 34.55% 25.17% 84.52%
S2S 42.55% 28.00% 25.63% 77.51%
G 61.70% 66.48% 31.83% 88.03%

that the performance of the system improves significantly considering the samples
classified with eM ≤ 0.5. In this case, the ability of the automatic system in estimating
an adequate UPDRS score can be considered acceptable.

To explain the reasons behind this behavior, a comparative analysis between the
performance achieved by the developed system and the inter-rater variability of the
neurologists in the UPDRS task assessment has been carried out. In Figure 3.8 (b),
the CDFs of the (absolute) difference d between the UPDRS scores assigned by neu-
rologists 1 and 2 in the three tasks are shown. The agreement in the evaluations ranges
from 33% in the G task to 52% in the S2S task whereas the difference in the UPDRS
scores between the two neurologists is lower than or equal to 1 in approximately
90% of the trials (100% for the G task). Similar results have been obtained from
the comparison of the evaluations by neurologists 1 and 3 and by neurologists 2 and
3—the corresponding CDFs are not shown here. Comparing Figure 3.8 (a) and (b),
it is possible to observe very similar trends in the CDFs of the estimation error eM

and the difference of neurologists’ evaluations d. It can thus be concluded that the
variability in the UPDRS scoring between the automatic system and the neurologists
seems to be comparable with the inter-rater variability between clinicians. In other
words, the proposed automatic classification system is “accurate” enough to mimic
the evaluation performance of medical personnel.

Obviously, a larger set of patients, a more uniform distribution of the patients
in all the UPDRS classes, and additional evaluations by more neurologists would
make the proposed system performance analysis more meaningful from a statistical
perspective.
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3.5.3 Correlations and UPDRSTotal

One of the key aspects of the proposed approach is the evaluation of multiple tasks
relying on the same procedures for data acquisition, processing, and analysis. In our
opinion, important insights on the validity of the proposed system and the contribu-
tion given by each task in the overall motor performance’s assessment process can
be derived by investigating the relationship between the considered tasks. For this
reason, a comparative analysis of the correlations between the UPDRS evaluation
carried out by doctors and the one performed by our automatic UPDRS scoring sys-
tem is presented in the following.

A preliminary consideration of the relationship between the scores assigned to the
different tasks can be made by looking at Figure 3.2: it can be easily observed that
the distributions of UPDRS scores assigned by the neurologists and the UPDRSMean

score vary significantly from one task to another. This means that the motor perfor-
mance achieved by a patient in one task is not necessarily related to those obtained in
another task. In Figure 3.9, this observation is additionally investigated performing a
comparison between the UPDRSMean scores (cases from (a) to (f)) and the UPDRS
values assigned by the automatic system (cases from (g) to (l)), considering pairs of
tasks.5 Each trial is labeled with a pair of UPDRS values, corresponding to the UP-
DRS scores assigned to it in the two considered tasks. In each subplot, the “clusters”
of trials labeled with the same pair of UPDRS scores and, thus, overlapping on the
same portion of the plane, are shown as black points, whose size is proportional to
the number of trials belonging to the cluster. Moreover, the linear regression line, i.e.,
the best-fitting straight line obtained with the least squares method, is also shown in
red. For all the considered pairs of tasks, an increasing trend in UPDRS scores for
both tasks can be observed, although for each UPDRS value assigned to one task,
several UPDRS values can be assigned to the other task.

In the “edge” case in which the relationship between the evaluation of motor per-
formance in two different tasks is perfectly linear, the regression line would be on the
diagonal or parallel to it. For some pairs of tasks, such as those shown in Figure 3.9

5For the LA task, comparisons with both RLA and LLA UPDRS scores are shown separately.
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Figure 3.9: Comparison between UPDRS values assigned to each trial for different pairs of UPDRS
tasks considering: in the upper half of the figure ((a), (b), (c), (d), (e) and (f)) the UPDRSMean scores;
in the lower half of the figure ((g), (h), (i), (j), (k) and (l)) the UPDRS values estimated through the
automatic scoring system. Each point corresponds to a “cluster” of trials labeled with the same pair of
UPDRS values and its size is proportional to the number of trials belonging to the same cluster.
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(a), (d), (e), and (f), the linear relationship between the UPDRS scores is evident and,
consequently, the regression line lies near the diagonal. In these cases, the values
assigned in both tasks, in fact, are likely to be similar, indicating both comparable
difficulties experimented by patients in the two tasks and a uniform metric used by
the neurologists to assess them. In other cases, especially those including the S2S
task, it can be observed that, while in one task (either LA or G) the trials are labeled
with increasing UPDRS scores, in the S2S task the patient is still able to achieve a
good performance and, consequently, the trials are labeled with a UPDRS equal to
0 or 0.5. This leads to an accumulation of points near the 0 and 0.5 UPDRS classes
for the S2S task, which also influences the slope of the linear regression line, mak-
ing it “flatter.” Considering the automatically estimated UPDRS scores (cases from
(g) to (l)), this behavior is even more evident: the linear relationship between tasks
is always weaker than in the neurologist-assessed cases. This is due to the fact that
the automatic scoring system, as anticipated in Subsection 3.5.2, tends to slightly
underestimate the values of the UPDRS scores with respect to those assigned by doc-
tors, increasing the concentration of the scores around the dominant UPDRS class of
each task. In Figure 3.9 (h) and (i), for example, the slope of the regression line is al-
most horizontal, highlighting the un-correlation between the considered tasks. A high
number of trial, indeed, are labeled with UPDRS scores equal to 1.5 and 0 in the LA
and the S2S tasks, respectively. This reduction in the UPDRS scores range and the
overlapping of the trials in certain regions of the plots contribute to making the de-
pendence between the scoring of the pair of tasks less evident. Another factor which
determines the degree of correlation between tasks is the accumulation of UPDRS
score around the dominant class of each task. In Subsection 3.3.4, we have observed
that the UPDRSMean scores has a Gaussian distribution centered in 1.5, 0.5, and 1 for
the LA, the S2S, and the G tasks, respectively. In Figure 3.9, it can be observed that
the points with the largest size are always in correspondence of these UPDRS classes.

The considerations made by visually investigating pair of tasks in Figure 3.9, can
be reinforced by analyzing numerically the correlation between the considered tasks.
At this point, we also introduce an aggregate UPDRS score, denoted as UPDRSTotal,
given by the sum of the UPDRSMean scores assigned to the RLA, LLA, S2S, and G
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tasks. The summation of the UPDRS scores assigned to different combinations of
tasks [84, 102, 104], is a common practice used in the literature to predict the overall
functional capabilities of PD patients. From our viewpoint, UPDRSTotal is a concise
parameter representing the overall level of motor impairments of a patient in the con-
sidered tasks. In Table 3.12, the correlations between the UPDRSMean scores in the
various tasks and between them and UPDRSTotal are shown. As in Subsection 3.5.1,
the Pearson’s correlation coefficient (i.e., the r-value) is used, considering as signifi-
cant only the parameters with associated p-value ≤ 0.05. It can be observed that the
correlation between the UPDRS scores of each task and the aggregate score is high
(from 0.76 to 0.87), indicating that UPDRSTotal significantly represents, in a concise
way, the motor performance level measured by each task. The correlations between
pairs of tasks, instead, range from 0.75 (between RLA and LLA, which are likely to
be strongly correlated since they refer to the same exercise) to 0.37 between RLA
and S2S—this is representative of the poor correlation between those tasks. The lat-
ter result is expected because, from a medical viewpoint, each UPDRS task aims to
assess a specific PD symptom and the “performance” achieved by patients may vary
consistently from one exercise to another [104, 107]. However, in some cases, such
as in the comparison between S2S and G UPDRS scores, the r-value is still relevant
because both tasks refer to the same “macro-group” of PD symptoms (in this case to
the “Gait/Posture” group) and may share some characteristics [104].

In the same way, in Table 3.13, the correlation values (obtained by pair-wise com-
parisons of the UPDRS scores estimated with the automatic UPDRS scoring system
in each task, and the associated UPDRSTotal) are presented. The obtained results still
show relatively high r-values (although slightly lower the those of the neurologist-
assessed cases) between tasks and the UPDRSTotal score. Also the correlation be-
tween RLA and LLA remains high. For all the other pairs of tasks, instead, the corre-
lations become non significant. This is due to the fact that, as observed in Figure 3.9
(h)-(l), the automatically estimated UPDRS scores are often underestimated and tend
to overlap in correspondence to the dominant UPDRS class of each task, making the
linear dependence between the UPDRS values in the pairs of tasks weaker.

For completeness, Table 3.14 shows the correlations between the neurologist-
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Table 3.12: Correlations between UPDRSMean scores.

Total RLA LLA S2S G
Total 1.00
RLA 0.82 1.00
LLA 0.87 0.75 1.00
S2S 0.76 0.37 0.46 1.00
G 0.82 0.51 0.60 0.66 1.00

Table 3.13: Correlations between UPDRS scores assigned by the automatic UPDRS scoring system.

Total RLA LLA S2S G
Total 1.00
RLA 0.77 1.00
LLA 0.74 0.63 1.00
S2S 0.58 n.s. n.s. 1.00
G 0.54 0.29 n.s. n.s. 1.00

Table 3.14: Correlations between UPDRSMean scores and automatically estimated UPDRS scores.

Total RLA LLA S2S G

0.79 0.74 0.54 0.55 0.60

assigned and the automatically assigned UPDRS scores. In UPDRSTotal and RLA
cases, the correlation is high (0.79 and 0.74 respectively) while in the LLA, S2S, and
G tasks lower values are observed (0.54, 0.55, and 0.60, respectively), indicating a
higher sensitivity to classification errors.

Finally, the UPDRSTotal values, calculated considering both (a) the UPDRSMean

and (b) the trials’ scoring by the automatic system, are visualized through barplots
in Figure 3.10. Each bar represents the UPDRSTotal, with the contributions of the
score assigned to the single tasks highlighted with different colors, calculated for
each trial. The values are ordered in ascending order to highlight the data trend for
increasing values of UPDRSTotal. The (red) exponential curves, obtained by minimum
mean square error fitting, represent smoothed versions of the aggregate scores’ trends.
By looking at the plots, to main observations can be made: (i) as mentioned above,
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Figure 3.10: Bar plots representing the values of UPDRSTotal for all the trials considering (a) the as-
sociated UPDRSMean scores and (b) the UPDRS values assigned by the automatic scoring system.
Contributes by each task are shown with different colors.
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also in this case is possible to notice that the automatic classification system tends
to assign UPDRS scores in accordance to the dominant UPDRS class of each task.
This behavior leads to generally lower values of UPDRSTotal and to a more reduced
variability in the aggregate score for the automatic system, which is also emphasized
by a lower slope of exponential fitting curve in Figure 3.10 (b). (ii) the contribution
given by the S2S scores to UPDRSTotal is almost negligible (between 0 and 0.5 in
90% of the trials) for aggregate scores lower than 5, especially when the automatic
system is used.

These experimental observations confirm the effectiveness of the LA and G tasks
in representing the progression of motor impairments in PD patients and also high-
light the “non-challenging” nature of the S2S task for patients with mild symptoms.
Nevertheless, the UPDRS score assigned to the S2S task becomes very important to
distinguish between Parkinsonians with moderate and severe motor complications,
when the UPDRSTotal is used as evaluation metric.

3.6 Applications

3.6.1 A Tele-medicine System for the Remote Monitoring of PD Patients

The characteristics of the designed system make it suitable for real applications in
the e-health scenario, such as tele-medicine systems for remote monitoring of PD.
The objective recording of motor fluctuations in a home environment throughout the
day, unlike a time-limited and “randomly-timed” clinical evaluation in an out-patient
environment, could provide more reliable information to neurologists and allow a
more accurate assessment and management of the symptoms.

For example, considering a typical scenario in the L-DOPA therapy management
of PD patients, in which the drug is split in 4 or 5 doses, timed according on the
evidence of the motor diary filled out by the patient (which often lacks reliability), it
can be easily understood how the opportunity to highlight an accurate daily profile
of motor fluctuations could help the neurologists to define a personalized timing and
dosing of medical treatment, thus improving the therapy effectiveness. Moreover, pa-
tients would feel more comfortable and motivated to do their exercises in a familiar
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Figure 3.11: General architecture of a cloud-based e-health platform.

environment, saving time and money by avoiding to go to an ambulatory for each
visit. Doctors, on the other hand, could reach a larger number of subjects, who, oth-
erwise, could not be followed continuously from movement disorder specialists and
rely on a more accurate and up-to-date clinical picture of patients.

A general and simplified architecture for a cloud-based e-health platform is shown
in Figure 3.11. Four main levels can be defined to describe the functionalities of the
platform. The device level includes all the devices used as sensing technology, such
as sensors for analyzing the movements, measuring blood pressure or glucose level,
electrocardiographs, electromyographs, etc., or as tool for retrieving useful informa-
tion about the patients’ medical condition (e.g., a mobile app used as electronic diary
by patients). The data measured by the sensing devices are then sent through Personal
Area Network (PAN) protocols, such as Bluetooth, to the gateway level, where the
information is collected ad processed using more powerful devices, such as personal
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computers, tablets or smartphones, connected to the Internet. At this point, the pro-
cessed data are forwarded through the web to the cloud-based core of the e-health
platform, identified by the cloud level, where the most relevant operations, such as
those related to information storage, data analysis, identity management, and security,
take place. Finally, in the data access level, all the possible users of the system, which
can be the patients and their relatives, the medical professionals, the system adminis-
trators, the health-care payers, etc., are allowed to access and visualize, with proper
permission policies, the information they need. Since the e-health systems market
is quite fragmented and poorly standardized, the best strategy for a practical imple-
mentation of the proposed PD monitoring application could be to integrate it into an
existing e-health platform [108, 109], exploiting the APIs provided by the platform.
The integration could be done, for example, at the gateway level, by adding a proper
software component for the analysis of the data recorded by the IMU-based BSN.
The processed data could then be managed according to the platform requirements,
in the same way as the other data collected by the platform.

3.6.2 Efficient Implementation

So far, we have designed and tested our system in order to investigate its feasibility
and performance, without considering constraints in terms of computational power
or time consumption. In a real application scenario, as the one discussed in Sec-
tion 3.6.1, the system would be subject to several limitations. An efficient design and
implementation would be thus required in order to reduce the complexity and, con-
sequently, the required computational resources, while still retaining the ability to
achieve good (although not optimal) performance. To this end, the performance vari-
ations between the optimal system configuration and other “suboptimal,” but simpler,
alternatives are now discussed.

In Table 3.15, the performance reductions (in percentage), obtained by comparing
the AuC of the CDF of the error eM associated with the best parametric configura-
tion with the AuCs of “suboptimal” alternatives, are shown. The best configurations
obtained for the three tasks, previously shown in Table 3.7, are denoted in Table 3.15
as Best LA (AuC equal to 92.29%), Best S2S (AuC equal to 90.96%), and Best G
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Figure 3.12: CDFs associated with different system configurations in the (a) LA, (b) S2S, and (c) G
tasks. The best CDF is represented with a solid black line.
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Table 3.15: Reductions in the AuC of the CDF of eM comparing the various parametric configurations
with the optimal one.

Method
Number of
features or

principal comp.
kNN kNN-PCA SVM SVM-PCA

LA
1 -2.79 % -5.20 % -3.76 % -10.99 %

2 Best LA -5.01 % -5.31 % -11.57 %

3 -0.29 % -7.23 % -4.82 % -12.72 %

4 -1.25 % -5.49 % -5.59 % -14.27 %

5 -1.15 % -4.53 % -6.07 % -14.94 %

S2S
1 Best S2S -0.19 % -2.92 % -3.50 %

2 -0.77 % -2.92 % -4.28 % -4.48 %

3 -0.97 % -1.94 % -2.92 % -3.31 %

4 -1.55 % -1.55 % -3.11 % -5.84 %

5 -1.36 % -1.55 % -4.67 % -3.70 %

G
1 -1.11 % -4.46 % -6.69 % -8.36 %

2 -0.37 % -4.08 % -5.20 % -7.06 %

3 Best G -4.83 % -4.27 % -9.47 %

4 -0.19 % -3.71 % -3.71 % -7.80 %

5 -0.37 % -4.27% -4.08 % -8.00 %

(AuC equal to 95.39%) and highlighted in bold. Moreover, in Figure 3.12, the CDFs
associated with the kNN algorithm applied to an increasing number of features (from
1 to 4) of the original data and the best configurations obtained using (i) kNN and
PCA, (ii) SVM on the original dataset, and (iii) SVM on the “PCA-projected” data,
are shown to provide a visual counterpart of the data presented in Table 3.15. As
shown in Section 3.5.2, it can be observed that the best classification algorithm is the
kNN in all the considered tasks. This kind of classifier does not require an explicit
training phase, as it keeps all the dataset points (true neurologist-based scores) to
take decisions in the “online” phase. This so-called “lazy learning” approach, how-
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ever, implies high memory consumption and computational power to check all the
training set elements for each classification round. On the other hand, the SVM algo-
rithm achieves performance similar to (actually, slightly worse than) the one of the
kNN method but with a more efficient learning procedure. In fact, SVM, after a more
complex training phase, builds a compact classification model which can be used to
easily identify the class of the test data, by simply checking in which partition of the
features space the unlabeled sample lies. The relative reduction (in percentage), con-
sidering the best configuration in the SVM case for all the three tasks, is very limited,
ranging from 2.92 % (S2S task) to 3.76 % (LA task).

Another possible strategy to lower the complexity of the automatic classification
procedure is to reduce the dimensionality of the features dataset used as input for
the classifiers. Looking at Table 3.15, it can be observed that the performance reduc-
tion, considering only one or two features (original data) for the kNN algorithm, is
almost always below 2.80 %. In the SVM case as well, the performance degradation,
with respect to the best SVM case, using only one feature is minimal. Dimensional-
ity reduction in the presence of PCA tends to worsen the overall performance with
both kNN and SVM methods. From these considerations, it can be concluded that,
although the best classification performance is achieved by the kNN algorithm, the
SVM classifier, applied to features of the original dataset, could be a more attractive
choice for real-world applications, because of (i) higher efficiency (in terms of com-
putational resources consumption) and (ii) minimal classification accuracy reduction
with respect to kNN.

3.7 Conclusion

We have proposed an innovative approach for kinematic characterization of the LA,
S2S, and G tasks through the same BSN with three nodes, together with automatic
UPDRS assessment of the trials carried out by PD patients.

The results obtained in Subsection 3.5.1 indicate clearly that, in each task, some
of the extracted kinematic features are strongly related to the UPDRS scores. The
parameters which have turned out to be the most significant are the angular speed of
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execution (Ω) for the LA task, the total duration (T ) for the S2S task, and the stride
length (SL) for the G task. Moreover, an evident decreasing in the overall motor
performance for patients belonging to different UPDRS classes has been highlighted,
considering both the evaluations by multiple neurologists and the UPDRSMean score.
These findings are consistent with the observations made by the doctors in clinical
environments.

Regarding the automatic UPDRS scoring system, the results presented in Subsec-
tion 3.5.2 have highlighted that the best classification performance is achieved using
kNN as the classifier on the selected kinematic features, using an increasing number
of features and increasing values of k for increasing complexity of the tasks. The
accuracy of the system ranges from 43% (in the LA and S2S tasks) to 62% (in the
G task) but the classification error is lower than or equal to 1 in more than 94% of
the cases. The comparison between the evaluation error of the automatic system and
the inter-rater variability of the neurologists has shown similar performance trends,
allowing us to consider the accuracy of the proposed UPDRS scoring system accept-
able. Nevertheless, the automatic system tends to underestimate the actual UPDRS
scores and to concentrate the predicted UPDRS values in correspondence to dom-
inant UPDRS classes. This is not an intrinsic limitation of the proposed approach.
In fact, it could be overcome by considering a statistically more significant dataset
(i.e., a larger set of patients, with a more homogeneous distribution across all UPDRS
classes). In addition, increasing the number of neurologists involved in the evaluation
could reduce the bias in the assessment of UPDRS motor tasks.

In Subsection 3.5.3, the comparative analysis of the correlations suggests that the
motor performance of PD patients may vary consistently between different tasks and,
thus, the associated correlations may range from low (0.37, poor correlation) to high
(0.75, good correlation) values. The correlation between UPDRS scores in distinct
tasks becomes weaker (almost always negligible) when the automatic system is con-
sidered. This is another consequence of the fact that the automatic system tends to
bias the evaluation around the dominant UPDRS classes. However, this result com-
plies with findings in the medical literature [104], according to which the correlation
between different tasks is likely to be poor or moderate because each task has been
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defined with the aim to evaluate a specific aspect or symptom of the PD.
The obtained results have shown a good correlation between UPDRSTotal and all

the UPDRS scores of all the tasks (slightly lower correlations for the automatically-
assessed tasks). This concise index can provide neurologists useful information about
the overall condition and the functional capabilities of patients, integrating the eval-
uations made considering the single UPDRS scores in each task. The contribution of
the S2S task in the aggregate score, for example, seems to be significant to distinguish
patients with slight and mild symptoms from those who manifest moderate or severe
impairments. This observation can be related to the characteristics of the movement
typical of the S2S task, which involves the simultaneous activation of several con-
trol mechanisms (visual, posture, and balance) and worsens with the progress of the
disease. .

Finally, the integration of the proposed system in a real cloud-based e-health plat-
form for the development of a tele-medicine application for continuous monitoring
of PD patients has been discussed, with focus on a possible system architecture and
possible strategies for an efficient implementation of the proposed functionalities.

3.7.1 Future Work

Although the results obtained by the proposed system seem to be promising, further
investigations are needed to overcome its current limitations. In particular, the imple-
mented automatic UPDRS scoring system can be improved by considering a larger
and, thus, statistically more relevant dataset, together with clinical evaluations of ad-
ditional neurologists. Moreover, new UPDRS tasks may be considered and integrated
in the automatic characterization and evaluation process. Using the same BSN and the
same processing approach, indeed, tasks such as the Toe-tapping (UPDRS item 3.7),
Freezing of Gait (UPDRS item 3.11), Postural Stability (UPDRS item 3.12), and Pos-
ture (UPDRS item 3.13), may be included in the analysis, providing a complete tool
for the assessment of all the UPDRS item related to posture and lower limbs motor
performance. A complete system, able to evaluate also the tasks associated to the up-
per limbs movements, would require additional sensors to be placed on the arms or
the wrists. In any case, also in the current configuration, another interesting research
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direction consists in investigating the patterns in motor fluctuations, i.e., the variation
in the severity of the motor symptoms, across the whole day and for prolonged time
period, in order to build an accurate model of the actual patient’s situation.





Chapter 4

Quantitative Evaluation of Gait in
Post-stroke patients

The only thing I know is this:
I am full of wounds and still standing on my feet.

– Nikos Kazantzakis

The analysis carried out of PD has shown the potential of BSN-based systems
for the charactezation of functional motor tasks. Gait is undoubtly the most repre-
sentative activity for evaluating the general level of motor impairment under several
aspects. In post-Stroke patients, the analysis of the walking patterns is a key tool, for
both the assessment and the rehabilitation processes. In this chapter, two BSN-based
approaches, with different level of complexity and details, for the GA in post-stroke
insividuals are presented. As the works described in the previous chapters, also this
study is conducted within the VRehab project.
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4.1 Introduction

4.1.1 Stroke

Stroke occurs when the supply of blood to the brain is either interrupted or reduced.
When this happens, the brain does not get enough oxygen or nutrients which causes
brain cells to die. Strokes can be classified into two major categories: ischemic and
hemorrhagic. Ischemic strokes are the most common (around the 85% of the cases)
and are caused by blockages or narrowing of the arteries that provide blood to the
brain, causing severely reduced blood flow (i.e., ischemia). These blockages are often
caused by blood clots, which can form either in the arteries connecting to the brain, or
in other blood vessels before being swept through the bloodstream and into narrower
arteries within the brain. Hemorrhagic strokes occur when a blood vessel in the brain
leaks or ruptures. The blood loss deprives brain cells of blood and can damage them
by increasing the pressure within the brain or the space between the brain and the
skull. The ruptures can be caused by conditions such as hypertension, trauma, blood-
thinning medications and aneurysms (i.e., weaknesses in blood vessel walls). If the
flow of blood to the brain is only briefly interrupted, the stroke is defined as Transient
Ischemic Attack (TIA).

Stroke is the third cause of mortality worldwide, with almost 6.7 millions of
deaths in 2012 [110] and the leading cause of adult long-term disabilities. Depending
on which region of the brain is damaged, complications may include:

• Hemiparesis: it is a unilateral paresis or weakness of the entire left or right side
of the body. In its most severe form, i.e., when the paralysis of half of the body
is complete, it is defined as Hemiplegia;

• Difficulty talking or swallowing: damages in the cerebral cortex and the lost of
control of mouth and throat muscles can result in difficulties in talking clearly
(dysarthria), swallowing/eating (dysphagia), or using and interpreting oral and
written language (aphasia);

• Memory, thinking, and emotional difficulties: stroke survivors can experiment
memory deficits, disorganized thinking, confusion, depression and problems in
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controlling their emotions;

• Altered or painful sensations: pain, numbness, iper-sensitivity, altered or re-
duced sensory perception may also appear after a stoke event;

• Changes in behavior and self-care ability: people who have had strokes may
become more withdrawn and less social or more impulsive and may need help
in many of their daily activities, losing their independence.

Worldwide, stroke consumes about 2-4% of total health-care costs, and in indus-
trialized countries stroke accounts for more than 4% of direct health-care costs [111].
Approximately one third of stroke survivors will have permanent physical impair-
ments and will require high level of assistance in their every-day life [112]. For this
reason, suddenly after the emergency treatment, the rehabilitation process should be-
gin.

Immediate rehabilitation after a stroke event has a key role in helping patients to
recover their functional capabilities and independence. Stroke rehabilitation is a com-
bined and coordinated use of medical, social, educational, and vocational measures
to retrain a person who has suffered a stroke to his/her maximal physical, psycholog-
ical, social, and vocational potential, consistent with physiologic and environmental
limitations [113]. The rehabilitation process often include different activities, such
as speech therapy and occupational therapies, supporting groups (for helping both
patients and their family to overcome the practical and emotional difficulties), and
physical therapy. The latter aims at improving patient’s independent mobility and
focus on enhancing the ability to use the affected side limbs and the overall motor
functionalities. In particular, regaining the ability to walk, at least in the domestic en-
vironment, is one of the main goals of both post-stroke patients and clinicians [114].
The objective evaluation of the recovery progression is crucial in order to assess the
effectiveness of physical rehabilitation therapies, from the early days after the stoke
occurs, at the hospital, and even more after several months, in patients’ free-living
environments.
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4.1.2 Chapter Contribution

The usefulness of the quantitative analysis of gait, as a tool for providing meaning-
ful information to clinicians, has been extensively discussed in general and for the
specific case of PD, in Section 1.3.2 and Chapter 2, respectively. We pointed also out
that IMU-based GA is currently the most adopted alternative approach to classical
GA systems, because it is cost-effective, reliable, and easy-to-use.

Starting from these premises, in this chapter, a system for quantitative GA in post-
stroke patients, based on the use of two different BSN configurations, is presented.
In particular, we first describe a preliminary system relying on a multi-sensor BSN
for a complete but not practical evaluation of walking patterns. Then, we focus on a
novel, single IMU-based approach for an efficient, simple, flexible but also accurate
characterization of both normal and hemiparetic gait [5]. The implemented single-
sensor system allows us to extract a complete set of temporal features by a robust
step detection method and an accurate stride segmentation procedure. Moreover, a
revised version of two well-known methods for spatial parameters estimation is pro-
posed. In both cases, we introduce dynamic calibration constants in order to reduce
the estimation errors due to step asymmetry and inter-subject variability.

4.2 Related Work

The use of inertial sensing as mo-cap technology for monitoring and assessing the
physical rehabilitation process in post-stroke patients is widespread in both medical
and engineering literature. Different works have focused their attention on the eval-
uation, through wearable IMUs, of upper limbs movements [115, 116, 117, 118],
postural adjustments [119], and general motor functionalities using standardized rat-
ing scales [43]. For what concerns GA, optoelectronic [120, 121, 122] systems, low-
cost insole sensors for measuring GRF [123, 124, 125, 126], mobility assistive de-
vices [127], manual investigation of videotaped walking sessions [128], and even
smartphones [129] have been used for extracting different sets of parameters for char-
acterizing gait patterns under various points of view. As for the PD case, discussed
in Section 2.2, several approaches have appeared, in recent years, relying on IMU-
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based BSNs for analyzing gait in post-stroke patients. For example, Fang et al. used
two IMUs attached to the subject’s thigh and shank (on the paretic side) to extract a
reduced set of features, such as step length, hip and knee angles, and the gait regular-
ity based on the autocorrelation of the accelerometric signals [130]. In [131], Mizuike
and colleagues investigated the relationship between patients’ motor recovery level
and a specific set of raw walking features, such the normalized Root Mean Square
(RMS), as a measure of gait smoothness, and the autocorrelation as a measure of
stride similarity and regularity, associated to accelerometric signals measured using
a tri-axial accelerometer mounted on the belt. Yang et al. developed a system based
on two gyroscopes placed on the shanks for assessing post-stroke gait in terms of
walking speed and temporal gait symmetry [132]. Their algorithm performed well
when the angular velocities measured during hemiparetic patients walking were sim-
ilar to those of the healthy subjects but it failed in the cases in which the gait patterns
were too different. Finally, in [133], two accelerometers on the ankles were used to
extract gait features, such as stride length, cadence, (right and left) entropy, swing
to stride ratio (SSR), and normal/hemiparetic side symmetry. These parameters were
monitored across all the rehabilitation process, from the moment patients were first
admitted to the hospital until discharge, in order to show their recovery progression.

The methods proposed so far in the literature provide limited sets of spatio-
temporal parameters (with respect to those returned by classical GA systems) or are
able to compute high level information about the regularity and symmetry of gait.
However, most of the inertial sensor-based algorithms for general or disease-specific
GA are designed to assess symmetric gait and are not suitable for the evaluation of
hemiparetic gait (typical of post-stroke patients), which is characterized by asym-
metric and irregular walking patterns. For these reasons, the system proposed in the
following aims at quantitatively characterizing gait through a complete and accurate
set of parameters, taking into account and trying to overcome the limitations related
to the typical aspects of hemiparetic gait (i.e., step asymmetry and inter-subject vari-
ability).
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Figure 4.1: The multi-sensor BSN formed by 6 Shimmer 3 IMUs.

4.3 Multi-sensor System

In a preliminary evaluation phase, a multi-sensor BSN has been considered with the
goal of providing a full and detailed characterization of gait. Having the possibility
to rely on several (6) sensing nodes, the system can estimate a wide set of spatio-
temporal and kinematic parameters, in both healthy and impaired gait.

4.3.1 Experimental Set-up

The BSN configuration adopted in the multi-sensor version of the system is shown
Figure 4.1. Each sensing node is a Shimmer 3 equipped with accelerometer, gyro-
scope, and magnetometer, all tri-axial (for details about the Shimmer 3 platform refer
to Section 1.2.5). The IMUs are attached to the subject’s body with Velcro straps,
trying to align their x axis, the y axis, and the z axis with the right-left, upward-
downward, and forward-backward directions, respectively. In particular, the nodes are
placed in the following positions: one on the chest (1), one on the dominant/affected
side thigh (2), two on the shanks (3 and 4), two on the feet (5 and 6).

The BSN sensors are synchronized and connected through Bluetooth to a PC,



4.3. Multi-sensor System 121

Figure 4.2: Screenshot of the acquisition software GUI implemented in MATLAB.

on which a specific software, developed using the MATLAB framework, collects
and elaborates the streamed data. A screenshot of the acquisition software GUI is
shown in Figure 4.2. It can be noticed that, beside the raw data from the IMUs,
the 3-dimensional orientation of each node is also computed using the Magdwick
algorithm [27].

4.3.2 Gait Characterization

After the acquisition procedure, the collected signals are processed and different pa-
rameters for the characterization of gait are computed. The first step of the feature ex-
traction routine consists in segmenting gait in its fundamental phases by detecting the
HS and TO instants for each leg. Three distinct algorithms have been implemented to
this end: (i) the same method based on trunk accelerometry described in Chapter 2 for
GA in PD patients; (ii) the algorithm proposed by Sabatini et al. in [61], which relies
on gyroscope signals recorded with the sensors on the feet; (iii) the method based on
the shanks’ angular rate described by Aminian et al. in [59]. The latter has been se-
lected in the final prototype due to its simplicity, reliability, and accuracy. Similarly,
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for the estimation of the spatial parameters, various well-known algorithms, based
on different combinations of sensors have been implemented and tested. We selected
the method proposed in [55] (used also for step lengths computation in the system
for GA in PD patients, as described in Section 2.4.1). Finally, the inclination in the
sagittal, transverse, and frontal planes of the body segments on which the sensing
nodes are positions has been calculated.

4.3.3 Results

Due to the preliminary nature of the prototype, we only conducted tests on control
subjects and with limited ground truth references (video recording of the sessions and
measurement of the traveled distance). In any case, the comparison between temporal
features extracted by the proposed system and the manual segmentation of video
recordings has shown an accuracy level consistent with the one reached by Aminian
et al. in the original algorithm implementation. Also the error in spatial parameters
(step/stride lengths/velocities) compared favorably with the results presented in the
original literature. The kinematic parameters have been only validated by comparing
the obtained measures with the usual ranges of motion/rotation of the considered
body segments in healthy subjects. The result of the feature extraction procedure is
a report, exportable in pdf and html formats, which summarize through a dashboard
interface the motor performance achieved by the subject during the walking task.
Screenshots of the result GUI are shown in Figure 4.3.

Although the achieved preliminary results were promising, the multi-sensor sys-
tem was not further developed because of its complexity, which would have made it
impractical for an actual use in clinical environments. For this reason, we focused on
the single sensor solution described in the following.

4.4 Single-sensor System

A solution based on a single sensor has several advantages compared to one rely-
ing on multiple nodes: it is more practical, easy-to-use, and comfortable to wear
for patients; it requires less set-up time and less data processing; it is suitable for
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(a)

(b)
Figure 4.3: Screenshots of the GUI for the visualization of the GA results: (a) the summary of the
spatio-temporal parameters; (b) the plots showing the inclinations of various body segments

applications in unconstrained environments, such as patients’ home during daily liv-
ing activities. On the other hand, the main drawbacks are: the loss of details (some
features, such as the inclination of the body segments, cannot be computed) and ac-
curacy (the system is more sensitive to noise and errors); an higher complexity of the
algorithms used for features extraction (the relation between the raw signals and the
parameters of interest is less intuitive). However, we believe that the positive aspects
of a single-sensor system are more attractive than its limitations, motivating further
investigations in this direction.
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Figure 4.4: The considered acquisition testbed formed by a single wearable IMU, positioned in cor-
respondence to the third lumbar vertebra—the alignment between sensor’s axes and body reference
system is also shown.

4.4.1 Experimental Set-up

Hardware

As for the multi-sensor configuration, the IMU used in single-node BSN is a Shimmer
3 device. The position of the sensor on the patient’s body and the alignment between
sensor’s axes and body reference system are shown in Figure 4.4. For validation pur-
poses, data from a multi-factorial mo-cap system (ELITE 2002, BTS Bioengineer-
ing, Italy, http://www.btsbioengineering.com/) are collected simultane-
ously to the inertial measures. The mocap system is formed by: 8 cameras, operating
at 100 Hz, which are able to estimate the 3D position of reflective markers attached
to a subject’s body with a maximum error of 3 mm; and 2 force plates for the mea-
surement of GRFs.

http://www.btsbioengineering.com/
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Subjects and acquisition procedure

The set of subjects considered in this study consists of 5 post-stroke patients with
hemiparesis and 3 healthy controls. Although the selected hemiparetic individuals
present different gait impairment levels, all of them were able to walk without assis-
tive devices. The characteristics of both the test groups are detailed in Table 4.1.

Trial acquisitions have been carried out in a clinical GA laboratory at the “Mag-
giore della Carità” University Hospital, Novara (Italy). The IMU is fixed with a
Velcro-strap belt in correspondence to the third lumbar vertebra (L3), as shown in
Figure 4.4, trying to align the positive x, y, and z axes of the node’s coordinate ref-
erence system to the left, upward, and forward directions, respectively. During tests,
all subject are also equipped with 17 reflective markers placed on the lower limbs,
in order to allow the optoelectronic mo-cap system to collect data for the validation
procedure. Once the inertial sensor and the reflective markers are correctly placed on
the subject’s body, the actual acquisition procedure begins. In each trial, the subject,
initially standing in a rest position, is asked by the examiner to start walking at a
comfortable and self-selected speed and to stop just before the end of the walkway,
whose length is approximately equal to 10 m. Multiple trials have been acquired for
all subjects (except one), collecting a total of 16 trials (10 for hemiparetic and 6 for
healthy individuals, respectively).

4.4.2 Gait Characterization

Temporal Parameters Estimation

In order to obtain the complete segmentation of gait phases, the accurate detection
of the Heel Strike (HS) (i.e., the instant at which the foot touches the ground) and
the Toe-off (TO) (i.e., the instant at which the foot leaves the ground) instants for
both legs is required. We remark that, for hemiparetic gait, HS and TO events should
be more generally intended as initial and terminal foot contacts, respectively, since
the part of the foot in contact with the ground at the beginning and the end of a
stance phase may differ from the heel and the toe. The HS/TO notation is main-
tained for consistency with classical GA literature and with the notation used in the
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Table 4.1: Subjects characteristics.

Sex Age Height Hemiparetic Side # of trials
Patient1 F 40 1.69 Left 1
Patient2 M 66 1.73 Right 2
Patient3 M 49 1.67 Left 2
Patient4 M 58 1.68 Left 2
Patient5 F 65 1.58 Right 3
(Mean±std) 55.6±11.05 1.67±0.05 - -

Control1 M 28 1.81 - 2
Control2 M 27 1.78 - 2
Control3 M 42 1.74 - 2
(Mean±std) 32.3±8.38 1.77±0.03 - -

previous chapters. Hemiparetic gait patterns are usually highly asymmetric and ex-
hibit large variability across subjects, since post-stroke patients use different strate-
gies to achieve the goal of walking[112, 134]. For these reasons, the detection of the
aforementioned events in hemiparetic GA is non-trivial and classical stride segmen-
tation algorithms based on trunk-mounted IMU-sensors do not perform properly. The
novel proposed approach aims at overcoming the limitations of the existing methods,
providing accurate and robust estimation of temporal gait parameters for both hemi-
paretic and normal gaits. The steps of the new implemented algorithm are detailed in
the following.

First of all, the 3-dimensional orientation of the sensor in the Earth frame is com-
puted through the Madgwick’s orientation filter [27] and a gravity compensation pro-
cedure is applied, thus obtaining the linear accelerations in both Earth and sensor co-
ordinate frames. The resulting signals are initially analyzed in the frequency domain
in order to extract some meaningful information related to the overall motor charac-
teristics of the whole gait trial. In particular, the linear accelerations components, with
reference to the sensor frame, in the vertical and frontal directions, denoted as ay and
az, respectively, are considered. The medio-lateral component ax has been ignored
because the experimental results have shown that it is not significantly related to the
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actual gait performance of the tested subjects. These signals are preliminary low-pass
filtered with a fourth-order zero-lag Butterworth filter with bandwidth equal to 8 Hz
and properly processed in order to exclude initial and final acceleration/deceleration
phases, which may introduce additional noise. The DFTs of the collected signals are
computed using a FFT algorithm. For the signal ay, with length in sample equal to N,
the k-th component of the spectrum Xay = {Xay(k)}N−1

k=0 can be computed as follows:

Xay(k) =
N−1

∑
n=0

ay(n)e− jk 2π

N n k = 0, ...,N−1.

The corresponding amplitude spectrum, denoted as Xampl,ay , is:

Xampl,ay = |Xay |.

where | · | represents the magnitude of a complex number.
In the same way, the spectrum of the frontal accelerations (Xaz = {Xaz(k)}N−1

k=0 )
and its amplitude spectrum Xampl,az = {|Xaz(k)|}N−1

k=0 can be computed.
Illustrative amplitude spectra are shown in Figure 4.5 for both a healthy (con-

trol) subject and a post-stroke (hemiparetic) patient. It can be observed that, for
hemiparetic individuals, the amplitude spectra are scattered across all the frequencies
lower than 4 Hz, with two dominant peaks in correspondence to the stride ( fstride) and
the step ( fstep) frequencies, respectively. In the healthy subject case, instead, most of
the spectra are concentrated around a single main peak, corresponding to the step
frequency fstep—the stride frequency is “hidden”, owing to the good gait symme-
try. In the post-stroke patient case, the low regularity of the walking patterns causes
noisier and sparser spectra, whereas the asymmetry between paretic and non-paretic
side steps leads to have two dominant periods, coinciding with step and stride cycles,
respectively. In the healthy subject case, instead, the dominant periodicity coincides
with the step cycle, since the regularity and the symmetry between right and left steps
is very high.

As observed in Section 2.4.2 for the PD case, the gait’s spectral characteristics
can be translated into an intuitive feature, denoted as spectrum power P, representa-
tive of the “power” associated with a gait trial: the more symmetric and regular the
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Figure 4.5: Amplitude spectra corresponding to the acceleration components ay and az for both a post-
stroke patient and a healthy subject. The step/stride frequencies are highlighted.

walking pattern, the “more powerful” the movement. For the signal ay (acceleration
in the vertical direction), the corresponding spectrum power Pay can be computed as
follows:

Pay ,
1
N

N−1

∑
k=0

(Xampl,ay(k))
2.

Similarly, the spectrum power of the frontal acceleration az, denoted as Paz , can be
computed. Finally, we introduce the overall power Psum, defined as: =

Psum = Pay +Paz .

which takes into account the powers of frontal and the vertical components, i.e., it
captures the “overall” gait power. This intuitive “feature” will be used in the next
steps of the algorithm for the calibration of subject-dependent constants.

In many existing IMU-based algorithms for GA, the first phase consists in identi-
fying, usually with peak detection the accelerometer and/or gyroscope signals, a first
approximate region in correspondence to a TO or HS instant. Then, the search pro-
cedure is refined using smaller search intervals for accurate estimation of HSs and
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TOs [59, 55]. In hemiparetic gait, the asymmetry, low cadence, and high variability
across steps and subjects make even approximate step identification non-trivial.

The new method for step detection proposed in this work is based on a Simple
Moving Average (SMA) with a dynamic and “power”-dependent window size. Ini-
tially, the Euclidean norm of the linear acceleration, denoted as anorm, is computed as
follows:

anorm(k) = ‖a(k)‖=
√

a2
x(k)+a2

y(k)+a2
z(k) k = 0, ...,N−1.

The SMA is then calculated on the anorm signal, considering a window with size (in
terms of number of samples) M, which is automatically selected and dynamically
updated per subject. In particular, the signal aSMA is obtained using the following
SMA:

aSMA(k) =

 1
M ∑

M−1
m=0 ‖a(k−m)‖ k > M

1
k ∑

k−1
m=0‖a(k−m)‖ 1≤ k < M

(4.1)

The SMA window size M is chosen subject-dependent in order to guarantee the
adaptation of the algorithm to different walking patterns. For healthy subjects, a small
window size is needed for detecting the sudden changes in the acceleration values due
to high step cadence and signal magnitude. At the opposite, for increasing gait impair-
ments levels, the window size M should be larger to consider, as a single movement,
the weak and irregular accelerations involved in the paretic-side leg progression. To
make the selection of the value of M automatic, we intuitively set the SMA window
size as follows:

M =

⌊
Pref

Psum
·Mref

⌋
(4.2)

where Pref is a reference spectrum power value (corresponding to the average value
of Psum for healthy subjects) and Mref is the window size used for healthy individuals.
On the basis of the experimental trials, a value Mref = 12 (corresponding to 12

102.4 Hz
∼=

120 ms) has been selected.
The signal aSMA calculated with the proper window size is further processed in

order to have zero mean and removing the high-frequency oscillations (low-pass fil-
tering it with a fourth-order zero-lag Butterworth filter with cut-off frequency of 8
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Figure 4.6: Normalized aSMA of a hemiparetic patient for the step detection procedure. The signal
portions above T ha, highlighted in green, identify candidate step phases. For each of them, the first and
the last samples above the threshold are marked as ts and te, respectively. Candidate step phases with
duration greater than Dmin are considered as valid steps.

Hz). The resulting (normalized) aSMA signal is shown in Figure 4.6. When it is above
a given threshold T ha, empirically set equal to 0.05 m/s2, a candidate step phase is
identified. The starting and ending instants of the Nstep detected step phases, denoted
as ts = {ts(i)}

Nstep
i=1 and te = {te(i)}

Nstep
i=1 , are set in correspondence to the first and the

last samples above T ha, respectively. The identified intervals with duration longer
than Dmin = 0.3 s are considered as valid step phases; otherwise, they are discarded.

The next step of the algorithm consists in performing an accurate search of the
HS and the TO instants inside the interval [ts(i), te(i)] defined for the i-th step phase
(i ∈ {1, . . . ,Nstep}). In particular, the i-th HS is set in correspondence to a local max-
imum in the frontal acceleration az, within the interval [ts(i)−0.05 s, ts(i)+0.05 s].
The intuition behind this assumption is the fact that aSMA, being the result of the
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Figure 4.7: For each step phase detected through aSMA, a refined searching of HS and TO events is
performed. In the frontal acceleration az, HSs and TOs are searched in proximity of ts and tp instants,
respectively. The identified events are then labeled as right and left considering the information provided
by the medio-lateral acceleration ax.

SMA defined in (4.1), has local maxima shifted ahead by M samples with respect to
az. When the magnitude of aSMA starts increasing, it means that the Euclidean norm
of the acceleration signal has increased in the window of the previous M samples,
because the body is accelerating forward and upward. After reaching a local maxi-
mum, denoted as tp(i), the magnitude of aSMA starts decreasing, because the body has
already entered the stationary phase of the gait (double support) and the acceleration
components have reached local minima (just before the TO instant). This observation
motivates the search of the exact TO instant in the region around tp(i). More pre-
cisely, TOs are searched in az and within the interval [tp(i)− 0.02 s, tp(i)+ 0.08 s].
The identified fundamental instants are then labeled as right/left HSs and TOs con-
sidering the slope m of the line passing through the projection of each consecutive
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(HS(i),TO(i)) pair in the medio-lateral acceleration ax. If m < 0, then a left gait cy-
cle is starting, so that HS(i) is labeled as a left HS (HSL(i)) and the contra-lateral
TO(i) as a right TO (TOR(i)); if m > 0, the instants are inversely labeled as HSR(i)
and TOL(i). Once all the HS and TO instants have been identified, the gait parame-
ters defined in Section 1.3.2, namely GCTR/L, STR/L, SWR/L, IDS, T DS, DS, and the
step cadence Cstep can be computed.

Spatial Parameters Estimation

Most of the scientific works which deal with IMU-based hemiparetic GA focus on
the estimation of temporal features or provide simple and approximative spatial pa-
rameters information, e.g., by dividing the traveled distance by the total walking
time [135, 123]. Accurate estimation of spatial parameters for hemiparetic gait, in-
deed, is a challenging task due to the asymmetric, irregular, and inconsistent walking
patterns, especially when a single sensor mounted on the trunk is used.

Since double integration of acceleration is not a suitable solution, because of
drift and measurement noise, we start considering two well known algorithms for
step length estimation in symmetric gait with a single sensor attached on the trunk,
which relate the vertical displacement/acceleration of the subject’s Center Of Mass
(COM) to the forward distance traversed at each step: (i) the “inverted pendulum
model” method, described by Zijlstra et al. in [55]; and (ii) the Weinberg algorithm
presented in [136].

As anticipated in Section 2.4.1, for each step cycle, the Zijlstra method relates the
vertical displacement h of the COM (approximated, for simplicity, with the move-
ment of the sensor placed on the lower trunk) to the step length, denoted as StepL,
according to the following equation:

StepLz = Kz

√
2`h−h2 (4.3)

where ` is the subject leg’s length (dimension: [m]) and Kz is an empirically calibrated
constant (adimensional). The displacement h can be obtained by double integrating
and properly high-pass filtering the linear vertical acceleration ay on the limited time
interval of a step cycle.
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The Weinberg algorithm, on the other hand, is based on a similar intuition and
empirically relates the trunk vertical acceleration with the step length according to
the following equation:

StepLw = Kw
4
√

aM−am (4.4)

where aM and am are the maximum and the minimum values of the low-pass filtered
vertical acceleration ay and Kw (dimension: [ 4

√
m3 ·
√

s]) is another subject-dependent
constant expedient for calibration and unit conversion purposes. It can be observed
that both Zijlstra and Weinberg algorithms need a manual calibration step (through Kz

and Kw, respectively) to fit the peculiar characteristics of the testing subject in order
to correctly estimate the spatial parameters. Moreover, both of them assume gait to be
symmetric: this is not the case in hemiparetic patients, so that these algorithms cannot
be used. We thus propose modified versions of Zijlstra and Weinberg algorithms,
which consider the typical characteristics of hemiparetic gait, i.e., asymmetry and
irregularity, and automatically set the calibration constants in order to deal with the
inter-patient variability.

In order to better characterize the individual condition of each patient and set up a
consistent calibration constant for spatial parameters’ estimation, in both the modified
algorithms, the “power” P, introduced in Subsection 4.4.2, is considered as a concise
parameter representative of the patient’s walking impairment level. This value, to-
gether with the leg length `, allows to tune Zijlstra and Weinberg algorithms without
the need of a manual and time-consuming calibration step. In particular, the Zijlstra
formula is modified as follows, distinguishing between steps of the hemiparetic and
the normal side, denoted as StepLz,hem and StepLz,nor, respectively:

StepLz,hem = Kz,hem

√
2`hhem−h2

hem (4.5)

StepLz,nor = Kz,nor

√
2`hnor−h2

nor (4.6)

where: Kz,hem and hhem are the calibration constant and the vertical displacement for
paretic side steps, respectively; Kz,nor and hnor are the same parameters for the non-
paretic side steps. The following simple linear models are used to map the values of
Psum into the calibration constants introduced in (4.5) and (4.6):
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Kz,hem = αhem ·
Pref

Psum
+βhem (4.7)

Kz,nor = αnor ·
Pref

Psum
+βnor (4.8)

where: the ratio between reference and subject’s spectrum powers is the same defined
in (4.2); and the linear models’ coefficients ({αhem, βhem} and {αnor, βnor} for paretic
and non-paretic sides, respectively) are empirically defined in a preliminary tuning
phase (according to the experimental evidences) and remain fixed across all subjects.
The choice behind these values is motivated by the intuition that the relationship be-
tween COM vertical and horizontal displacements, considering a step of the affected
side, is weakened by the hemiparetic patients’ tendency to rise the paretic-side hip
during the swing phase, as a consequence of a compensatory movement needed to
complete the forward progression[112]. This behavior introduces “noisy” COM ver-
tical movements. Using a lower value of Kz for the paretic side allows to reduce this
phenomenon and to estimate more precisely, the step lengths of both sides.

For what concerns the extended version of the Weinberg algorithm, the only
modification concerns the subject-dependent calibration constant, denoted as Kw,mod,
which is automatically calculated with the following two-variable linear model, con-
sidering both Psum and the leg length `:

Kw,mod = αw,P ·
Pref

Psum
+αw,` · `+βw (4.9)

where the model coefficients {αw,P,αw,`,βw}, as for (4.7) and (4.8) cases, are em-
pirically defined (just once) to achieve the best fit with the actual step lengths across
different individuals. Once all the step lengths have been computed with the proposed
modified Zijlstra and Weinberg algorithms, stride lengths (StrideLR/L) and velocities
(StrideVR/L) can be easily calculated.

4.4.3 Results

The performance evaluation of the prosed algorithms is carried out comparing the gait
spatio-temporal parameters, calculated through the reference optoelectronic system,
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Table 4.2: Temporal parameters estimation results.

Post Stroke patients Healthy Subjects
Feature [dimension] Mean±Std RMSE R Mean±Std RMSE R
Psum [adim.] 2352±717 - - 3858±278 - -
M [samples] 22.8±6.47 - - 15.5±3.44 - -
GCTR [s] 1.45±0.11 0.03 0.97 1.27±0.19 0.02 0.99
GCTL [s] 1.47±0.13 0.04 0.96 1.30±0.21 0.02 1.00
STR [% of GCT] 69.3±7.2 2.60 0.97 63.2±1.6 2.02 0.99
STL [% of GCT] 67.8±6.7 2.89 0.94 64.1±2.4 1.91 0.99
SWR [% of GCT] 30.7±7.2 2.60 0.94 36.8±1.6 2.02 0.90
SWL [% of GCT] 32.2±6.7 2.89 0.92 35.9±2.4 1.91 0.93
IDS [% of GCT] 18.9±3.5 4.02 0.57 13.1±1.5 1.25 0.92
T DS [% of GCT] 18.5±3.5 3.74 0.64 14.9±3.1 1.97 0.94
DS [% of GCT] 37.4±4.4 4.01 0.80 28.2±4.2 2.48 0.96
Cstep [steps/min] 82.1±5.6 1.02 0.99 98.3±11.8 0.63 1.00

with those estimated by the IMU-based approaches. The Root Mean Square Error
(RMSE) and the Pearson’s correlation coefficient, denoted as R, between the features
measured with the two methods are considered as performance metrics.

In Table 4.2, the main results, in terms of temporal parameters’ estimation, ob-
tained with the proposed algorithm are shown. In the first two rows, the average val-
ues of the main parameters used in the initial step detection procedure, namely Psum

and the SMA window size M, are shown, for both post-stroke and healthy subjects. Is
it possible to observe that the average Psum in healthy subjects is considerably higher
than in hemiparetic patients, highlighting the effectiveness of this concise parameter
in representing the overall level of gait impairments. The temporal parameter val-
ues (mean±standard deviation), estimated using the power-dependent SMA window
size, are shown in the lower part of Table 4.2, together with the performance met-
rics RMSE and R. As expected, the estimated hemiparetic gait characteristics reflect
irregular and asymmetric walking patterns, according to the clinical observations.
Post-stroke subjects, indeed, show higher GCT , ST , and DS values and significantly
lower step cadence than controls. Moreover, single patient analyses, which are not
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Table 4.3: Spatial parameters estimation results.

Post Stroke patients Healthy Subjects
Feature [dimension] Mean±Std RMSE R Mean±Std RMSE R
Kz,hem 0.66±0.08 - - - - -
Kz,nor 0.87±0.12 - - - - -
Kw,mod 0.25±0.04 - - 0.47±0.04 - -
StepLz,R [m] 0.32±0.08 0.03 0.92 - - -
StepLz,L [m] 0.35±0.08 0.03 0.93 - - -
StepLw,R [m] 0.33±0.09 0.04 0.89 0.69±0.07 0.05 0.81
StepLw,L [m] 0.34±0.08 0.04 0.91 0.70±0.06 0.06 0.82
StrideVz,R [m/s] 0.45±0.12 0.03 0.97 - - -
StrideVz,L [m/s] 0.43±0.10 0.03 0.95 - - -
StrideVw,R [m/s] 0.46±0.13 0.03 0.97 1.12±0.22 0.08 0.98
StrideVw,L [m/s] 0.43±0.11 0.03 0.95 1.06±0.22 0.07 0.98

shown here, highlight a consistent increasing in the non-paretic limb ST feature, as
a consequence of the gait asymmetry [112]. Comparing the performance of the pro-
posed system with that of the BTS mo-cap system, the RMSE ranges between 20 ms
and 40 ms for the GCT , from 1.25% to 4.02% of the GCT for stride phase param-
eters, and it is approximately equal to 1 step/min for the step cadence feature. The
correlation coefficient between reference and estimated features’ values is very high
(R > 0.90) for all the parameters, except those of post-stroke patients’ double support
phases (namely, IDS, T DS, and DS), which range from 0.5 to 0.8.

For what concerns the spatial parameters, we first present the coefficients’ values
of the linear models used for the calibration constants’ automatic computation, as de-
scribed in Subsection 4.4.2. For the modified Zijlstra algorithm, the values of Kz,hem

in (4.7) are obtained with αhem = −0.04 and βhem = 0.75, whereas Kz,nor in (4.8) is
computed using αnor = −0.085 and βnor = 1.03. The two-variable linear regression
model (4.9) used for computing Kw,mod in both post-stroke and healthy subjects uses
the following coefficients: αw,P = 0.006, αw,` = 2.31, and βw =−1.85. In the first two
rows of Table 4.3, the average values of the proposed step length estimators’ calibra-
tion constants are shown. In the remaining rows of Table 4.3, step length and stride
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velocity values, computed using the modified versions of both Zijlstra and Weinberg
algorithms, are shown. As reported by several clinic studies [134], step/stride length
and velocity are crucial features to assess the walking ability level of post-stroke in-
dividuals. It can be observed, in fact, that the average value of all the hemiparetic
features is approximately doubled in healthy subjects. For post-stroke patients, the
RMSEs of StepL and StrideV are around 3 cm and 3 cm/s, respectively, considering
both the modified Zijlstra and Weinberg algorithms. For the healthy group of subjects,
the asymmetric version of Zijlstra step length estimator is not applicable, since their
gait patterns are symmetric, whereas the StepL and StrideV RMSEs obtained using
the modified Weinberg method are approximately equal to 5 cm and 7 cm/s, respec-
tively. As for the temporal parameters, the correlation coefficient values is very high
(R ≥ 0.89) for all the spatial features of both groups, except for the StepLw,R/L val-
ues of healthy subjects, for which the correlation coefficient is slightly lower (around
0.82).

The high correlation between reference and estimated spatio-temporal parame-
ters is clearly shown in Figure 4.8. Most of the points, whose (x,y) coordinates are
the values measured by the optoelectronic and the IMU-based systems, respectively,
are located near the dotted diagonal line, which represents the ideal case with per-
fect correlation. As previously remarked, DS for post-stroke patients and StepLw for
healthy subjects are the parameters which show the lowest correlations with the cor-
responding reference values. This is due to the fact that, in hemiparetic individuals
the detection of the actual TO instants can be missed in some cases, anticipating or
delaying it of a few tens of milliseconds. At the opposite, for the healthy subjects the
regression model for the computation of Kw is slightly polarized toward the correct
estimation of step lengths in the hemiparetic case, reducing the accuracy for normal
walking subjects.

Finally, an overall view on the accuracy achieved by the proposed methods is
given in Figure 4.9, visualizing with box plots the characteristics (median, quartiles
and extreme values) of the most relevant estimated spatio-temporal parameters and
comparing them with the features extracted from the reference mo-cap system – both
post-stroke and healthy subjects’ values are included in the computation of each box
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plot. Once again, it can be observed that the similarity between reference and es-
timated values is very high, with a slight decreasing in accuracy only for DS ans
StepLw features.

The obtained results in both temporal and spatial parameters extraction are con-
sistent with other works in the literature focused on hemiparetic GA of post-stroke
patients [135, 123]. Moreover, the achieved accuracy compares favorably with other
general-purpose IMU-based GA algorithms, for both pathological and normal walk-
ing assessment [59, 55].

4.5 Conclusion

In this chapter, we proposed two inertial BSN methods for quantitative GA in post-
stroke patients. The first preliminary solution, based on a multi-sensor BSN, has been
implemented. It is capable to provide accurate and detailed information for the char-
acterization of gait but, due to its complexity and low practicality, its development
has been interrupted. The second approach, based on a single wearable IMU placed
on the lower trunk, has led to the implementation of a low-cost system for accu-
rate estimation of gait spatio-temporal parameters, suitable for both post-stroke and
healthy subjects. In this context, a novel algorithm for temporal parameter compu-
tation, which relies on automatically set subject-dependent calibration constants to
overcome the inter-individual variability, has been implemented. Similarly, two vari-
ations of well-known step length estimation algorithms have been proposed, in order
to deal with the asymmetry and irregularity typical of hemiparetic gait. The compar-
ison between estimated parameters and gait features extracted through a reference
mo-cap system has shown a very good overall accuracy (with correlation coefficient
R > 0.9 for almost all the considered features) of the proposed methods for both
hemiparetic patients and controls. The results obtained for the single-sensor version
are promising and the low-complexity of the proposed approach makes it a suitable
solution for achieving inexpensive quantitative characterization of both healthy and
hemiparetic gait. This system could be useful both in clinics, helping physicians to
obtain a more objective and accurate assessment of patients’ impairment levels, and
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in free living environments, enabling a long-term monitoring of their motor capabili-
ties during every-day life. In both cases, the proposed approach represents a valuable
solution for providing more detailed and up-to-date information to the medical per-
sonnel, thus, enhancing the effectiveness of rehabilitation strategies.

4.5.1 Future Work

Undoubtedly, the results presented so far are still preliminary and further investiga-
tions are needed to confirm their robustness and validity. Performing additional test
on a larger and more heterogeneous set of subjects would led to more meaningful re-
sults from a statistical point of view. Additionally, investigating the possibility to link
kinematic features to clinical evaluation scales, in a way similar to the one described
in Chapter 2 and Chapter 3 for the PD case, with the aim to implement, through
machine learning techniques, a system for the automatic evaluation of motor perfor-
mance, would add more value to the proposed approach. For example, clinical rating
scales, such as the Functional Ambulation Category (FAC) the Gait Deviation Index
(GDI), or the Wisconsin Gait Scale (WGS), used for the assessment of pos-stroke
patients motor/gait capabilities, might be taken into account for the development of
an automatic classifier of gait performance. Finally, future works will also investi-
gate the possibility to implement the proposed methods on commercially available
devices, such as wearables and smartphones.
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