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Abstract

In recent years, ICT and IOT devices have been employed to monitor and assist
with patients’ rehabilitation, as well as to analyze their conditions and create and
update individualized care plans. Additionally, they promote continuity of care by
allowing a patient to continue receiving supervision from a multidisciplinary team
even after being released from the hospital. Virtual reality and exergames are fur-
ther ICT-enabled technologies that have shown strong potential in the treatment
of cognitive and motor impairments.

The implementation of the ReMoVES telerehabilitation platform in different sit-
uations is the focus of the current thesis. In order to extract the key features and
examine the statistical significance between the patient and healthy groups, the
main contribution of the research activity is to offer a method for evaluating a
subject’s rehabilitation efforts while giving special attention to the pre-processing
of the multidimensional signals obtained during rehabilitation sessions.

In addition, there will be a proposal, description, and application of a systematic
protocol for signal processing and data analysis for specific clinical scenarios.
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Chapter 1

Introduction

Thanks to the impressive development of the last few decades in Information and
Communication Technologies (ICT), including Electronics, Telecommunications,
and Signal Processing, the Internet of Medical Things (IoMT) is starting to repre-
sent a preferred solution with the goal of supporting rehabilitation in a continuous
and safe way, guaranteeing both social distancing and the reduction of travel to
the rehabilitation site. Connected devices are used for assessing patients’ condi-
tions, monitoring and supporting rehabilitation, so that a personalized plan of care
can be defined and kept updated. This also fosters continuity of care, enabling a
patient to be supervised by a multidisciplinary team even after dehospitalization.
Furthermore, the collection of data and information on patient activity during the
prescribed exercise is a required feature to allow the therapist to understand the
patient’s behavior, and eventually correct wrong attitudes such as compensation
movements.

In such a framework, the present thesis concerns the application of the Re-
MoVES (Remote Monitoring Validation Engineering System) telerehabilitation
platform on different scenarios. ReMoVES was developed by the Department of
Naval, Electrical, Electronics and Telecommunications Engineering (DITEN) of
Università degli Studi di Genova, and as IoMT system provides a set of services
to support motor and cognitive maintenance and recovery through exergames and
digital versions of standard rehabilitation tests, carried out via Microsoft Kinect,
Leap Motion, and touchscreen. The primary contribution of the research activity is
to provide an approach to assess a subject’s rehabilitation efforts while paying par-
ticular consideration to the pre-processing of the multidimensional signals acquired
during telerehabilitation sessions. On a technical level, the different methodolo-
gies found in the literature were examined, and an explicit procedure was defined
for their application to specific clinical contexts. This work paves the way for a
clinical in-hospital and in-home strategy to monitor patients, helping the clinical
staff in the management and treatment of various pathologies and in the study of
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new protocols and personalized treatment plans.
The aims of the present work are:

� the employment of the telerehabilitation system ReMoVES for the intelligent
remote monitoring of patients;

� the application of data analysis and signal processing techniques for perfor-
mance evaluation during rehabilitation activities;

� the extraction of the main features and the study of statistical significance;

� the creation of specific treatment protocols based on ReMoVES.

In Chapter 2, the State of the Art revision in discussed. In particular, the
technologies and approaches applied in the telerehabilitation context are disclosed,
along with the different pathologies in which ReMoVES has been applied. Chapter
3 introduces the ReMoVES platform, describing its hardware and software archi-
tectures and the exergames present. Then, Chapter 4 introduces the data and
signal processing methods used in the various scenarios investigated. Results are
discussed in Chapter 5 and to conclude, Chapter 6 offers some concluding remarks
and discussions on the work’s future development.



Chapter 2

State of the Art

The ongoing digital transformation in our society has significant impact on several
technological aspects, such that the term Fourth Industrial Revolution has been
used for a few years. As another revolution [1], Internet of Things (IoT) solutions
are becoming increasingly relevant, and their use is consistently growing in several
application domains. Regarding healthcare, the IoT market size was valued at
USD 252.1 billion in 2022 [2], and is expected to reach USD 861.3 billion by 2030,
expanding at a compound annual growth rate (CAGR) of 16.8% from 2023 to 2030
[3]. All this is due to growing investments in digital technology implementation
at healthcare institutions that address the need for the care of a growing geriatric
population [4] coupled with the rising prevalence of chronic conditions [5].

In addition, the outbreak of Covid-19 has had strong impact on the health
system, which had to adapt itself to various needs such as guaranteeing access
to care for patients in forced quarantine or in solitary confinement, and meeting
the needs for social distancing and reduction in access to healthcare facilities.
Medical IoT solutions are an essential tool for responding to patient care needs
under safe conditions. Hence, applications such as telemedicine, remote patient
monitoring, and interactive medicine have a precise and crucial position in the
fight against the coronavirus, such that several nations officially recommended
their use [6, 7]. The key benefit of the IoT in the medical domain is connected
technology. Devices are used for assessing patients’ conditions, and monitoring
and supporting rehabilitation, so that a personalized plan of care can be defined
and kept updated. This also fosters continuity of care, enabling a patient to be
supervised by a multidisciplinary team even after dehospitalization. The most
ubiquitous of such devices are wearable or robotic devices, for instance, smart
bands for data collection related to some physical activity [8] or other wearables
for motion analysis, which can be devoted to specific body-part rehabilitation (e.g.,
shoulders [9] and knees [10]).

Even though a deep interest in such devices is manifested in the healthcare
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context, wearables, robotic devices, and devices based on smartphone interaction
are not very suitable for the elderly population or for dehospitalized and disabled
patients. Indeed, to fully exploit the potential of an IoT solution, patients should
be able to deal with it autonomously; however, the presence of wearable devices or
controllers means that some external support may be needed for such activities.

Even though acceptability towards such solutions is continuously increasing, it
is still rare that such technologies are guaranteed and covered by national health
services. For instance, only recently the Conferenza Stato Regioni approved the
new National Indications for the provision of telemedicine and telerehabilitation
services [11, 12] in Italy. In particular, these documents provide the indications
to be adopted at a national level for the provision of certain telemedicine and
telerehabilitation services by healthcare professions. Furthermore, for the latter,
the areas of applications and the advantages that it can offer are also provided,
i.e., guaranteeing continuity of the rehabilitation process; improve the rehabilita-
tion intervention, adapting it to the patient’s needs and preferences; increase the
efficiency of home rehabilitation services; encourage self-monitoring and health ed-
ucation activities. Lastly, among the ICT-enabled technologies approved by the
guidelines, there are also virtual reality and serious games.

2.1 Exergames in the field of rehabilitation

The term exergame refers to videogames that impart physical exercise/support
rehabilitation practice (in the context of their clinical application) in which the
repetitive and task-oriented components of rehabilitation activities are reformu-
lated in terms of videogame tasks. In recent times, exergames have gained great
popularity and demonstrated scientific reliability, thus going beyond their original
goal of mere entertainment. The exergames can also be considered as a Virtual
Reality (VR) tool, which can be a safe instrument to access activities otherwise not
accessible to people with cognitive and motor disabilities in everyday life contexts.
Furthermore, gamification [13] determines a motivating and engaging environment
in order to contrast boredom and fatigue in patients, and thus fostering the con-
tinuity of care.

Even though the role of traditional therapy and clinicians is irreplaceable, ex-
ergames have demonstrated their utility for both cognitive and motor rehabilita-
tion, as they exert beneficial effects on attention, visuo-spatial function, executive
control, strategic planning, and processing speed [14, 15]. By developing game-
based rehabilitation tools that are tailored to the therapy goals of different patient
categories, it is possible to provide the clinician with more meaningful performance
data [16]. Several studies reported the efficacy in maintenance and improvement
balance and mobility function in the elderly population [17,18] and in post-stroke
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rehabilitation [19–21]. Some solutions providing exergames for entertainment have
been utilized for rehabilitative purposes, also in the context of Multiple Sclerosis
patients [22, 23] or for Parkinson disease [24], and with particular emphasis on
physical activity [25,26].

Since 2011, a fundamental role has been assumed by the Microsoft Kinect
device [27–29]: it is based on an inexpensive depth sensing camera technology that
provides marker-less motion sensing on a conventional PC and allows the spatial
tracking of a human body. Microsoft Kinect is a satisfactory tool for rehabilitation
due to its low cost and adequate accuracy [30, 31]. Studies have focused in more
detail on post-stroke recovery [32,33], Parkinson assessment [24,34] or orthopedic
rehabilitation [35]. The exergames based on Microsoft Kinect have a significant
field of application in assistive technologies for the elderly, such as for fall risk
reduction [36], to improve physical performances, and reverse the deterioration
process in frail and pre-frail elder people. Despite the deep research interest in
this field, publications that provide the raw data acquired during the execution
of exergames were not found. The substantial lack of available data limits the
development of assistive computing technologies based on exergames, affecting
both the technical aspect and the scientific innovation of the results. In particular,
the possibility to compare body tracking methodology with data transfer solution,
and data-log format is hampered from the data. Furthermore, in recent years, the
use of big data processing algorithms is precluded by the impossibility of accessing
the data collected in numerous studies proposed by other researchers.

2.2 Signal processing for motion evaluation

In experimental analyzes of a given phenomenon, measurement tools are gener-
ally used to obtain interpretable information through appropriate evaluation and
manipulations [37]. Signal processing consists of a set of methodologies and pro-
cedures used to extract from the analog signal all the information necessary for
the physical interpretation of the problem studied. It starts with the acquisition
of the signal, passes through the analysis and manipulation of it to extract the
information of interest, and to conclude with the interpretation of the data ob-
tained. This allows to describe in a synthetic and meaningful way the quantities in
question, to determine their possible temporal variation, to correlate the various
quantities with each other in order to find any causal or non-causal relationships,
to investigate internal parameters and reduce any errors present in the measure-
ment data. Finally, a signal is a means of transmitting information regarding the
past, present and future states of a variable [38].

Considering a biomedical phenomenon in particular, it is inevitable to collide
with the complexity of the organism’s systems, which often interact with internal
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subsystems. With the processing of biomedical signals, doctors have a strong ally
in improving the monitoring of human pathological states. The development of
new biomedical equipment gives the field of biomedical signals analysis a contin-
uous and constant evolution [39, 40]. Initially, the focus was on noise reduction
by means of filtering techniques applied to biomedical instrumentation such as
electrocardiography (ECG), magnetic resonance imaging (MRI), electromyogra-
phy (EMG), and ultrasound [41–44]. Subsequently, technological advancement
has not only affected “traditional” biomedical instrumentation but has led to the
creation of new sensors and devices such as Leap Motion, Microsoft Kinect or Nin-
tendo Wii, and new methods of administering care treatment, rehabilitation, and
monitoring (such as the use of exergames) adapted to medical experience. Based
on the various studies conducted over time, it can be seen how the combination
of the use of signal processing and biomedical-rehabilitation engineering is always
ready to produce technologically more sophisticated techniques, algorithms and
methods [45].

In the field of telerehabilitation systems, the literature provides different pro-
posals: systems with wearable solutions [46], the use of virtual reality [47], the
exclusive creation of exergames [48] or double avatars [49], but few of them apply
signal processing techniques before extracting the information they need. There
are also studies that have included the analysis of signals for the evaluation of
certain rehabilitative parameters, such as the speed of the movements of the up-
per limbs using the Kinect sensor [50], the angles of the upper limbs [51, 52], or
the kinematics of the human movement [53]. In general, existing telerehabilitation
systems do not pay attention to the acquired signals and there is a lack of pre-
processing methods. Another problem encountered by most of the works reside
in the use of global indicators that measure statistical information over long time
intervals, which are not significant from the point of view of the analysis as the
temporal chain of the elementary actions are not observed independently but are
mediated all together.

2.3 Field of application

This section will describe the various fields of application covered during the exper-
imentation phases with ReMoVES. The different pathologies will be divided into
macro areas and the rehabilitation techniques involved will also be illustrated,
both traditionally and with digital tools.

First it is important to define the terminology that will be used later. In the
healthcare context, a symptom is the expression of an anomalous state, i.e., the
consequence of a phenomenon that manifests itself in a body. The presence of one
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or more symptoms does not serve as definitive confirmation that a person’s health
is compromised and therefore is a sign of a disease.

The term disorder indicates an alteration of the normal state of health due or
not to a disease. This concept simply serves to describe the signs of the abnormal
and altered state of health in which a person is.

A disease is an abnormal condition of a living organism, caused by organic or
functional physical alterations, which compromise its health. In addition to one or
more symptoms, a disease must also have recognizable changes in the body and/or
a known biological cause.

Lastly, the term syndrome designates a precise set of symptoms and signs aris-
ing simultaneously, which constitutes a well-defined clinical picture. A given syn-
drome can be caused by different pathologies, precisely because different patholo-
gies can determine a set of overlapping symptoms and signs.

2.3.1 Neurological diseases

Multiple Sclerosis

Multiple Sclerosis (MS) is a common neurological disease that affects the central
nervous system (CNS) [54] and provokes the impairment of several functions in-
cluding motor skills [55], balance [56], cognition [57], and activities of daily living
(ADLs). Cognitive impairment (CI) affects up to 70% of the MS population and
refers to domain-specific deficits rather than uniform global cognitive decline [58].
The patient with MS (pwMS) may encounter difficulties in information processing
speed, sustained and selective attention, learning and episodic memory, with im-
paired executive functions in the more advanced progressive stages [58], as well as
visuospatial problems [59], which negatively affect social, occupational activities,
and the quality of life in general. As it is well known, therapy for MS can be di-
vided into two categories: disease modifying therapies (DMT) and symptomatic or
supportive therapies. In principle, DMTs might improve cognition as their agents
are primarily designed to arrest the disease and prevent relapses, but the actual
benefit on improving cognition is still matter of debate [60]. On the other hand,
the goal of cognitive and behavioral rehabilitation strategies is to enhance patients’
ability as related to executive functional tasks. Although the focus on this topic
is a relatively recent phenomenon, the growth of research studies addressing the
need for effective cognitive rehabilitation programs has been substantial over the
past decade, as is well documented in the literature [61–72]. In this context, for
instance, in recent years the Italian National MS Society (Associazione Italiana
Sclerosi Multipla-AISM) has recommended remedial interventions and accommo-
dations to manage cognitive impairment and improve everyday functioning in both
adult and pediatric MS populations [73]. In general, signs of cognitive involvement
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are present already in early stages of the disease process [64], even though severe
cognitive impairment is more likely in persons with secondary progressive MS. In-
deed, approximately half of persons with MS report having either minimal or mild
cognitive difficulties within the first year of diagnosis [74], with greater complaints
over the first decade. Furthermore, although uncommon, some persons with MS
present cognitive impairment as their primary symptom. In addition, sometimes
cognitive issues may be present pre-clinically [74]. As a matter of fact, these im-
pairments yield to major consequences for everyday life. Indeed, CI is the leading
cause of occupational disability and of difficulties in ADLs for such patients [75].

To manage such impairments, some recommendations include more comprehen-
sive assessment for anyone who tests positive for cognitive impairment on cognitive
screening or demonstrates substantial cognitive decline, as well as neuropsycholog-
ical evaluation for any unexplained change in academic performance or behavioral
functioning in school-aged children with MS. Evidence suggests that cognitive re-
habilitation has a long-term impact well beyond the treatment period and might
enhance cognition in the face of future brain changes. Such sustained effects have
been documented in the literature on aging, in which cognitive rehabilitation not
only improved everyday life activities, but also resulted in a 29% reduction in
dementia risk 10 years after treatment [76]. People with MS also belong to the so-
called “fragile” populations subjects who are at higher risk in relation to pandemic
emergencies.

Rehabilitation therapy is considered an interdisciplinary approach in which dif-
ferent professionals carry out a rehabilitation intervention aimed at the individual
patient, called the Individual Rehabilitation Project (PRI), in order to improve
their physical, psychological, and social functions and maintain their autonomy.
The exploitation of novel technologies, such as virtual reality and exergame, is
suggested as a supplement to the rehabilitation therapy of MS patients [23, 77].
The importance of using technology in the treatment of MS has long been ac-
knowledged, so that several solutions addressing diagnosis, monitoring, and reha-
bilitation can be found in the literature [78, 79]. Several studies have shown that
patients better perceive their goals and physical and mental well-being, thanks to
the improved feedback that technology provides, thus leading to a better prac-
tice and to an enhanced engagement in the therapy [80]. In addition, technology
support also favors intense and repetitive training that yields effective results in
functional recovery for pwMS [77,81]. Of note, the IoMT technologies can support
patients in taking control of their own MS disease and collaborate more effectively
with the clinical staff [82]. Despite the large interest towards assistive technology
in MS, solutions are still not as widespread as they may be, because of some bar-
riers for patients in terms of usability and feasibility, and also because of the high
costs of some devices [83]. Indeed, pwMS can experience difficulties in dealing with
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technological devices, as well as poor skills in using it [84]. In addition, techno-
logical solutions made up of wearable devices or controllers may require external
support from caregivers, limiting the independent use. Furthermore, the high cost
of solutions hinders the possibility of a large home-based usage.

Stroke

Prior the spread of the Covid-19 pandemic, stroke was usually referred to as the
21st Century epidemic by the medical community. Stroke is indeed the second
leading cause of death worldwide, and also the second most common cause of
disability-adjusted life years (DALYs) [85]. Many people experiencing a stroke
are left permanently disabled, placing a burden on family and society. It is then
clear that stroke is an important sanitary emergency and, therefore, also the need
for rehabilitation has become a very crucial issue. In such a context, cerebellar
stroke accounts for approximately 2% to 3% of all strokes. Acute cerebellar stoke
manifests itself with axial or limb ataxia, nystagmus, vertigo, action tremor and
dysarthria. The cerebellum works as a motor feedback control system: it compares
the motor command elaborated in premotor areas with sensory-motor inputs, and
then produces an error signal. A cerebellar damage can impair its ability to suf-
ficiently integrate sensory input in order to monitor and correct movements. By
practicing some activity while tracking patients’ movements, their conditions can
be assessed taking into consideration whether a strategy is being adopted or not.

To this end, a combination of an ICT support and classical rehabilitation is
the starting point in order to foster patients’ rehabilitation and enhance their
engagement, also with activities delivered in the form of exergames. For instance,
studies [86, 87] propose a stroke rehabilitation program to develop a system to
support the ambulatory rehabilitation therapy based on motor learning principles
and theories in rehabilitation. In addition, aerobic exercise was proved to have
a crucial role in post-stroke therapies, in order to enhance brain function [88].
Eventually, immediate feedback turns out to be highly important, as it determines
an instantaneous motor control to adjust the movement, thus promoting motor
learning and neural plasticity [89]. There are lots of solutions which focus on
upper-limbs exergames rehabilitation, such as [90–94].

Ataxia

Cerebellar ataxias are a large, heterogeneous group of movement disorders affecting
neurons in the cerebellum and its associated pathways as the neural connections
with vestibular nuclei, brainstem areas and the contralateral motor cortex [95]. It is
therefore possible to observe abnormalities in movement characterized by increased
variability and poor accuracy. These disorders result in unsteady gait, increases in
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postural sway, abnormal eye movements, uncoordinated limb movements, difficul-
ties in speech. Nowadays these cerebellar dysfunctions are at the center of medical
research interest, in particular, the efficacy of rehabilitation strategies is greatly
debated. Ataxia causes a general in-coordination of movement, in particular in dy-
namic ataxia there is a lack of control of distal segments of the body. For instance,
equilibrium and walk are largely involved in studies as [96–98]. The study in [99]
reported that cerebellar damage might cause an inertial mismatch between an in-
ternal representation of body dynamics and the actual body dynamics. According
to these results, there are hypometric and hypermetric patients which respectively
underestimate or overestimate their limb’s inertia. This work also showed that
altering the apparent inertia of the limb to correct the mismatch via robot could
improve simple single-joint elbow movements for both types of patients. It follows
that for single-joint movements, hypometric patients should theoretically improve
with the addition of mass to the limb because it would reduce the discrepancy
between the internal model and the actual limb dynamics. The research in [100]
has already shown interest to this peculiar strategy. They found some immedi-
ate benefits of weighting on single-jointed elbow movements, but no benefits on
multi-jointed reaching movements.

Cerebral palsy

Cerebral Palsy (CP) affects a large group of neurological disorders caused by a
permanent, non-progressive lesion of the developing brain that occurs before, dur-
ing, or after birth [101]. The presence of central nervous system damage variably
affects both global motor function and overall development of the child. The con-
sequences of brain injury primarily affect posture (the relationship between the
different parts of the body) and movement (the movement in space and time of
one or more parts of the body). These disturbances can be associated with sen-
sory problems (particularly visual), intellectual, communicative (difficulty in ar-
ticulating speech or more general language difficulties), swallowing and emotional
problems with difficulty relating to others. Even if the brain lesion that causes CP
is not reversible, its consequences are variable and can change during growth. The
potential for recovery is sensitive to rapid and targeted interventions. The causes
can be pre-natal, peri-natal or post-natal, of various nature: infectious, traumatic,
hypoxic, or genetic. Children learn coping strategies as they grow, and treatment
often results in significant improvements in affected functional areas. Even if the
intervention cannot be directed at the cause of the disorder i.e., the brain injury,
it is possible to work on the symptoms and their impact on the child’s life, as
well as on the prevention of muscle contractures and bone deformities. Interven-
tions in children with CP can be very different based on age, type of neurological
damage, present problems, available development potential, modifiability of func-
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tions, characteristics of the child’s living environment and his/her family. Due to
the different influence of these factors, the rehabilitation process can vary greatly
from child to child. Treatment generally consists of neuromotor rehabilitation of
communication, cognitive and sensory skills. The rehabilitation process is long
and complex, and can be made discontinuous by various problems, due to factors
external to the patient and the family unit or health reasons. The treatment of
CP includes intervention in various areas, including rehabilitation-physiotherapy,
psychomotor, speech therapy, psycho-pedagogical and possibly psychological. Re-
habilitative treatment, in particular, is essential to be introduced from the first
months of life, in order to exploit the neuroplasticity of the synaptic circuits of the
Central Nervous System [102]. It aims to recover a lost or reduced competence,
activate one that has not appeared and attenuate functional regression. The thera-
pies consist of treatments that require numerous sessions with different specialists.
The forced and prolonged interruption of therapy has a negative impact on the
development of young patients, risking not only stopping learning, but also causing
the loss of goals already achieved. Technological innovation has made it possible
to solve these problems with the introduction of telemedicine techniques based
on serious games or exergames. Telerehabilitation, intended to complement tradi-
tional practices without replacing them, is a tool that allows to enhance and give
continuity to the treatment, offering the possibility of continuing it at home [103].
Although it is a technology widely studied in the case of adults and the elderly,
there are few studies and applications for children. Most of the exergames-based
rehabilitation systems found in the literature make use of sensors and wearable
tracking devices, which make their use at home difficult and are often inaccessible
due to costs. As a result, alternative solutions involving the use of low-cost optical
tracking devices are becoming increasingly widespread, such as MoveHero [104],
Playstation Move [105] and Nintendo Wii [106].

2.3.2 Neuropsychological syndrome

Unilateral Spatial Neglect

Unilateral Spatial Neglect (USN) is a neuropsychological condition following a
damage to one hemisphere of the brain [107]. It can be induced by neurodegen-
erative diseases [108, 109], trauma [110], neoplasia [111], and it is very frequent
after stroke events with rates between 50% and 82% of patients [112, 113]. Al-
though it can be a consequence of both right and left hemispheric lesions, USN
is much more frequent after a right hemispheric injury and affects about 50% of
patients in the acute post-stroke phase [114]. Failing to respond to stimuli usu-
ally located on the side contralateral to the brain lesion significantly affects the
quality of life of patients suffering from such a disease. For instance, colliding into
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objects around, ignoring food on one side of the plate, and attending to only one
side of the body are some everyday signs of USN [115]. Furthermore, the presence
of USN has been strongly associated with an increased risk for injury and with
poor functional outcomes. The effects of USN extend beyond the basic skills for
self-care (bathing, dressing, walking, etc.) to instrumental activities of daily living
(IADL) that are crucial for successful reintegration into community life. Patients
suffering from USN show slow functional progress during rehabilitation and need
long hospitalization times, and are less likely to be able to live independently, with
deterioration of the quality of life.

Several tests have been designed for the diagnosis and assessment of USN [116,
117]. Among them, one can mention barrage tests, where patients are asked to
cross out stimuli on a paper [118]; reading tests, aimed at discerning the errors
in reading both words and whole sentences [119]; bisection tests, where patients
are required to split a segment into two congruent parts [120]; and drawing tests,
where the goal is to copy a figure, or to draw it from memory [121]. Furthermore,
these tests can be used to prevent USN disability after that clinical staff has
determined the presence of brain injury. In this way, the impact of USN in the
patient’s life may decrease considerably. All of these tests are paper-pencil based,
hence their evaluation often results in a time consuming endeavor by the clinical
staff. However, their administration is pretty simple and could also be designed
on a digital format. That enables automatic collection and summarization of
data, thus also fostering the remote practice, for instance at patient’s home and
without the supervision by clinical experts. It can be deduced that in the digital
version a larger amount of information can be obtained as compared with the
paper and pencil version, so that a fairly complete clinical picture can be seen from
a single test, instead of making patients carry out several different tests. Other
studies to evaluate the cancellation tests have been carried out in the literature and
they confirm this inference. For instance, [122] quantify the spatial organization,
reconstructing target-marking pathways. Moreover, authors of [123] determine if
the use of computer recording of standardized test identifies abnormalities in the
process and in the outcome of the tasks. The results of the preliminary study [124]
showed good sensitivity, specificity and usability of digital tests, suggesting that
they can be a promising tool for USN assessment, both in clinical and research
settings.

In addition to assessment tests, several rehabilitation strategies for USN (TENS,
optokinetic stimulation, somatosensory electrostimulation, mirror therapy) have
been reported [125]. Their efficacy, however, is still a matter of debate. A meta-
analysis by Pollock et al. [126] states that there is only a limited number of high
quality studies suggesting the efficacy of USN interventions in improving functional
outcomes and reducing disability. Azouvi et al. [127], in a review, concluded that



13 2.3. FIELD OF APPLICATION

there still is only a low level of evidence for the different rehabilitation methods and
emphasized the need for longer validation trials using innovative techniques such
as non-invasive brain stimulation (NIBS). NIBS techniques have recently emerged
in restorative neurology due to their hypothetical advantage in enhancing the ef-
ficacy of traditional therapeutic intervention. In this view, the re-discovery of the
application of a direct-current flow of low intensity (1− 2µA) has raised much in-
terest. This technique is known as transcranial direct-current stimulation (tDCS).
It acts by a tonic modulation of the resting membrane potential of the cortical
neurons, which occurs in an opposite direction, depending on the polarity (anodal
vs cathodal) of the electrodes, placed on the chosen areas. It is commonly stated
that cathodal stimulation (C-tDCS) decreases cortical excitability due to neural
hyperpolarization, while anodal stimulation (A-tDCS) reaches the opposite effect
by a subthreshold depolarization [128]. The use of tDCS has been shown to be a
promising approach in order to improve post-stroke neglect. A-tDCS and bilateral
tDCS appears to be more effective than C-tDCS [129]. A cognitive therapy is usu-
ally associated to the tDCS approach, which consists of performing tasks with the
aim of improving the patient’s capability of investigating the ignored hemispace.

2.3.3 Frailty syndrome

Frailty syndrome involves a slow decline in the functions of organs and systems
causing a state of increased vulnerability with negative results on functional and
cognitive performance. In the elderly corresponds to a broad clinical issue that
concerns the physical, cognitive, and social aspects of the patient, particularly for
people over the age of 75 [130,131]. The study by Fried et al. [132] defined a phe-
notype and thereby some characteristic traits of frailty in the elderly. Specifically,
frailty is considered if at least 3 of the following symptoms are present: unin-
tentional weight loss, fatigue, reduction in muscle strength, slower walking speed,
and decreased physical activity. In cases where fewer than 3 of the symptoms are
detected, one can speak of pre-frailty. Frailty, therefore, differs from disability
because it is characterized by a decline in several physiological aspects. Thus, in
this sense, disability manifests itself more as a consequence of frailty itself.

In recent years the global health system has had to adapt to the increase in
the average age of the world population [133, 134]. Indeed, due to age and re-
lated cognitive impairments, weakness is a major limiting factor related to daily
life activities. For instance, the reduction in torque generation is reported at the
level of the elbow, shoulder, fingers, and thumb, which worsens due to prolonged
physical inactivity. Furthermore, simple activities, such as standing up, may be
affected, causing falling risk and insecure gait. In addition to cases of psychiatric
and neurological diseases, cognitive abilities inevitably decline in a healthy elderly
population, thus leading to severe social and economic impact. In this context,
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strength training associated with task-oriented training can intensify rehabilitation
and reinforcement [135]. The study of Erickson et al. [136] suggested that physical
exercise can produce cognitive improvements (associated with an increase in hip-
pocampal volume) in accordance to [137] about increased levels of brain-derived
neurotrophic factor (BDNF) in response to exercise. By design, exergames are ap-
propriate for this aim as they require the patient to produce physical movements in
order to complete a task-oriented exercise in response to visual cues [138]. They are
simultaneously able to improve patient engagement and train multiple cognitive
processes [139].

Frail elderly individuals are among end users who most need and would benefit
from easy-to-use IoT solutions. Such technologies can provide a set of services
to monitor elderly healthcare and behavior, and to reduce the risk of injuries.
For instance, Tao et al. studied fall prediction based on human biomechanical
equilibrium by analyzing data acquired by a Microsoft Kinect sensor installed in
elderly individuals’ homes [140]. The interest toward the well-being of the elderly
is well-documented in the literature from environmental [141] and independent-
living [142] perspectives. As health issues and frailty symptoms start arising, it is
crucial to take action in effective ways. Traditionally, a great portion of physical
therapy, rehabilitation, and assessment is based on a clinician’s observations and
judgment. Sensor and computing technologies that can be used for motion capture,
performance assessment, and range of movement measurements have drastically
advanced in the past few years. In such a context, many works focus on the early
detection of frailty to help caregivers and patients, and address such a problem
from several points of view. For instance, the authors of [143] evaluated the ac-
ceptability of solutions for detecting signs of frailty on the basis of techniques
and clinical practice described in the literature. Their conclusion was that min-
imal clinic interruption, low requirements for resources, and added benefit (e.g.,
stratify risk, enhanced understanding of frailty) yield to higher acceptability. The
study in [144] highlighted the importance of frailty detection in a home-based con-
text aimed at supporting the independent living of elderly individuals at home.
In [145], a platform for favoring personalized interventions to frail elderly persons
was introduced. It deploys dashboards for doctors and patients, giving them con-
trol of the system and data visualization, respectively. Along with the spread of
solutions targeting healthy and active aging, the need for aligning and combin-
ing the informative content obtained by different platforms arises. On the basis
of [146], the information-uniformity issue was tackled in the fundamental study by
Madueira et al. [147]. Indeed, the proposed My-AHA software is able to integrate
multiple healthy and active aging platforms, thus providing a solution to be used
in conjunction with other technologies.
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2.3.4 Balance disorders

Balance is one of the most important physical skills for humans, as it is necessary
for postural control, and therefore affects the ability to perform countless activ-
ities, ranging from the most basic to the most difficult [148]. The equation is
simple, the greater the balance, the greater the postural control and therefore less
falls, risk of injury and greater autonomy in the activities of daily life. Despite
this naive rationale as to why balance is crucial, a myriad of factors contribute to
maintaining sufficient balance in people. Although some of them may be due to
external causes, many are related to people’s health conditions. In recent literature
there are several works that study balance and its relationship to other diseases,
with particular emphasis on the role of technology in promoting rehabilitation and
the maintenance of abilities. Stroke is a classic case of an event that compromises
balance, for example for those patients who manifest hemiparesis which then re-
sults in less postural control [149]. It is worth mentioning that more than half
people surviving a stroke experience motor deficits due to reduced balance [150].
Another disease that typically impairs balance is Parkinson’s. Here the patients
show slowness of movement, muscle stiffness and postural instability [151], symp-
toms destined to worsen due to the progressive nature of the disease. As a result,
patients experience loss of balance, leading to frequent falls and to low indepen-
dence on activities of daily living [152,153]. In general, several clinical conditions
affecting balance are strictly linked to the age, thus frail elders result in a popula-
tion which typically presents balance impairment. It is noteworthy that falls are
the leading cause of fatal and non-fatal injuries among seniors [154].

The study of balance impairment is therefore arousing great interest also from
a technological point of view, since innovative services could be designed and de-
livered for the benefit of patients, therapists and caregivers [155–160]. Robotic
devices and wearable solutions are widely recognized as effective rehabilitation
tools [161–164]. But, at the same time, even lighter non-wearable technologies re-
lated to sensors, signal processing and telecommunications begin to become avail-
able to implement tools to support the rehabilitation process. Specific services can
be provided with the possibility of remotely acquiring a large amount of patient
information useful for the evaluation and planning of the individual activity. In
such a framework, the use of exergame is emerging as an interesting new approach
to treat balance disorders by stimulating patients. In fact, exergames are conceived
as physical activities delivered in the form of videogames, and therefore have the
ultimate goal of improving patient involvement during postural control training.
Among the numerous contributions in this context, the most widespread technol-
ogy for the study of balance consists in the use of gaming platforms combined with
sensors or controllers for user interaction and data collection. In addition to sta-
bilometric platforms and robotic systems [165], the most used devices are Nintendo
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Wii balance board [166], and Microsoft Kinect [140, 167]. Balance exercises are
involved in studies for a broad spectrum of conditions including Parkinson [168],
stroke outcomes [149] and frail elders [169].

2.3.5 Healthy subjects

The control group, generally made up of healthy individuals with characteristics
(i.e., age and gender) similar to those of the pathological subjects, is important in
order to construct a sample that can be used to compare the functional capacities
of the pathological individuals. The goal is to allow doctors and physiotherapists
to draw conclusions relating to the degree of disability caused by the pathology
and to modify the exercises and activities administered in relation to the individual
patient while the treatment plan is being carried out. By comparing the therapy
sessions performed by each individual patient it is also possible to establish whether
this was conducted according to the indications provided and whether it had a
significant effect.

Numerous studies have been performed on the Range of Motion (ROM) and
the quality of movement performed by healthy subjects, in order to create a behav-
ioral model that can be compared with patients suffering from various disorders
and diseases. Carey et al. [170] examined the effects of age, gender, and hand dom-
inance on the precise control of voluntary movement of the metacarpophalangeal
joint of the index finger. Based on the research results, it was concluded that for
healthy subjects aged between 20 and 79 who perform a joint motion tracking test:
(1) younger subjects demonstrate greater accuracy than older subjects, (2) men
demonstrate greater accuracy than women and (3) subjects’ non-dominant hand
performance shows greater accuracy than their dominant hand performance in the
flexion phase. Data from these healthy subjects provide a basis for comparison of
patient data, which may be useful for early recognition and monitoring of accu-
racy problems in motion control. Carpinella et al. [171] provided a multi-finger
characterization of the spatial-temporal aspects of hand movement, through math-
ematical modeling of multi-joint finger movement in healthy subjects and stroke
patients. The quantitative method proposed in the study proved to be a valid tool
to accurately characterize the opening/closing movements of the hands in healthy
subjects and people with hemiparesis due to stroke, moreover it was useful to
quantify the hemiparetic motor deficits of the hand and to discriminate the motor
performance of stroke patients from that of the control group. In addition to the
analysis of the movement of the hand and fingers of healthy subjects, studies relat-
ing to the movement of the lower limbs have also been carried out in the literature.
For example, an ankle training system was tested using a balance board with a
group of healthy subjects, in order to determine a series of parameters that could
be used as reference values during the rehabilitation and training sessions carried
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out by the patients [172]. Furthermore, in the study [173] a real-time and adaptive
computational method to evaluate human gait events using repeated measures of
gait patterns of healthy people was presented and validated. Finally, Oosterwijk et
al. [174] studied the ROM required to perform activities of daily living. The infor-
mation found can be used to interpret the impediments at the individual level and
to establish the rehabilitation objectives in terms of functionality and prevention.



Chapter 3

The ReMoVES platform

The Remote Monitoring Validation Engineering System (ReMoVES) is a flexible
platform developed by the Numip laboratory of the Department of Electrical, Elec-
tronics, and Telecommunication Engineering and Naval Architecture (DITEN) of
Università degli Studi di Genova [175]. ReMoVES is an IoT system and an inte-
grative solution to traditional rehabilitation, aimed at encouraging continuity of
care and patient involvement through the use of specific task-oriented exercises
proposed in the form of a videogame. It is possible to carry out screening and re-
mote monitoring of patients, to facilitate the dehospitalization and convalescence
phases and to promote a healthy and active life for the elderly. ReMoVES Patient
Client performs calibration on the individual user in order to provide “tailored”
results and allows the therapist to monitor tests and activities through a Therapist
Client that can be consulted from different technologies (PCs, phones, tablets) to
prepare personalized treatment plans.

The Chapter 5 will illustrate the various results obtained with ReMoVES in
different fields, including: cognitive rehabilitation for patients with Multiple Scle-
rosis [176] or affected by Unilateral Spatial Neglect [177, 178]; improved balance
for frail elderly patients [179]; and post stroke rehabilitation [180,181].

Currently ReMoVES is used by three centers, San Martino hospital, La Colletta
hospital, and Fiumara ASL3 clinic.

3.1 Existing solutions and differences

The area of medical rehabilitation is now significantly impacted by digital innova-
tion and an increasing numbers of facilities are considering it a fundamental part
of their therapeutic and commercial offerings. Systems in the telerehabilitation
sector have increased in recent years thanks to a greater demand from health facil-
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ities for alternative methods to follow patients especially in the post-acute period.
Many hospitals and healthcare facilities do not have a sufficient number of beds
to meet the needs of the high number of patients who are affected by patholo-
gies with consequent motor or cognitive deficits every year and who require long
rehabilitation programmes. In order to have access to treatment, patients are
therefore forced to bear very high costs, feeling obliged to abandon the therapy
and losing a large part of the progress acquired during the hospitalization period.
This lack of assistance in the post-acute phase could be filled precisely with the
introduction of telerehabilitation systems, guaranteeing continuity of care within
a familiar context such as one’s own home. The home environment, in fact, is
an additional component that helps patients in their recovery, able to increase
the level of satisfaction of the patient and that of his family. There are many
projects at the research stage, especially in Europe, but the systems currently on
the market are not many and they all have shortcomings, especially in terms of
costs and autonomous usability by the end user. At present, the choice of facilities
as regards the use of innovative and technological systems for rehabilitation falls
on commercial systems usually used for recreational games (for example Nintendo
Wii [182]) or on solutions that use specially designed devices (for example Tyro-
Motion products [183]). The former do not provide useful outputs for movement
analysis for rehabilitation purposes, while the latter, being configured as sophisti-
cated electromedical equipment, are offered in a high price range. In this scenario,
some rehabilitation facilities are looking for alternative solutions designed with
rehabilitation purposes but with low cost. Unlike other systems, ReMoVES allows
an analysis of physiological data and game/rehabilitation data coming from the
system, which is adaptable to different therapies and users. The measurements
of the performance of the rehabilitation activities are processed to provide the
therapist with clear and concise indications a posteriori in order to facilitate the
diagnosis and interpretation of the evolution of the therapy.

In general, existing systems do not pay attention to the lack of stationarity and
homogeneity of the acquired signal, resulting in erroneous or insignificant statis-
tical analysis results. To cope with this drawback, adaptive signal segmentation
was introduced in ReMoVES, at each game session in order to separate the com-
plex pattern of the patient’s execution task into primitive elements. The studies
in the literature have sections dedicated to the analysis of the results obtained
with their systems, even commercial, i.e., Jintronix and Mira, but there is lack
of the pre-processing phase of the raw signal [48, 184] . In addition, ReMoVES is
programmed to acquire the positions of all the patient’s joints while they carry
out their rehabilitation program. The performance characteristics such as angles,
range of motion, and trajectories will then be identified in order not only to assess
the correctness of the movement suggested by the activity in question, but also to
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analyze any compensations and strategies. Due to the large individual variability
between patients and their impairments, and given the relatively small sample of
users, a supervised approach or generalized model is not practical in this case.
Compared to other systems based on machine learning techniques [185], a wide
use of unsupervised adaptive analysis methods is used here to derive useful infor-
mation from the acquired signals. To conclude, despite the deep interest in such a
topic, each solution is focused towards particular needs, developed independently
from the others, and this makes it difficult to compare them. Furthermore, pub-
lications that provide raw data acquired during the execution of exergames were
not found. The limited development of assistive computing technologies based on
exergames is hindered by the high variability and poor similarity of these solutions,
as previously noted in [147], as well as by the significant lack of data available.
This has an impact on both the scientific innovation and the technical aspect of the
results. In particular, the possibility of comparing body-tracking methodologies
(e.g., articulations to track; frequency), data-transfer solutions (e.g., client–server
architecture or local storage only), and data-log formats (e.g., JSON or CSV)
is hindered. Furthermore, the impossibility of accessing collected data in many
studies proposed by other researchers in recent years precludes the use of big-data
processing algorithms.

3.2 ReMoVES architecture

Several IoT architectures for telemedicine systems and e-health were proposed in
the literature [186–188] but the most compliant with ReMoVES is the one com-
posed of four layers, as shown in Figure 3.1. These levels ensure the archiving,
processing, monitoring, and the proper evaluation of patients’ rehabilitation per-
formance. The four levels are described in depth below, with references to the
technologies and tools employed.

Figure 3.2 displays the hardware architecture of ReMoVES. The Patient Client
is composed of a local PC unit to which the sensors are connected on the basis
of the therapist’s recovery plan, thereby, exergames are assigned to the patient.
An Internet connection is not mandatory for the user identification phase and to
locally start the exergames, but it is necessary for data synchronization with the
server. The central unit is composed of the ReMoVES server, which performs
the data synchronization with the local units, and stores and processes data in
the MySQL database. Therapists can access from any device the web application
supplied by WEB server functions.
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Figure 3.1: IoT architecture of ReMoVES system.

3.2.1 Physical Layer

The bottom layer is the sensor or physical layer and consists of the Patient Client.
It deals with the management of so-called “things” (i.e., sensors connected to
the system). ReMoVES employs off-the-shelf and commercial devices, such as
Microsoft Kinect V2, Leap Motion, and a touchscreen. These sensors are installed
and connected to a computer, and through simple body gestures or touches (in
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Figure 3.2: Hardware architecture of ReMoVES.

the case of touchscreen), the patient interacts with the game shown on the screen.
After the patient finishes the game session, raw information is generated from
tracked data and sent to the upper levels. A brief description of the included
sensors in the platform is provided.

Microsoft Kinect

The Microsoft Kinect V2 is a motion sensing markerless input device based on
a high-resolution RGB camera and an infrared time-of-flight camera for depth
analysis. A depth sensing camera automatically detects the presence of any nearby
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object and measures its distance to it. One of the most popular and commonly
used depth technologies is the time-of-flight; this term refers to the time taken
by light to travel a given distance. Time-of-flight cameras work based on this
principle where the distance to an object is estimated using the time taken by the
light emitted to come back to the sensor after reflecting off the object’s surface.
A time-of-flight camera, like Microsoft Kinect, can ensure patient anonymity in
remote monitoring setups as their movements can be detected by acquiring depth
data only and not RGB camera data, thus ensuring their privacy.

The Microsoft Kinect offers a wide field of view (70x60 degrees) and recognition
up to 4.5 m from the device [189]. Several studies have demonstrated that through
the Microsoft Kinect V2 spatio-temporal parameters can be validly obtained [190,
191] and can be also a satisfactory tool for rehabilitation due to its low cost and
adequate spatial accuracy (with an order of magnitude of centimeters) [192]. The
set-up of the interface between the Microsoft Kinect V2 and the Unity3D engine is
effortless because the manufacturer provides a Software Development Kit (SDK)
and a Unity add-on, which gives developers access to body joint positions and
orientations that can be used directly in rehabilitation game development. In
ReMoVES the data and signals from the tracked user’s body are recorded at a
frequency of 10 Hz.

The Kinect sensor acquires 25 joints in 3D space (x, y, z) typically at a sampling
rate of 30 Hz:

j ∈ N and j ∈ {1, ..., 25} (3.1)

The coordinate system of the Kinect is composed by x that is the mediolateral
(ML) axis, positive to the left of the sensor and then positive to the right of the
user; y is the vertical (VT) axis, positive upward; and z is the anterior-posterior
axis, positive direction from front to back of the user. The signal acquired from
the j − th joint is:

{v⃗j(kTs)} =

{xj(kTs)}{yj(kTs)}
{zj(kTs)}

 where fs = 30[Hz] and Ts = 0.03[s] (3.2)

Leap Motion

The Leap Motion controller is a small USB peripheral and low-cost device for
hand movements tracking. The device consists of two cameras, which generate
2D frames, and three infrared LEDs. Leap Motion takes 2D frames and converts
them into 3D positional data. Its area of interaction is limited to a hemisphere
with a radius 0.60 m around the device, with a theoretical accuracy of 0.01 mm
according to the manufacturer (or 0.7 mm under real conditions) [193].
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Touchscreen

A touchscreen is required for interacting with the subset of exergames for cognitive
assessment. The monitor is positioned on the table with an angle to the plane of
a few degrees.

Exergame

The system currently includes 15 different activities, which encourage the patient
to carry out functional exercises autonomously along with the traditional motion
rehabilitation. The interface was designed using the Unity platform, which is a
popular graphic engine used for the development of games and virtual reality ap-
plications. The language used to write ReMoVES exergames is C#. The interface
configuration between Microsoft Kinect and Leap Motion and the Unity engine
is straightforward as the manufacturers provide the Software Development Kit
(SDK) and an add-on for Unity. Developers can easily access the positions and
the orientations of body joints for direct use in the virtual environment of the game
scenes. In the ReMoVES project, all the 2D and 3D graphical resources have been
downloaded from different online sources with a Creative Commons license. The
creation of these activities involved different processes, technologies, and special-
ists. It is necessary to pay particular attention to the specifications provided by
physiotherapists and physiatrists, who share their skills to define the requirements
and parameters of the game. The present exergames are considered to be assess-
ment and rehabilitation activities, delivering task-oriented training by requiring
the patients to fulfill consecutive and repetitive movement tasks or cognitive func-
tion practicing. They foster mild-intensity activity, and allows for the preservation
or reacquisition of functional skills that are involved in real-life activities.

A more detailed explanation on the individual exergames proposed by the
system will be illustrated in Section 3.4.

3.2.2 Network Layer

The network layer represents the link between physical and server layers. To ob-
tain a resilient functionality facing eventual connection disruption, data log-files
containing the data tracked by the sensors, are temporarily stored in the local unit
in JavaScript Object Notation (JSON), and the actual transmission is executed
when connection is available via Ethernet or Wi-Fi. Data communication is in
secure mode based on hypertext transfer protocol secure (HTTPS), the communi-
cation protocol is encrypted using transport layer security (TLS), and certificates
are issued by the Let’s Encrypt authority.
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3.2.3 Server Layer

The server layer can manage content-independent dataflow to be compliant with
software reuse logic. Server software consists of a traditional Linux-Apache-MySQL-
PHP (LAMP) stack, and provides data storage solutions, data processing meth-
ods, and a web application for clinicians to view information through dedicated
graphic interfaces. Only three types of application programming interfaces (APIs)
for the management of client/server data synchronization are used. The MySQL
relational database contains a structured collection of JSON files, each of them
describing an array of temporal events. In each element of the array, there are
key-value pairs that provide data. Some keys are common to all exergames, in
addition, other keys are provided depending on the game. Figure 3.3 shows the
software architecture and the server side operations.

Figure 3.3: Software architecture of ReMoVES.

3.2.4 Application Layer

The application layer includes the Therapist Client, who provides the medical staff
with all the necessary information on the patients being followed, displaying their
performance in graphical mode and verifying their current treatment plan. The
layout dynamically adapts to the size and type of device; this allows for connection
even from a smartphone in the case that the therapist does not have an available
computer. More details will be discussed in Section 3.5.
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3.3 The STORMS project

The “Solution Toward Occupational Rehabilitation in Multiple Sclerosis”
(STORMS) project is an example of an IoT work in progress and study protocol
devoted to remote hospital and home monitoring of patients with multiple sclerosis.
STORMS is one of the two winners of the “2020 Digital Innovation in Multiple
Sclerosis” award, sponsored by Merck [194], whose goal is to promote adaptation
and coexistence with the disease through new digital technologies. With the aim of
improving the patient’s quality of life and increasing the opportunities for contact
with the multidimensional medical team, STORMS is based on ReMoVES system.
Based on such a past experience, new stakeholder roles have been defined in close
coordination between medical and technical developers to address the new MS use
case target and update related goals and actions. Based on the clinical needs of
MS patients and the particular types of cognitive impairment they are affected by,
six new activities delivered in form of exergames have been developed to address
the following functional abilities:

� Working memory: describes the processes involved in the control, regula-
tion and active maintenance of information relevant to the task at the service
of complex cognition.

� Inhibition control: it is an executive function that allows a person to
control the impulses and behavioral responses to stimuli in order to choose
the most appropriate behavior consistent with achieving the objectives.

� Selective attention: it is the act of focusing on a single object in the
environment for a specific period of time.

� Task switching and cognitive shifting: they are two executive functions
that involve the ability to respectively, unconsciously or consciously shift the
attention between one task and another.

� Multitasking: it is the ability to focus on multiple tasks or activities at
once.

� Sustained attention: it is the ability to focus on an action or stimulation
for an extended period of time.

� Top-down attention task: this type of attention refers to the ability to
focus on specific features, objects or regions in space that are relevant to a
goal, filtering out irrelevant stimuli.

The new activities will be explained later in Section 3.4.1.
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3.4 Exergames

The system currently includes six different exergames for the Kinect sensor, five
exergames for the Leap Motion sensor, and four activity for the touchscreen, re-
spectively show in Figure 3.4. An initial calibration phase and real-time adjust-
ment adapt the game to the mobility of the user. Each game is made up of simple
2D elements to prevent the patient from being distracted by irrelevant background
elements. The entire performance is recorded and at the end of the each game ses-
sion, the parameters useful for investigating the player’s activty are collected in a
JSON file and provided for the analysis. Also motion data can be reconstructed,
as the joints positions are recorded by the Kinect and the Leap Motion sensors.
The JSON file is composed of an array that collects temporal events. Each element
of the array expresses data in key-value form. Some keys such as Time, Score and
Kinect/Leap (i.e., the position of the joints detected by the sensor) are common
to most exergames, while other parameters depend on the type of exercise or test.
All the exergames for Kinect and Leap sensors, except the Sit-to-Stand activity,
have a total game time of 90 seconds.

Equilibrium Paint (Sit to Stand)

This game is an interactive version of the standard Sit-to-Stand (STS) exercise
proposed in the Berg Balance Scale battery [195]. The user repeatedly stands up
and sits down within 30 seconds. The scene shows a horizontal wooden beam on
which paint cans are placed. The inclination of the beam directly depends on
the angle of the user’s shoulders, traced by Microsoft Kinect. When the patient
does not symmetrically stand up, the paint cans fall down, causing a score penalty
in the game. STS is a well-known assessment test of which the importance in
estimating lower-limb strength is widely recognized [196]. Many studies discussed
its effectiveness as an indicator of leg weakness and related falling risk in elderly
and disabled people [197]. In addition to assessment, STS is a task-oriented and
strength-reinforcing exercise [198].

Owl Nest (Gufi Nido)

Three colorful owls randomly appear in certain positions in the screen, and the
goal is to grab them with the flexion-extension of the arm (reaching task) and
bring them into a nest placed in the middle of the screen. When the user brings
an owl into the nest, another owl appears at a different point and the in-game
score increases.
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(a) Microsoft Kinect exergames. (b) Leap Motion exergames.

(c) Touchscreen tests.

Figure 3.4: Thumbnails of exergames in the current ReMoVES catalogue.

Shelf Cans (Lattine Bibite)

In this exergame, the player is required to store items on a wall unit with the arm
motion. In detail, the game activity is to move a colored can of soda towards the
corresponding shelf. The up-right, up-left,and bottom-left corners are for orange,
green, and red tin cans, respectively. Therefore, Shelf Cans contributes to improve
the attentive capacities of patients, who must respect the rule of matching the
color between the can of soda and the shelf correctly. The penalty for making a
mistake is the reduction of the score accompanied by a disappointing sound. This
game is aimed at stimulating hand-eye coordination of voluntary arm movements,
reaction time, inhibition and selective attention, and processing speed.

Hot Air (Mongolfiera)

The game is set in a hilly landscape where a hot-air balloon flies and advances
automatically. The player can control the lateral displacement of the balloon by
performing a load shifting exercise between the lower limbs. The aim of the game
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is to guide the balloon towards the blue rings that appear along the way. The
progressive position of the rings is pseudo-random so that there is a continuous
shift. This game is for postural balance and correction reactions, shifting, and
attention.

Push Box (Spingi Scatola)

The purpose of this exercise is to push a box into a hole a few meters in front
of the box. To reach this goal the patient must stretch forward with their arms
parallel to the ground. This exergame takes inspiration from a phase of the Berg
Balance Test.

Flappy Cloud (Nuvoletta)

The leg abduction-adduction movement reflects the position of a cloud object in
the game screen, the patient makes it move forward without hitting some obstacles.
This is a functional exercise for the strengthening of the lower limbs.

Endless Zig (Pallina Percorso)

In this activity, the patient drives a marble along a zigzag path appearing on
the screen. Going out of the boundaries causes score loss. Similarly, some bonus
gems appear on the path to increase the score. The patient controls the marble
movement with radial–ulnar deviation of the hand.

City Car (Macchinina)

The user controls a car along a randomly-generated road. The user should steer
in the presence of curves and crossroads with the movement of flexion–extension
of the wrist. Penalties are introduced when the car goes off-track.

Finger Tap (Chitarra)

The scene of the game represents a neck of a four-string guitar. In a sequential
mode, some coloured marbles fall off the strings. The colour sequence is green,
yellow, red and blue. To stop the falling marbles, the patient must ”plucks” the
right string, opposing the right finger to the thumb, at the correct timing. The
more precise is the stop, the more the score increases. If the patient misses some
marbles or touches the wrong finger, the score decreases.
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Floating Trap (Trappole Bolle)

The patient is led to open the hand and make a fist alternatively. This exercise
requires a good level of concentration; indeed, the user moves a floating raft on
the left or on the right according to the finger flexion–extension in order to avoid
some objects in the scene.

Wine Bottle (Bottiglia Vino)

This exercise mimics a real-world scenario, pouring liquids from a bottle. With
the pronation–supination movement of the hand, the patient should control the
rotation of a bottle of wine appearing on the screen. They must fill a glass over
and over again to collect as many points as possible.

Bisection Test

The Bisection test is an assessment tool that is part of the Behavioral Inattention
Test (BIT) battery [199]. The patient must place a pencil mark at the center of
a series of horizontal lines. The resulting score is lower as the pencil mark is far
from the center of the line. The digital version of this test allows customization
of the color, width, height, position, and rotation of the lines in order to provide
several variants of the standard one and in-depth analysis.

Albert Test

Another activity from the BIT battery tests is the Albert test. In this test, pa-
tients must use a pencil to cross out forty 2.5 cm lines which are positioned in
pseudo-random orientations on a piece of paper. The actual disposition of these
lines is standardized, allowing for a systematic analysis of subjects’ performance
on the left, on the right, and in the middle of the page. More specifically, in the
Albert’s test, the paper is divided in seven sections by column, which are here-
inafter numbered from left to right. Scoring is based on the number and location
of lines left uncrossed, in particular USN is indicated when these lines are on the
same side of the page as the patient motor deficit is located. The maximum score
for this test is 36 (the four segments of the central column are not counted). The
cut-off is 34. The digital version of Albert’s test is carried out in the same way
as the paper one, but through the use of a touchscreen and two minutes to com-
plete the test. The digital version of the Albert’s test can provide more granular
information about the patient’s exploration capability.
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Apple Test

This activity is the digital version of the Italian standardization of the Apples
Cancellation Test [200]. It is an instrument useful to evaluate both egocentric
and allocentric forms of neglect. Apple test is a cancellation task in which out-
line drawings of 150 apples are shown scattered over a sheet. Several apples are
presented in an upright position. One-third of the apples are full (targets), and
two-thirds are open on either the left or on the right side (distracting elements).
In the digital version, each participant was asked to touch on the screen all the
full apples and to ignore all the ones with holes.

Lantern (Lanterne Cinesi)

In this exergame, Chinese lanterns appear from the lower side of the screen and
rise towards the upper part of the screen. The player must act as quickly as
possible and touch them using on the screen. This activity is for the assessment of
mental alertness and awareness. Moreover, it can have applications for the neglect
assessment by comparing the performances relative to the targets shown on the
right or left of the screen.

3.4.1 Exergames for STORMS project

The new cognitive games introduced in the STORMS project aim to treat some
of the most common symptoms of multiple sclerosis such as coordination disor-
ders, balance problems, and dizziness (Hot Air); vision disturbances which may
also include impaired color vision (Owl’s Nest), cognitive disorders that incorpo-
rate problems with memory and learning, difficulties in maintaining concentration,
difficulties in attention, in computational problems; and inability to perform opera-
tions of a certain complexity and in problems to correctly perceive the environment
(Supermarket, Numbers, Shelf Cans, and Business by Car). It is possible to obtain
indirect measurements of symptoms such as numbness of the body and/or extrem-
ities or spasticity which can complicate movement when games are performed with
pelvic or limb movement. In some exergames, the patient is encouraged to reach
consecutive on-screen targets with the arm motion (reaching task). The more
targets are taken, the higher the in-game score. Such games aim at improving
hand–eye coordination, and spatial awareness. In addition, some other exergames
promote the trunk balance used to guide an object along a path. In the Owl Nest,
Supermarket, Numbers, and Business By Car exercises there are different levels,
from easy to extremely difficult, while Shelf Cans and Hot Air activities have a
single level and can be used by patients to familiarize themselves with the system.
This is in order to define the treatment plan based on the patients’ disability, aimed
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Figure 3.5: Thumbnails of STORMS exergames.

at selecting the most appropriate game and level to start and continue therapy.
In all the exergames, except Business By Car, the total game time is 90 seconds.
Business By Car has a longer duration (600 seconds) to ensure that the patient
can reach the end of the game even if he sometimes makes a mistake along the
path.

Owl Nest (Gufi Nido)

This exergame, already present in the standard version of ReMoVES, has been
expanded with 3 new difficulty levels (the first level is the base game explained in
the previous Section).
Second level: some eagles appear on the screen as distracting elements. No more
than five owls and three eagles can appear simultaneously. The time between the
appearance of two consecutive eagles randomly ranges from 0 to 5 s. After 10 s
the eagle disappears. Catching an eagle makes the game score decrease.
Third level: the player is required to catch only the pink owls and do it as
quickly as possible, since after 15 s the owls will disappear. Every time an owl
disappears, another reappears in a different location until a maximum of seven owls
are simultaneously on the game scene. The score decreases either when grabbing
a blue owl or when a pink owl disappears.
Fourth level: it is a combination of all the goals of the previous levels. No more
than four owls and three eagles appear simultaneously. The user must bring the
pink owls into the nest and avoid both eagles and blue owls. Eagles disappear
after ten seconds, while owls disappear after 8 seconds.
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Numbers (Numeri)

The patient has to pop some numbered (from 0 to 99) balloons according to tem-
porary instructions. Four instructions alternate according to the level difficulty:

� pop the balloons in ascending order;

� pop the balloons in descending order;

� pop the balloons with even numbers;

� pop the balloons with odd numbers.

The number of balloons varies depending on the difficulty level; they also have
different colors and sizes to make the game more dynamic and visually appealing.
If the user takes a wrong balloon, a red mark appears at the bottom of the screen,
otherwise a green one does. In both cases, all the balloons still on the screen will be
destroyed and a new round will begin with new balloons. The aim of this exergame
is to improve the attention, the task and cognitive switching, the processing speed,
and the hand–eye coordination.
First level: four balloons appear on screen. They must be popped in either
ascending or descending order.
Second level: it is as the first level, except that the patient is also required to pop
either the even or the odd balloons and there are five balloons in the game scene.
Two visuo-verbal stimuli are added. When the text relating to the assignment
“take the odd numbers” shows, a red bird will appear for a few seconds flying
from one side of the scene to the other. Conversely, a plane will appear on the
screen for a few seconds when the text relating to the task “take the even numbers”
appears.
Third level: six balloons are simultaneously displayed. Once more, all the tasks
can be performed, but this time the patient must remember the stimuli association
previously described, because in the cases of “take the odd numbers” and “take
the even numbers” no writing appears on the screen.
Fourth level: it is structured like the third level, but also the writings “pop in
ascending/descending order” will disappear after a couple of seconds.
Fifth level: the player has to quickly pop as many correct balloons as possible
before they disappear. In fact, all the four balloons will fly off and disappear from
the screen. Only the tasks about the odd and the even numbers with their relative
visuo-stimuli, will be displayed.

Supermarket (Supermercato)

This exergame is set into a supermarket where the player is instructed to buy some
objects. A list of items to pick up is displayed at the game start. The user has
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a time between 8 and 25 s to memorize this list, depending on the level. When
the game starts the patient has to take the correct objects by moving the arm.
An audio feedback is provided, with either a positive or negative sound occurring
in case of correct or incorrect action, respectively. In the first, third, and fourth
levels, once the list has been completed and the patient collected all the objects,
they reappear on the screen in changed position. The user can collect the stored
objects again. The aim of this game is to train memory (verbal, non-verbal, and
visual), inhibition and selective attention, and hand–eye coordination.
First level: a temporary list of three food names must be memorized in eight
seconds. Then, the player has to collect the relative objects, moving them from
the two lateral shelves into the shopping bag (placed in the middle of the screen).
Some non-food distractors appear on the shelves. The semantic property (food or
non-food) of the objects is the crucial correctness factor of the activity. The game
score decreases if wrong objects are put into the bag. A visual feedback is also
provided (initially yellow health bar turns red when mistakes are made).
Second level: the player has to memorize four ordered objects in ten seconds.
These objects must be collected among other distracting items sliding on the con-
veyor belt. The game score decreases if the wrong object is taken or if the order
is not followed.
Third level: the player must memorize and follow four sequenced instructions
in twenty seconds. Each instruction refers to a different semantic characteristic
(shape, color, or material) of the objects to be collected. Collected items will not
reappear.
Fourth level: it is like the third level, but it differs for the higher number of
the objects in the scene and the number of instructions (five instead of four, to
remember in 25 s). In addition, the objects will reappear on the screen once
collected.

Business By Car (Commissioni Auto)

In this activity, the patient drives a car along a randomly generated road. In
particular, the car turns either left or right as the player moves the trunk laterally
to the left or to the right, respectively. The increase of the car speed is progressive,
until the player goes out of the carriageway, which causes a penalty in the score
and returns the speed to the initial condition. In this last case the car will be
repositioned on the path. At the beginning of the game, a list of places to visit
appears on the screen. The patient will have to memorize this list in a time that
varies between ten and twenty seconds, based on the selected level. Afterwards,
the game will start and the patient will have to drive the car along the path and
select the correct street at the crossroads to pass by the required places. Once
the errands are finished, a series of multiple choice questions will appear on the
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screen, relating to the list and places or about details present in the game scenes
or in the buildings visited. To answer the questions the patient has to raise his
arm and guide the hand that appears on the screen towards the answer button.
In detail, the three levels will be described which differ according to the number
of places to remember and the difficulty of the final questions. The aim is to train
visual memory, attention, postural balance, and correction reactions.
First level: in the easiest level, the patient must remember only four places to
visit. The buildings to see are simply written on the list, with no further writings,
to make the goal clear. At a crossroads, the navigator at the bottom-right will
indicate the correct route to take. If the patient happens to take the wrong path,
a message will appear, reminding him/her of the correct place to visit and to pay
more attention to the next crossroads. In the question scene, there will be two
questions relating only to the stuff to do, e.g., ”Was the first building to visit the
Supermarket?”
Second level: in this level the patient must remember five places. This time
a real list of errands to be carried out will appear at the beginning of the game
(e.g., ”Do the grocery shopping at the Supermarket.”). It can help the patient in
providing context and remembering where he/she needs to go. The navigator does
not indicate the correct path to take and only a warning message will appear on
screen if the player goes on the wrong direction. The final questions are three, two
of them about the list and the last one relating to a detail of a visited building
(i.e., ”What color was the Supermarket awning?”).
Third level: in the last level, the player must keep in mind six places. No warning
message will appear if the wrong way is taken. In the final scene, the patient should
answer to four questions, one related to the initial list and three concerning details
seen in the visited buildings.

Hot Air (Mongolfiera) and Shelf Cans (Lattine Bibite)

As anticipated, these two games are also present in the standard version of Re-
MoVES and are used to illustrate the movements to be performed and to famil-
iarize with the system. The movement of Hot Air activity has been modified as
requested by the clinical staff, now providing only a lateral movement of the trunk
without loading the weight on one leg.

3.5 Therapist Client

The Therapist Client is a web interface that allows user-friendly interaction with
the features offered by ReMoVES. The back-end is written in PHP and the front-
end uses the Bootstrap 4 framework and jQuery. Since Bootstrap 4 allows the
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layout to dynamically adjust to the size and kind of device, the portal is ”respon-
sive” and ensures the appropriate level of accessibility. This feature also permits
connections from mobile devices. Through data processing, the most important
characteristics are extracted and represented with graphs and figures. Therefore,
this data is better understandable and immediately available to medical personnel,
helping them to obtain a more accurate interpretation.

The Therapist Client management method has been structured according to
the following basic principles:

� Data aggregation: where multiple data sources are combined (game events
with motion data from Microsoft Kinect or Leap Motion sensors).

� Data selection: where the most relevant data for the analysis is restored from
the database.

� Data transformation: where data is transformed and consolidated into an
appropriate format for processing.

� Data processing: the essential process in which intelligent methods are ap-
plied to extract information of interest.

� Graphic presentation: in which visualization and representation techniques
are used to present the extracted information to the specialist.

The first three phases represent different forms of data manipulation that have
the objective of preparing them for the data processing. The last phase uses the
results obtained from the processing phase to propose different points of view that
make the information direct, clear and easy to read and understand. By processing
the data and extracting the patient’s performance indicators, it is possible to
provide the doctor with aggregate information of a single session, an entire therapy,
a single patient or multiple patients (dashboard); the doctor therefore has the
possibility of comparing these parameters. By applying this method, therapists
can easily access daily or periodic information about patients without having to
process data or read long reports. Furthermore, this approach does not exclude
doctors from viewing individual patient data of interest.

The possible functions of the Therapist Client, still being updated, are the
following:

1. Dashboard: inside the dashboard the doctor can monitor all the patients
he is following. For example, with a first visualization he can check which
patients have carried out the prescribed activity and give a first overview.
Next, the specialist in detail can monitor a report of the actual activity of
individual patients. A possible ”alert” can be added to indicate whether or
not the patient has complied with the prescription ordered by the doctor.
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2. Prescription of the individual treatment plan: in this section, the therapist
has the possibility to create the treatment plan prescription, by planning the
type of activity, how many times a day or a week, what levels and in what
period (Figure 3.6).

Figure 3.6: Treatment plan selection page within the Therapist Client.

3. Visualization of possible activities and pathologies: it will be possible to
search for patients through two filters, that of the type of activity and the
type of pathology, to have a faster search for patients of interest and to
facilitate comparisons.

4. Viewing facilities and patients being treated: in the therapist client there will
also be a division dedicated to the management of users divided according
to the place where they carry out the telerehabilitation activity.

5. Personalized patient section: there may be a section relating to the patient
profile in which some non-sensitive personal data such as age, pathology,
place of hospitalization and start of treatment will be entered. Through
this page it will be possible to access the prescription of the personalized
treatment plan and to view all the gaming sessions that the patient has
played.

6. Automatic analysis of significant parameters: the significant parameters that
the multidimensional team will want to view automatically will be agreed
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(a) Shoulder rotation and lateral angles (Equilibrium Paint).

(b) Percentage of deviation (Bisection Test).

(c) Velocity (Owl Nest).

Figure 3.7: Automatic analysis of some parameters displayed in the Therapist
Client.

upon and the system will be updated accordingly. The Figure 3.7 shows
some display examples.



Chapter 4

Signal processing for human
movement analysis

The problem of human movement tracking is addressed here in relation to the
possibility of acquiring and estimating the position of body points from sensors of
various types.

A stochastic (or random) process is a correspondence that associates a temporal
function to each possible result of an experiment. Each repetition of the experiment
(i.e., a trial) gives rise to one of the process realizations.

Given a 3D space defined by the axes (x, y, z), a generic point j belonging
to the human body can ideally be traced during movement and described by the
3-component vector random signal {v⃗Bj(t)} defined as:

{v⃗Bj(t)} =

{xBj(t)}
{yBj(t)}
{zBj(t)}

 (4.1)

This is a three-dimensional random process that carries information on the
actual instantaneous position of the generic j − th body point. When referencing
the position to an external marker attached to the body surface, the signal carries
the actual position of the corresponding point in space. On the contrary, when it
comes from a skeletal representation of the movement of the human body, j points
corresponding to the main human joints are reconstructed.

Starting from these basic signals, other useful signals can be obtained in the
kinematic analysis of the person’s movements. For example, displacements and
trajectories in 3D space, on a plane, or along an axis, as well as speed, acceleration,
etc. can be instantly measured. Distances, speed and acceleration of each point or
set of points can be studied in the same way. From the 3D coordinates any angle
can be measured as well. A temporal feature signal ψ(t) can be then measured
and studied.
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Assuming that the subject is in a given state Γ, some characteristics of interest
can be observed. Accordingly, a resting state Rβ is defined, along with a specific
motion state, Mα, to indicate specific resting positions or certain motions during
which the features can be extracted. In the former case one can speak of Instant
Features, i.e., ψ(t)|Rβ, in the latter case one deal with Dynamic Features, ψ(t)|Mα.

The prerequisite for a random process to be stationary concerns its statistical
behavior; the analysis of the statistical properties of any order is meaningful only
if this property is verified. In such a complex pattern as in the signal depicting
human movement, stationarity holds only if the signal is conditioned to a specific
rest or dynamic state.

For the subsequent definition of signals and noise models it is therefore neces-
sary to define some working conditions, which are also fundamental in the subse-
quent signal processing and analysis phases.

The three components of signal {v⃗Bj(t)} are independent, their mean power,
under stationarity hypothesis, being S2

ij(t) where i is the spatial index i ∈ {x, y, z}
of the j − th joint. For instance, in the vertical axis, the mean power of joint j
conditioned to a generic state Γ is:

S2
yj(t)|Γ = E{y2Bj(t)|Γ} (4.2)

Stationarity is a precondition to verify the ergodicity property that allows to
use temporal mean operator in the place of statistical expected values.

Markerless sensors are able to produce, through an analytical reconstruction
process, 3D signals for a series of points of the human body not necessarily be-
longing to the external surface, very often referring to a skeletal representation.

Noise Models

The major signal noise sources in real applications refer to the classical additive
and multiplicative noises, as described in Equation 4.3 for the x-coordinate of the
j − th point, taken as an example:

{xj(t)} = {(xBj(t) + nxj(t))} · {mxj(t)} (4.3)

where xj(t) is the acquired signal, nxj(t) is the independent additive noise and
mxj(t) is the independent multiplicative noise used generally to describe impulsive
non linearities.
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Additive Noise

The multidimensional additive noise {nij(t)} is a zero-mean 3-component vector
signal for each joint j:

n⃗j(t) =

{nxj(t)}
{nyj(t)}
{nzj(t)}

 = {nij(t)} (4.4)

Additive noise is generally independent on the signal and in many applications
is supposed to be independent, identically distributed (IID), meaning that the
covariance matrix, defined by:

Σn = {n⃗j(t) · n⃗k(t)
T} = E{nij(t) · nlk(t)} ∀i, j, l, k (4.5)

is diagonal with:
σ2
nij

= constant ∀i, j (4.6)

Impulsive Noise

One of the most used models for impulsive noise is the Poisson-Gaussian model.
A random sequence of Dirac pulses based on a Poisson point process, {b(t)} is
given, that is amplitude modulated with the independent Gaussian random process
{a(t)}. This is given as input to a linear time-invariant filter whose pulse response
is a rectangle pulse of fixed length T:

h(t) = Π

(
t

T

)
(4.7)

The output is then:

{w(t)} =

{
+∞∑

m=−∞

a · h(t− tm)

}
=

{
+∞∑

m=−∞

a · Π
(
t− tm

T

)}
(4.8)

with randomly placed rectangle pulses, amplitude modulated, occurring at random
time instants tm with a rate governed by the Poisson density λ.

4.0.1 Kinect signal noise models

Occlusion by the body or joint, incorrect posture, scenarios in which the skele-
tal joint position is outside the sensor’s field of view, or the distance of a human
body from the sensor are some of the factors that may compromise the accuracy
of the Kinect. In these kinds of situations, the skeletal joint is incorrectly inferred,
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which results in an atypical tracking and changing of the skeletal joint’s posi-
tion. Moreover, the acquisition computer’s runtime computational and memory
capacity greatly influences the variable frame rate at which Kinect data is ob-
tained. Combining a portable and low-cost sensor with suitable signal processing
techniques could yield systems with acceptable performance in most medical and
rehabilitation applications [31,53].

The Kinect signal is the digitized version of the signal described at 4.3. The
additive and multiplicative noises of the Kinect have been analyzed empirically
and the following conclusions can be drawn, also based on the SoA works [201].

Additive noise in the Kinect Sensor

Additive noise is independent of the signal, with independent components that
are not identically distributed. Then, the covariance matrix is diagonal, but its
elements are not necessarily equal as in the case of IID noise. In fact, ∀ joints j, k
and ∀ axis i, l it holds:. They are:

σ2
nij

̸= σ2
nlk

(4.9)

Following the definitions, σ2
nij

has the meaning of variance and mean power at one
time.

Impulsive noise in the Kinect Sensor

Based on a statistical analysis of the Kinect signal, as it is also reported in the
literature, a loss of the signal at the sensor is experienced which randomly happens
at some independent instant times, that can be modeled as a multiplicative noise.
A good statistical model is based on an unmodulated Poisson process. The {b(t)}
process of Poisson distributed ideal Dirac pulses is now provided directly as input
to a filter whose response is a rectangular pulse of random length d. Given the
impulse response h(t) =

∏(
t
d

)
, the randomness refers to the duration of the pulse

rather than its amplitude (of fixed unit value). It follows that:

{w(t)} =

{
+∞∑

m=−∞

∏(
t− tm
d

)}
(4.10)

Finally, the loss of signals occurring at the generic axis i of the joint j is the
multiplicative model:

{mij(t)} = {1− w(t)} (4.11)

In conclusion it is clear that, by construction, this noise turns to be a binary
stationary process with the following probability density function (pdf):

fm(M) = P0 · δ(M) + P1 · δ(M − 1) (4.12)
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where
P0 = P{m(t) = 0} = P{w(t) = 1} (4.13)

4.1 Signal filtering

To deal with the noise problem that affects the Microsoft Kinect, the proposed
procedure is here described. First, the zero runs of the signal were automatically
located, then the missing samples are filled by a spline interpolation. The type
of noise that primarily affects the signal is impulsive. Hence a non-linear filtering
operation is required. However, the classic median filter does not work properly in
the current situation, due to the large peak density. As a result, adaptive filtering,
consisting of a combination of outlier detection with median value substitution, is
designed to guide the de-noising operation based on the statistical properties of
the signal. In particular, once the outliers are detected, they are replaced by the
median value in a window of dimension fifteen, in order to remove the noise while
preserving the original signal as much as possible. After impulsive noise removal
the error becomes:

ϵ2yjF = P1 · σ2
nyj

(4.14)

The expected improvement is reflected on the error reduction factor:

ϵ2yjF
ϵ2yj

=
P1

1 + P0 · (SNR− 1)
(4.15)

where SNR is the signal-to-noise ratio defined as:

SNR =
S2
yj

σ2
nyj

(4.16)

One can notice that the error decreased more consistently in the case of large
SNR and large P0 values.

After eliminating non-linearities, a final low-pass filtering is performed to make
the signal smoother.

4.1.1 Interpolation

The interpolation is a method for identifying new points on the Cartesian plane
starting from a discrete set of data points.

Given a sequence of N distinct real numbers xk and for each of these is given a
second number yk. A function f capable of describing a relationship between the
set of xk and the set of yk is identified in such a way that:

f(xk) = yk for k = 1, ..., N (4.17)
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A pair (xk,yk) is called data point and f is called interpolating function for the
data points. Interpolation methods differ in terms of accuracy, cost, number of
data points needed, and smoothness of the resulting interpolating function.

For sake of conclusion, the spline interpolation, that were used during the
analysis of the Kinect signals, will be described below.

Spline interpolation

A spline fm : [a, b] → R is a piecewise polynomial function of degree m, such that

fm ∈ Cm−1([a, b]) (4.18)

whose m−1 derivative is differentiable. In particular, given the pairs (xk,yk), with
xk < xk+1(k = 1, ..., N) the spline is said to interpolate if

fm(xk) = yk for k = 1, ..., N (4.19)

With m = 3 the so-called cubic splines f3 are obtained, i.e., functions which in
every interval [xi, xi+1] (for i = 1, ..., N − 1) are polynomials of degree m = 3 and
globally functions of class C2([a, b]). In each interval [xi, xi+1] the function takes
the form:

f3(x) = akx
3 + bkx

2 + ckx+ dk for x ∈ [xi, xi+1] (4.20)

Spline interpolation is often preferred over polynomial interpolation because the
interpolation error can be made small even when using low-degree polynomials for
the spline. Furthermore, spline interpolation is easier to evaluate than the high
degree polynomials required by polynomial interpolation and does not suffer from
Runge’s phenomenon, since it is less susceptible to heavy oscillation between data
points.

In the present work, zero runs of the signal were automatically identified and
a traditional spline interpolation was applied to fill in the missing samples. The
results obtained appear to be reliable and accurate, as shown in the Figure 4.1.
A possible future improvement could be to use probabilistic interpolation, as de-
scribed by the authors of [202].

4.1.2 Chebyshev outlier detection method

Impulsive behaviors were observed in the three dimensions of signals, possibly
due to the temporary loss of Kinect joint tracking. Since large or high-frequency
calibration errors can significantly alter the movement of signals and lead to errors
in the measurement of clinical indicators, filtering techniques had to be applied
prior to their calculation. The way to deal with outliers was to remove values
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Figure 4.1: In blue the original signal, in red the interpolation.

whose distance from the mean of the signal was greater than λ times its standard
deviation.

Since the signal statistical model is not perfectly known, the more conservative
Chebyshev inequality approach [203, 204] is applied to obtain the lower bound
value:

P (|x− µ| ≤ λσ) ≥ 1− 1

λ2
(4.21)

with x being the random variable associated to a generic signal sample, described
by µ and σ2, which are respectively the estimation of its mean and variance. If
1 − 1/λ2 = 0.89, outlier values are the ones differing more than λ = 3 times the
standard deviation from the mean value. The Chebyshev inequality can also gives
the upper bound of the probability expressed as:

P (|x− µ| ≥ λσ) ≤ 1

λ2
(4.22)

The Chebyshev outlier detection method was inspired by work in the literature
[205]. The lower and upper outlier detection values (ODVs) will be calculated and
when data values exceed these thresholds, they will be treated as outliers. To
determine which values are outliers, the following steps are performed:

1. The expected probability p of seeing outlier is decided.

2. The probability p value is used to find λ using Equation 4.22:

λ =
1
√
p

(4.23)

3. The upper and lower ODVs are calculated using the following equations:

ODVu = µ+ λ ∗ σ (4.24)

ODVl = µ− λ ∗ σ (4.25)

All data larger than ODVu or smaller than ODVl are considered outlier.
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Figure 4.2: Signal filtering action through the Chebyshev method - full signal and
frame detail.

4. The outlier values are replaced by the median value in a window of dimension
fifteen.

An example of outlier detection operation is provided in Figure 4.2.

4.1.3 Butterworth filter

Once the outliers are detected and substituted, the low-pass Butterworth filter is
applied. The signals acquired by the sensor appear to be stationary with respect to
the mean, and devoid of useful information at high frequencies. The Butterworth
filter [206] has the purpose of keeping the frequency response in the passband as
flat as possible. On a Bode plot, the frequency response slopes off linearly towards
negative infinity (Figure 4.3 [207]). The attenuation of a first order filter is equal
to 20 dB/decade; of second order filter is 40 dB/decade and so on, with a steeper
slope as the order increases. The frequency response of an n-order filter can be
defined as:

|(T (jω)| = 1√
1 + ω2n

(4.26)
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Figure 4.3: The frequency response of a first-order low-pass Butterworth filter.

where n is the order of the filter, ω is the ratio between the frequency of the signal
and the cut-off frequency.

For signal regularization, after few tests a 2nd order Butterworth filter with
cut-off frequency of 2 Hz was implemented. An example of such filtering operation
is provided in Figure 4.4.

4.2 Motion segmentation

A segmentation step is necessary in order to analyze reliable characteristics from
the data. It is applied to extract individual repetitions from a continuous motion
sequence of an exercise, and it depends on the exergame, namely it is driven by the
movement pattern required by the game task. Decomposing the signal formed by
complex movements into portions of elementary movements is of fundamental im-
portance for the study of the patient’s behavioral pattern and for the evaluation of
rehabilitative physical exercise. In fact, these complex movements are stimulated
with task-oriented exercises, but for the extraction of the main features (e.g., speed
of execution, range of motion, trajectory performed, etc.) it is necessary to study
the primitive movement in order to obtain a more precise and accurate analysis.
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(b) Portion of the filtered signal.

Figure 4.4: Signal filtering action with the low-pass Butterworth filter.

The studied approaches are of 2 types: (1) approaches that use other signals
to identify the start and end of movement, and (2) approaches that determine the
segments based on the zero crossing method.

In the first case the Shelf Cans activity is considered which requires the exe-
cution of three specific movements, which are a set of basic flexion-extension and
adduction-abduction movements of the upper limb. The movements Mα, Mβ, and
Mγ are defined to indicate respectively the movements to bring the red, orange
and green can on the respective shelves. The multilevel signal CanColor retrived
from the game session, consists of 4 levels that change based on the can taken
(i.e., 0 - no can, 1 - green can, 2 - orange can, 3 - red can). Such signal allows
to divide and consider separately the three trajectories made by the patient. The
segmentation begins the instant the patient takes a can and ends when he places
it on a shelf. An example of such segmentation is provided in Figure 5.17.

The second approach was used in the Sit-to-Stand exercise to discern the as-
cending and descending phases by determining the segments through zero crossings
of the velocity of the Center of Mass (CoM). For a better robustness the CoM is
introduced as a virtual joint given by the middle point between the right and the
left hips (joints 17 and 19 in Figure 4.5, respectively), and spine middle joint (joint
7):

COM = (x̄, ȳ, z̄) =

(
x17 + x19 + x7

3
,
y17 + y19 + y7

3
,
z17 + z19 + z7

3

)
(4.27)
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Figure 4.5: Joints tracked by Microsoft Kinect sensor.

The identification of the activation times corresponding to reaching the stand-
ing and sitting positions is then based on the vertical speed of the CoM. When the
person is standing or sitting the vertical speed is approximately zero, when the
person is standing up the speed increases; on the contrary when the person sits
down the speed is negative. The local maxima and minima are then identified as
the zero-crossings of CoM speed as shown in Figure 4.6. All the available signals
can subsequently be automatically split into Up Phase and Down Phase so that
features can be computed separately with respect to these basic movements.
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Figure 4.6: Zero-crossing of the velocity of the CoM.
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4.3 Features extraction

The ReMoVES system records each game session along with the name of the game
played, instant start and end times, final score and other game parameters for quick
database querying. In addition to patient prescription, the features of interest can
be classified as:

1. Instant Features,

2. Dynamic Features.

After the signal segmentation step, the automatic localization of the instanta-
neous time referring to some specific positions of the subject, the precise measure-
ment of each joint constitutes the Instant Feature that allow one to understand
the posture and compare it with the one indicated by the exergame.

Dynamic Features describe the kinematic movement that the subjects per-
formed and refer to the Range of Movement in a given period of interest, the
actual temporal displacement of the joints, or the change of angles during a spe-
cific movement.

Base Features are the joints position at an instant point which are directly
accessible by signal punctual value. Even though coordinates in the 3D space are
available for each joint at each time, much often their position in only one axis
can be required.

Starting from Base Features, Derived Features are extracted by processing and
combining the joint signals.

Some basic trigonometry concepts will be given below to introduce the calcu-
lation of angles in the case of human movement.

4.3.1 Angles computation

Vector

From a geometric point of view, a vector is an oriented segment characterized by
a direction and a magnitude. The direction passes through the extremes, from
the tail to the head of the vector; while the magnitude represents the length or
intensity of the vector.

In general, a vector is indicated by a letter with an arrow above it. If v is a
generic vector, then the notation to use will be:

v⃗ (4.28)

while the magnitude of the vector will be indicated with the notation:

∥v⃗∥ (4.29)
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Figure 4.7: Graphic representation of a vector.

A unit vector is a vector of length 1 which is used to characterize other vectors
by identifying a specific direction. Given a vector v⃗, the unit vector is defined as
the ratio of v⃗ to its magnitude ∥v⃗∥:

v̂ =
v⃗

∥v⃗∥
(4.30)

Representations in a Cartesian coordinate system

Consider a system of orthogonal Cartesian axes and an applied vector v⃗ =
−→
OA

with the origin of the reference plane as its point of application. The Cartesian
components of the vector v⃗ are the Cartesian coordinates of the point A and they
are indicated by vx and vy, respectively for the component of v⃗ along the x-axis
and along the y-axis.

Figure 4.8: Cartesian representation of a vector in the plane.

Cartesian components can be used to define v⃗ with the following notation:

v⃗ = (vx, vy) = vx⃗i+ vy j⃗ (4.31)

where i⃗ and j⃗ are unit vectors representing the directions of the coordinate axes,
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and the algebraic formulas of the components vx and vy are given by:{
vx = v cos(θ)

vy = v sin(θ)
(4.32)

In a similar way, in three dimensional Euclidean space, vector v⃗ is identified
with triples of scalar components:

v⃗ = (vx, vy, vz) (4.33)

Operations between vectors

Dot product

The dot product of two vectors v⃗, u⃗ ∈ Rn is denoted by v⃗ · u⃗ and is defined as:

v⃗ · u⃗ = v1u1 + v2u2 + ...+ vnun (4.34)

whose result is a scalar.
The dot product can also be defined by the angle formed between the vectors

v⃗ and u⃗:

v⃗ · u⃗ = ∥v⃗∥∥u⃗∥ cos(θ) (4.35)

Magnitude

The magnitude or length of the vector v⃗ can be computed with the Euclidean
norm:

∥v⃗∥ =
√
v21 + v22 + ...+ v2n (4.36)

Similarly, the magnitude of the vector v⃗ can be expressed also in terms of dot
product:

∥v⃗∥ =
√
v⃗ · v⃗ (4.37)

Cross product

The cross product is only meaningful in three dimensions. The cross product
denoted as v⃗ × u⃗, is a vector perpendicular to both v⃗ and u⃗ and is defined as:

v⃗ × u⃗ = ∥v⃗∥∥u⃗∥ sin(θ)k⃗ (4.38)

where θ is the angle between v⃗ and u⃗, and k⃗ is a unit vector perpendicular to both
v⃗ and u⃗ obtained with the right-handed system.
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Figure 4.9: Cross product between the vectors v⃗ and u⃗.

Body Kinematics

Kinematics defines body motion without taking into account the forces that cause
it to move. Firstly, to describe the position of a point in a 3D space, the reference
system must be defined. The system used is the Cartesian coordinate system, de-
fined as follows and shown in Figure 4.10. The direction of the X-axis corresponds
to the horizontal direction of motion. The Y-axis is orthogonal to the X-axis,
pointing vertically upwards, while the Z-axis is perpendicular to the X-Y plane in
the outward direction.

Figure 4.10: Cartesian coordinate system.

The human body is composed of several segments connected to joints. Al-
though human motion involves movement in a 3D space, basic primitive motion
can often be studied in a single plane. The three anatomical planes are thus
defined [208] and displayed in Figure 4.11 [209]:

� Sagittal plane, which divides the body into two halves right and left. Move-
ments in this plane occur around a medial-lateral axis and are called flexion
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and extension.

� Frontal or coronal plane, which divides the body into anterior and posterior
sections. The movements described on the frontal plane have an anteroposte-
rior axis as their fulcrum and are called abduction and adduction movements.

� Transverse plane, which divides the body into upper and lower halves. The
movement described takes place on a vertical axis and is defined as rotation.

Figure 4.11: Reference anatomical planes.

With respect to the reference Cartesian system defined previously, the X-Y
plane represents the Frontal plane, the Y-Z plane represents the Sagittal plane
and finally, the X-Z plane the Transverse one.

In the literature, the study of the angles between two body segments and the
Range of Motion of a particular joint is tackled with numerous approaches, some-
times equivalent to each other. The three most significant and used approaches
will be illustrated below, comparing the strengths and weaknesses of each in the
application context of this thesis.

Law of cosine

In trigonometry, in any triangle, the square of one side is equal to the sum of the
squares of the other two sides decreased by the double product of these two sides
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multiplied by the cosine of the angle they form. Using notation as in Figure 4.12,
the law of cosines states:

a2 = b2 + c2 − 2bc cosα (4.39a)

b2 = a2 + c2 − 2ac cos β (4.39b)

c2 = a2 + b2 − 2ab cos γ (4.39c)

Figure 4.12: A triangle, whose sides are a, b, and c and the angles are α, β and γ.

This theorem is used to find one of the angles of the triangle if the three sides
are known:

γ = arccos

(
a2 + b2 − c2

2ab

)
(4.40)

From a physiological point of view, the Figure 4.13 shows an example of ap-
plication of the cosine law to obtain the angle of the knee joint. The hip-knee
and ankle-knee body segments are considered, plus an imaginary segment from
the ankle to the hip.

In the literature, the Cosine theorem has been used by some papers to compare
the angles calculated on the basis of Vicon and Kinect tracking data [210] or to
check the posture of some exercises in an home environment [211] and to evaluate
the Range of Motion of the shoulder joint [212].

Angle between vectors

The convex angle between two vectors v⃗ and u⃗ is defined starting from the formula
of the dot product:

cos(θ) =
v⃗ · u⃗

∥v⃗∥∥u⃗∥
(4.41)

from which it derives:

θ = arccos

(
v⃗ · u⃗

∥v⃗∥∥u⃗∥

)
θ ∈ [0, π] (4.42)



CHAPTER 4. SIGNAL PROCESSING FOR HUMAN MOVEMENT ANALYSIS 56

Figure 4.13: Visualization of the knee joint angle using the Cosine theorem.

The authors of the article [53] analyzed and studied the movement and the
Range of Motion of the upper limb to monitor musculoskeletal disorders.

The formula derived from the dot product, however, can lead to less accuracy if
the angle between the two vectors is small, and can also lead to rounding errors if
the two vectors are parallel or opposite. An alternative could be to use the arctan
function, which is more robust than the arccos, in handling small angles [213]:

θ = arctan

(
∥v⃗ × u⃗∥
v⃗ · u⃗

)
(4.43)

Absolute and relative angles

The absolute angle is defined as “the angular orientation of a body segment mea-
sured consistently in the same direction with respect to a single, fixed line of
reference, either vertical or horizontal” [214]. The relative angle is “the angle at a
joint formed between the longitudinal axes of the body segments adjacent to the
joint” [215].

There are numerous variations for calculating these angles [31, 216], the nota-
tion used will be explained below.

By convention, the absolute angles are measured in a counterclockwise di-
rection, starting with the horizontal equal to 0◦. In Figure 4.14, the calculated
absolute angles with respect to the horizontal are marked in red, while the relative
angle of the knee joint is marked in blue. To determine absolute joint angles the
following trigonometric relationship can be used:

θshank = arctan

(
yproximal − ydistal
xproximal − xdistal

)
(4.44)
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Figure 4.14: In red, the absolute angles of the thigh and the shank joints. In blue,
the relative angle of the knee joint.

where (xproximal, yproximal) are the coordinates of knee joint and (xdistal, ydistal) are
the coordinates of the ankle joint. Relative angles can be determined from the
absolute angles, i.e., for the knee angle:

θknee = 180◦ + θshank − θthigh (4.45)

4.3.2 Dynamic Time Warping

The result of segmentation allows the temporal comparison of specific movements.
A rigid matching between the signals referring to some repetitions is meaningless
and an elastic matching is then proposed through the Dynamic Time Warping
(DTW) method.

DTW is a technique used in pattern recognition and time series analysis, mostly
employed for assessing and evaluating the distance between two time sequences
[217]. When the two sequences have different lengths or they present time shifts,
speed variations, or other distortions, this approach can still determine the optimal
alignment between them. As a result, a cost is calculated that quantifies how
dissimilar they are, with a low DTW value suggesting greater similarity. Two
signals from the same joint j are given:

yj(kTs)|Ma,f (4.46)

yj(kTs)|Ma,g (4.47)

respectively referring to two repetitions f and g of the same movementMα, starting
respectively at time Tf and Tg, whose length is FTs and GTs. They are at first
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temporally aligned at the starting time:

sf (ϕ) = yj(ϕ · Ts − Tf ) · Π
(
(ϕ− F/2) · Ts − Tf

F · Ts

)
(4.48)

sg(γ) = yj(γ · Ts − Tg) · Π
(
(γ −G/2) · Ts − Tg

G · Ts

)
(4.49)

The F ×G cost matrix C is constructed whose (ϕ− th, γ − th) element is the
distance between sf (ϕ) and sg(γ), where ϕ being an index from 0 to F − 1 and γ
from 0 to G− 1.

An alignment warping path π of length K is a sequence of index pairs (ϕk, γk)
with the following properties:

1. Boundary condition: ϕ0 = γ0 = 0 and ϕK−1 = F − 1, γK−1 = G− 1 .

2. Monotonic condition: ϕk ≥ ϕk−1 and γk ≥ γk−1.

3. Continuity condition: ϕk − ϕk−1 ≤ 1 and γk − γk−1 ≤ 1.

The cost Cπ(sf , sg) of a warping path π is then defined as:

Cπ(sf , sg) =
K−1∑
k=0

C(sf (ϕk), sg(γk)) (4.50)

where C(sf (ϕk), sg(γk)) is the Euclidean distance:

C(sf (ϕk), sg(γk)) =
√
(sf (ϕk)2 + sg(γk)2) (4.51)

The Dynamic Time Warping (DTW) distance is finally defined as the total
cost of the optimal warping path π∗. Then the similarity (distance) feature mea-
surements becomes an optimization problem and an algorithm based on dynamic
programming is implemented:

D(ϕ, γ) = C(ϕ, γ) +min{D(ϕ− 1, γ − 1), D(ϕ− 1, γ), D(ϕ, γ − 1)} (4.52)

where D define the F ×G accumulated cost matrix.

The signal shape is here of interest, more than the specific absolute amplitude
or a rigid timing of successive elementary movements. To face this problem a
normalization procedure of the signal amplitude before the actual application of
the DTW algorithm is needed. The normalized signals are therefore:

s′f =
(sf −min(sf ))

(max(sf )−min(sf ))
(4.53)

s′g =
(sg −min(sg))

(max(sg)−min(sg))
(4.54)
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whose value is in the [0,1] interval.
In order to use DTW as a descriptive feature, the reference joint signals for

each movement of interest has been defined. The best performed repetition pattern
associated to the most precise movement has been used as the reference model:

sf (ϕ · Ts)∗ = yj(kTs)|M∗
a,f (4.55)

4.4 Adopted solution

The solution adopted in this thesis for the processing of received signals and data
is schematized in Figure 4.15. The raw data is acquired from the ReMoVES sys-
tem, these signals are filtered with different techniques to deal with all the possible
problems that could affect a signal coming from the Kinect sensor. Then, depend-
ing on the exergame considered, the signal is segmented into small portions to
consider only the primitive movement. Subsequently, the features are extracted,
which will then be analyzed individually also with statistical methods to com-
pare the performance of the patients with the group of healthy subjects. In this
way, conclusions will be drawn regarding the main features that help distinguish
between the two groups. As regards angular features, the different techniques dis-
cussed in Section 4.3.1 give similar results. Therefore, in a similar way to what
described by the authors of the study [218], in this work the relative angles of a
body joint calculated with Equations 4.40 and 4.43 will be considered; while the
inclinations of a body segment will be analyzed through the computation of the
absolute angles seen in Equation 4.44.

Figure 4.15: Flow chart of the proposed approach.
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4.5 Extracted Parameters

At the end of each game session, the parameters useful for investigating the player’s
performance are collected in a JSON file and provided for the analysis. The po-
sitions of the joints recorded by the Kinect device will be used to reconstruct
the movement performed, using the angle formulas described in the previous para-
graphs. In the following description, the coordinates of the Kinect joints numbered
as in the Figure 4.5 will be taken as reference, taking into account that the x, y,
and z represent the mediolateral, vertical, and anteroposterior directions, respec-
tively.

Below the indicators and parameters extracted based on the application or type
of exergame analyzed in this thesis will be described.

4.5.1 Sit-To-Stand

A first direct indicator regarding the patient’s performance after the execution of
the STS is the number of sit-up occurrences (NSU) during the 30 seconds duration
of the activity. This is computed by analyzing the trajectory of the spine middle
joint (joint 7) along the vertical axis. Each peak of such a trajectory represents
a sit-up. After the segmentation phase illustrated in Section 4.2, the movement
features are separately computed in the ascending (Up) and descending (Down)
phases in order to provide a fragmented and specific analysis of the patients’ ses-
sions. Two different studies were conducted, applying different methodologies for
calculating the indicators.

For the first study, the definition of the considered features was inspired by
works in the literature such as [219,220].

The upper-body flexion angle (UBFA), represents the angle of flexion of the trunk
and is computed as:

UBFA = arctan
z2 − z7
y2 − y7

(4.56)

The UBFA is maximal when the player is in a standing position, and reaches
values of approximately 90◦ when sitting. For standing up, the player should move
forward, which results in a decrease in sitting UBFA.

Similarly to the UBFA, the indicator of the lower-limb flexion angle (LLFA)
represents the knee angle, and can be computed for both the left and the right
limb. It is defined as:

LLFA = 180◦ + θfemur − θtibia (4.57)

where θfemur = arctan
z20 − z19
y20 − y19

, θtibia = arctan
z22 − z20
y22 − y20

for the left limb and
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θfemur = arctan
z21 − z17
y21 − y17

, θtibia = arctan
z24 − z21
y24 − y21

for the right limb.

Variation in this angle for both the left and the right limb is similar to the tra-
jectory of the spine middle joint (see Section 5.2.1).

During this activity, patients may adopt erroneous behavior such as moving
the shoulders or hips. Hence, it is important that therapists supervising the reha-
bilitation are informed about these compensatory movements. Regarding shoulder
movement, the upper-body twist angle (UBTA) depicts the angle of the line joining
the shoulders on the axial plane:

UBTA = arctan
y5 − y3
x5 − x3

(4.58)

Hip displacement is calculated on the basis of the anteroposterior and medi-
olateral displacement of the center of mass (COM) defined as in Equation 4.27.
Hence, center-of-mass anteroposterior movement (COM AP) and center of mass
mediolateral movement (COM ML) indicators depict COM positions on the ax-
ial plane.

To conclude, upper-frame velocity (UfV) is the velocity of motion in either
the ascending or descending phase. For one ascending phase, it is computed as:

UfVup =
zpeak − zlocalmin

timepeak − timelocalmin

(4.59)

Similarly, in the descending phase, it is:

UfVdown = − zlocalmin − zpeak
timelocalmin − timepeak

(4.60)

During the second study, some angular features were calculated with a different
approach compared to the first study. Furthermore, other useful indicators have
been added for a more complete analysis.

The internal angle at the knee is calculated as a relative angle because it corre-
sponds to an articulation between three joints. The formula used is the following:

θknee = arctan

(
∥v⃗ × u⃗∥
v⃗ · u⃗

)
(4.61)

where v⃗ and u⃗ are the knee-hip and knee-ankle vectors, respectively.
The trunk flexion angle, in the sagittal plane, is defined as the absolute angle

of the segment linking Spine Base with Spine Shoulder joints with respect to the
antero-posterior axis in the body frontal direction and can be measured as:

θflexion−trunk = 180− θH = arctan

(
∆y

∆z

)
(4.62)
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Other angles depicting the deviation with respect to the required vertical or
horizontal directions are computed in terms of absolute angles as well. For instance,
compensation movements are observed through lateral body angles or shoulder
rotations. The angle of the trunk in the frontal plane with respect to the vertical
axis takes into account lateral deflection during the movement and is computed
as:

θlateral−trunk = θ

(
yspine−shoulder − yspine−base

xspine−shoulder − xspine−base

)
(4.63)

Shoulder angle in the frontal plane takes into account inclination of the line
joining right and left shoulders with respect to the horizontal line (up and down
shoulders):

θshoulder up = arctan

(
yshoulder−right − yshoulder−left

xshoulder−right − xshoulder−left

)
(4.64)

where if θshoulder up > 0, the right shoulder is higher than the left.
Shoulder twist angle takes into account the rotation of shoulders:

θshoulder twist = arctan

(
zshoulder−left − zshoulder−right

xshoulder−left − xshoulder−right

)
(4.65)

where if θshoulder twist > 0, the right shoulder is further forward than the left.
The main Instant Features of interest at rest positions are the torso and knees

angles. At the standing position the knee extension (Max) angles, and upper body
extension angle are defined. Instead, at the sitting position the knee flexion (Min)
angle, and the upper body extension angle are computed.

Dynamic Features are relate to complex or single movements. Referring to
the segmented Up and Down phases described in Section 4.2, some specific fea-
tures are of clinical relevance. The min trunk angles and displacements during the
ascending and descending phases explain the flexion required for a correct execu-
tion of the whole movement. Ascending and descending times were also considered.
Features related to undesired compensatory movements are easily evaluated through
ROM computed both as displacement and angle variations. Some compensatory
motions must be avoided such as the medio-lateral inclination of the trunk, since it
is requested to preserve the vertical position. The rotation of the shoulder axis as
compared with the horizontal required position and the shoulder rotations in the
transverse plane are also computed. Finally, the average of the DTW measured
when comparing each segment of a session with the reference model is obtained.

4.5.2 Upper limb motion

Patients data have been analyzed both with 3D coordinates of Kinect joints and
through 2D data obtained by the exergame itself. Two studies were carried out
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on upper limb rehabilitation using two different approaches to calculate the angles
and ROMs of the shoulder, elbow and trunk.

For the first study, the computed indicators are the range of motion of the
shoulder and elbow in the coronal plane, and the range of motion of the trunk
in the sagittal plane. In particular, let us consider a fixed time, and define the
shoulder and elbow angles in the coronal plane, and the trunk angle in the sagittal
plane as:

θshoulder = arctan
z8 − z5
x8 − x5

(4.66)

θelbow = θshoulder − arctan
z8 − z16
x8 − x16

(4.67)

θtrunk = arctan
z4 − z7
y4 − y7

(4.68)

respectively. Notice that shoulder ad elbow angles have been defined with respect
to the right arm; the definition for the left arm is straightforward. Hence, the
Range of Motion of the shoulder and elbow in the coronal plane, and the range of
motion of the trunk in the sagittal plane are defined as:

ROM(θshoulder) = max θshoulder −min θshoulder (4.69)

ROM(θelbow) = max θelbow −min θelbow (4.70)

ROM(θtrunk) = max θtrunk −min θtrunk (4.71)

respectively.

For the second study, the Range of Motion feature was computed for the elbow
and shoulder joints in the three anatomical planes and in 3D space. An example
of the equations used to compute the elbow angle in the coronal plane are the
following:

a =
√

(x5 − x8)2 + (y5 − y8)2 (4.72)

b =
√
(x16 − x8)2 + (y16 − y8)2 (4.73)

c =
√

(x5 − x16)2 + (y5 − y16)2 (4.74)

where the joints 5, 8, and 16 are respectively for right shoulder, right elbow, and
right wrist. From these equations the θelbow is derived:

θelbow = arccos
a2 + b2 − c2

2ab
(4.75)
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Moreover, the tilt and twist of the trunk, i.e., lateral and antero-posterior incli-
nations on coronal and sagittal planes and trunk rotation on the transverse plane,
are considered. For this kind of rehabilitation, these movements are an undesired
strategy adopted by the patient during the execution of the arm flexion–extension
and abduction–adduction exercises.

In addition to angles and ROMs, also other indicators are analyzed, such as:

� Target: the number of cans correctly positioned on the shelves.

� Angle between trajectories: the three specific tasks of Shelf Cans, referring
to the differently colored cans, are split. Then, the straight line connecting
starting position and targets is computed, and will be hereinafter referred to
as the optimal trajectory. In addition, the so-called approximate trajectory
performed by the patient during the game session is computed as the regres-
sion line of hand-game positions during the considered task. The lower the
angle between the two lines, the better and controlled movement was done
by the patient. Indeed, small angles shows that the approximate fitted path
is similar to the optimal one. Conversely, large angles are typical of trajec-
tories which are far from the optimal one. The linearity of scope-oriented
movement is usually valued during physical therapy for patients affected by
pathologies of motor learning such as cerebellar stroke. The importance of
such an indirect analysis relies on the fact that it allows for quantifying
the degree of improvement of the pathology which has caused the deficit of
movement, and also to quantify the motor learning.

� Hand-Shoulder distance: the Euclidean distance between the hand and the
shoulder joints while performing the movement is evaluated in order to as-
sess whether the patient reaches the targets by performing a correct flex-
ion–extension or abduction–adduction movements or makes a compensatory
motion with the trunk instead, implying that in the latter case the Hand-
Shoulder distance will be lower. The equation is the following, where joint
15 is for the right hand:

d =
√

(x5 − x15)2 + (y5 − y15)2 + (z5 − z15)2 (4.76)

� Time: the three specific tasks required by the exercise are split. The time
taken to place the can on the shelf is calculated.

4.5.3 Unilateral Spatial Neglect indicators

In the traditional “paper and pencil” version of the Albert’s test the fundamental
indicators are:
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� the number of correctly identified targets;

� the overall time to complete the test.

In the digital version additional indicative parameters can be extracted, by
memorizing the patient’s touch on the screen, saved as spatial coordinates:

� the covered area index defined as:

Covered Area Index =
Aexplored

Amax

(4.77)

where Aexplored is the area of the smallest rectangle containing the crossed
lines, and Amax is the area of the smallest rectangle containing all the lines
(see Figure 4.16);

Figure 4.16: Red area represents the area explored. The total area containing all
the lines is in blue color.

� the center of gravity (CoG) coordinates are the mean value of x and y coor-
dinates of the crossed out lines;

� the execution order or spatial trajectory;

� the average distance between correctly identified targets;

� the average time between correctly identified targets.



Chapter 5

Results

Multiple diseases have been the focus of several studies, and therapists created
specific care and rehabilitation treatment plans for each one based on the charac-
teristics of the patients. This chapter will present the results of the work involving
ReMoVES, including:

� studies on Unilateral Spatial Neglect conducted in collaboration with La
Colletta hospital in Arenzano;

� the balance assessment, carried out in conjuction with the Prof. Giovanni
Regesta of Gruppo Fides (Genova);

� studies of the movement of the upper limb, conducted in collaboration with
Dr. Carlo Trompetto of Policlinico San Martino hospital and with Dr. Ma-
rina Siminoni of La Colletta hospital;

� the preliminary feasibility study with some children taken care of by the
ASL3 clinic in Fiumara (Genova);

� the preliminary study of the results of the STORMS project, conducted with
the San Martino hospital.

5.1 Unilateral Spatial Neglect assessment

5.1.1 First study

The first study [177, 221, 222] involved 12 patients suffering from post-ictus USN
hospitalized at La Colletta hospital. In particular, ten of them have right lesions,
thus a left-sided neglect and two of them have left lesions, thus corresponding to
a right-sided neglect. For a further comparison, a preliminary control group of 14
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healthy subjects is also considered. Data was collected during the first therapy
session, and all patients performed the traditional Albert’s test first and then the
digital one.

Digital-traditional versions coherence

First of all, the correlation between standard test and the digital version is com-
puted. For each patient and for each version, the percentage of crossed out targets
in each column is collected into a 1× 7 vector, called pt and pd for the traditional
and digital version respectively. Then, the correlation coefficient (Pearson’s coeffi-
cient) between pt and pd is calculated. The resulting average correlation coefficient
is corr = 0.82, thus denoting a good concurrent validity of the digital version with
respect to the standard one. This average value derives from high correlations in
cases where patients have crossed out about the same targets in both versions,
and from low correlations when there is some discrepancy between targets erased
on paper and those erased in the digital version. Figure 5.1 depicts the crossed
out target percentages in both the traditional (blue) and digital (red) version of
the test. In general, blue and red crosses are very close for each patient, thus
confirming the assumption of good correspondence between the traditional and
digital versions. Taking a deeper look to the graph one can notice that patient 5
erases more targets in the digital test, while patient 6 performs better in the paper
test. This is due to the difficulty in holding a pen and in using the touchscreen
they have respectively.
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Figure 5.1: Crossed out target percentages, blue is for the standard version of the
test, red is for the digital one.

In order to investigate the sessions based on the ignored hemispace, in Table
5.1 only ten patients with left neglect are considered. The average percentages
of crossed target are lower in the first sections, and larger in the last ones, thus
confirming the left-sided neglect. Furthermore, one can also notice the similarities
between the percentages of the two versions of the test.
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Table 5.1: Average percentages of targets erased in the seven sections, in both
traditional and digital version of Albert’s test.

Traditional test Digital test
Section 1 42% 58%
Section 2 62% 65%
Section 3 68% 70%
Section 4 72% 82%
Section 5 78% 92%
Section 6 90% 92%
Section 7 98% 96%

In order to assess the homogeneity of the available population, an Analysis of
Variance (ANOVA) test is performed on erased targets. The result of the ANOVA
test is the rejection of the null hypothesis and this denotes inhomogeneity in the
population for both the results of the digital and traditional tests. Actually, it is
an expected result because the population is made up of patients with both severe
and minor injuries. For this reason, the population is split in two different groups
according to the criteria suggested in [223]: in the contralesional part, a rate of
more than 40% of omission was considered an index of severe neglect. Conversely,
a rate of less than 40% of omission was taken as an index of mild/moderate form
of USN. Respectively, the first group A consists of three patients and the others
belong to group B. As a counterproof, two ANOVA tests are performed for each
group formed and the results are the acceptance of null hypothesis (with α =
0.05), meaning that the two groups are homogeneous, based on the results of
the digital and traditional tests. To sum-up, both the correlation study and the
outcomes from the ANOVA tests prove that traditional and digital versions are
interchangeable for the population under analysis.

Performance analysis

In addition to the information on the canceled targets, which can also be found in
the paper version of the test, the parameters studied in the digitized version of the
Albert’s test are the spatial exploration method through the order of execution,
the accuracy, the location, the type of errors and the erasing speed. The analysis
and comparison of the trajectories performed by the subjects with USN and the
healthy population allows to visualize the number and order of the deleted targets
and the distribution area, providing information about the spatial exploration
modality.

First of all, the trajectories followed by the patients are compared with the one
followed by a healthy subject. In Figure 5.2 three types of point are highlighted:
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the blue ones indicate the start; the red ones indicate the final point; and the
green points indicate the CoG. It is worthy to mention that the CoG position
is in agreement with the left- or right- sided neglect diagnosis, for each patient.
Furthermore, the plots provide a feedback of the different strategies adopted to
crossed out the targets. In general, healthy subjects performed regular paths, i.e.
from left to right or from top to bottom. Subfigure 5.2b represents the trajectory
performed by a patient belonging to group B, that denotes a more regular path
compared to the path tracked by a patient of group A (Subfigure 5.2a). Moreover,
both patients have a left-sided neglect, in fact, the right side of the game area is
the one from which patients started the test and that have explored more in depth.

(a) Trajectory of a patient of group A.

(b) Trajectory of a patient of group B.

(c) Trajectory of an healthy subject.

Figure 5.2: Trajectories followed by one subject for each group. The blue points
are the starting points, the red points are the final ones, and the green points are
the CoG’s.

From the digital version one can also acquire information related to the times
between two target cancellations and the distance between two consecutive crossed
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out targets. For what concerns the average time, it is 3.63 sec for patients in
group A, 2.00 sec for group B, and 0.47 sec for healthy subjects. As one could
suppose, the average time directly depends on the disease severity, thus it can be
an informative indicator for the USN assessment. Similarly, the average distance
between two crossed targets is 3.09 cm for patients in group A, 2.81 cm for group
B, and 2.38 cm for healthy subjects. The trajectory, and hence the cancellation
strategy adopted by patients in group A seems pretty random, and that is reflected
on the average distance extracted from their sessions. Conversely, group B follows
a more regular path, which is denoted by the smaller distance between consecutive
targets, and so by the average time value which is close to the one by the healthy
subjects. Recall that high values of distances or times can also mean that patients
have explored some part of the ignored area, where indeed they had difficulty in
finding targets.

An attempt was made to evaluate whether the healthy group was homogeneous
with respect to the two parameters extracted using the ANOVA statistical test.
The group of healthy subjects is more homogeneous in relation to the distance
index than the time indicator (p−value << 0.01). Furthermore, on both parame-
ters the ANOVA statistical test was performed which shows a significant difference
between the healthy and the patient groups (p− value < 0.01).

5.1.2 Second study

In the second study [178] a control group of fourteen healthy subjects, part of the
La Colletta hospital’s clinical staff, was considered. Participants were 9 females
and 5 males aged between 27 and 61 years. These subjects performed all the
digital test twice (at time points T0 and T1); between the two instants of time
there was no change in the state of the subjects. Subsequently several patients
affected by USN were involved. Two example patients will specifically discuss.
Patient A has a right hemisphere lesion and patient B has a left hemisphere lesion.
After hospitalization patients were contacted for a neuropsychological evaluation,
performing the tests both in digital and paper format (time T0). After about a
year, the same patients were again recalled from the facility for a new re-evaluation
of their cognitive-motor status (time T1).

Spatial analysis

The analysis and comparison of the trajectories performed by the subjects with
USN and the healthy population (Figure 5.3) allows to visualize the number and
order of the deleted targets and the distribution area, providing information about
the spatial exploration modality. For patient A, the digital Albert’s test at time
T1 highlights a new attentive attitude compared to time T0, since the patient has
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detected all the targets, but primarily has followed an organized trajectory, with
a vertical observation trend. Patient B maintained the vertical exploration trend,
succeeding in detecting all targets at time T1.

(a) Trajectory of patient A at time T0. (b) Trajectory of patient A at time T1.

(c) Trajectory of patient B at time T0. (d) Trajectory of patient B at time T1.

(e) Trajectory of one of the healthy subjects.

Figure 5.3: Trajectories followed by patient A, patient B and one of the healthy
subjects, at times T0 and T1. The blue points are the starting points, the red
points are the final ones.

Through the other indicators it is possible to trace the clear improvement of
the total and average time compared to the digital test at time T1 performed
by the subjects: for patient A the total time was reduced by about three times
going from 92.33 seconds to 33.28 seconds, while patient B had an improvement
of about half going from 111.68 seconds to 60.26 seconds. The results obtained
on the average times and average distances between consecutive canceled targets
are shown in Tables 5.3 and 5.4. The reduction in the average distance indicates
a more effective exploring strategy and a more uniform erasing pattern.
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Statistical analysis

For the statistical analysis, the average distance between two correctly identi-
fied targets and the average time between two correctly identified targets were
considered. The minimum values of the parameters indicate an improvement or
the absence of disability. First, the characterization of the control sample was
performed in order to estimate the mean and deviation values of the indicators.
In particular, the variations over time of the aforementioned characteristics are
considered taking into account the instant T0 and T1, let’s name P0 and P1 re-
spectively. For a better understanding of the given situation, the Bland Altman
graph is analyzed for both parameters. Subsequently, two patient is compared
with the control group for an evaluation of any improvements.

After the 14 healthy subjects repeated Albert’s test at time T0 and time T1,
the mean ratings on the distance and time parameters and their differences ∆ were
observed as reported in Table 5.2.

Table 5.2: Mean values of distance and time parameters in time T0 and T1, and
their difference ∆ for the control group.

Distance [cm] Time [s]
µT0 µT1 µ∆ µT0 µT1 µ∆

2.31 2.27 0.037 0.45 0.44 0.015

Patients also repeat Albert’s test at time T0 and time T1. Patient A and B
achieved respectively the results shown in Tables 5.3 and 5.4.

Table 5.3: Mean values of distance and time parameters in time T0 and T1, and
their difference ∆ for patient A.

Distance [cm] Time [s]
XT0 XT1 X∆ XT0 XT1 X∆

3.64 2.91 0.73 5.04 0.83 4.21

Table 5.4: Mean values of distance and time parameters in time T0 and T1, and
their difference ∆ for patient B.

Distance [cm] Time [s]
XT0 XT1 X∆ XT0 XT1 X∆

2.71 2.50 0.21 6.11 1.57 4.54
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Statistical test on differences The variation of the index P0− P1 is expected
to be very small for the control group where the subjects repeat Albert’s test
at time T0 and T1. Let’s define µ∆ the mean of this variation observed in the
control population. S is the corrected estimate of the standard deviation. From
a statistical point of view, to verify if the results of a patient at time T1 have
changed significantly with respect to time T0, a test of differences was used.
Two patients are then evaluated who also repeat Albert’s test at time T0 and time
T1. Each subject is tested against the reference population. The patient variation
is the X∆ variable. The null hypothesis H0 assumes that the difference between
the results at time T1 (P1) and the results at time T0 (P0) is small as for the
control population and therefore the variation on the index is not significant. The
alternative hypothesis H1 considers that the difference between P0 and P1 is large
(in absolute value) and therefore significant.

Hypothesis H0: P0− P1 = µ∆

Hypothesis H1: |P0− P1| > µ∆

(5.1)

With a small sample size (n < 30) a t-Student’s bilateral statistical test of
differences is applied:

T =
X∆ − µ∆

S

√
n (5.2)

where T is a t-Student variable with (n−1) degrees of freedom, X∆ the patient
parameter (variation P0−P1) to be compared with µ∆, i.e., the population mean
of healthy subjects.

As already described, the average distance between consecutive targets is con-
sidered as the former parameter to be evaluated. For patient A, the statistics of
the difference test is T = 10.39 and leads to the certain rejection of the null hy-
pothesis H0, i.e., there is an extremely large difference between the value obtained
at time T0 and that at time T1 . Hence the test is highly statistically significant,
with a p− value→ 0.
In the second case, for patient B, the obtained value of T = 2.59 concludes that
the test is partially significant. We get p − value = 0.022 so the test rejects the
null hypothesis if α = 0.05, but the null hypothesis is not rejected if α = 0.01;
therefore the test is weakly significant. Finally, in both cases, since the T value
is positive, it can be concluded that there was an improvement in the parameter
considered, between time T0 and time T1.

Now, the average time taken to cancel consecutive targets is considered as the
latter parameter to evaluate. For both patients, an extremely high T value is ob-
tained which leads to the certain rejection of the H0 hypothesis. The p − value
is so small that the test is significant for any value of α. As a conclusion both
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patients had a highly significant improvement with respect to the time parameter
considered.

Statistical test on means In the case of improvements in a patient’s indicator, a
statistical test on the mean (right side) was applied to verify if the patient value at
time T1 is statistically close to the mean of the healthy population. As previously
described, no variations between instant T0 and instant T1 were observed in the
healthy population, therefore only the values at instant T1 are taken as reference.
The mean on the control population is µT1. Each patient is tested against the
reference population (variable XT1). The null hypothesis H0 assumes that the
patient’s value at time T1 does not differ from the mean of the control group, and
therefore may belong to that population. The alternative hypothesis H1 assumes
that the value at time T1 of the subject is significantly larger than the mean
of the control group, and therefore the patient does not belong to the reference
population.

Hypothesis H0: XT1 = µT1

Hypothesis H1: XT1 > µT1

(5.3)

Also in this case the test statistics is a t-Student’s distribution, having used
the variance estimate and being n small:

T =
XT1 − µT1

S

√
n (5.4)

where T is a t-Student variable with (n − 1) degrees of freedom, XT1 is the
patient parameter at time T1 to be compared with µT1, i.e., the population mean
of healthy subjects.

Considering the average distance between consecutive targets as a parameter,
for both patients, the values obtained for T lead to reject the hypothesis H0,
therefore the two subjects do not belong to the reference population. The p−value
is so small that the test is significant for any value of α.

Also for the cancellation time between targets, for both subjects a very high
value of T is obtained which leads to the rejection of the hypothesis H0, with
p− value→ 0. Therefore the subjects do not belong to the reference population.

Bland-Altman plot The Bland-Altman plot is a scatter plot that allows the eval-
uation of the agreement between two quantitative assessments. The vertical axis
shows the differences between the two measurements. On the horizontal axis the
arithmetic means of the two measurements are given. On this graph, in addition
to the points representing the individual statistical units, there are also horizontal
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Figure 5.4: Modified Bland-Altman plot related to distance parameter. The con-
tinuous lines are the biases. The dotted lines are the upper and lower limits with
respect to the corresponding line. Black dots represent distance values of the con-
trol group. Pink triangle is the distance value for patient B and green triangle is
the distance value for patient A.

lines. In particular, the center line represents the mean of the differences between
the measurements, whereas the two dotted lines at the top and bottom delimit a
band that represents the limits of the 95% confidence interval of the mean of the
differences. A modified version of the Bland-Altman plot is devised in which ver-
tical lines are added. One lies at the global mean (i.e., mean bias); the others are
the limit of the 95% confidence interval. Two vertical limits appear for bilateral
tests; a single line for the one-sided test as in the present case.

To better visualize the statistical results obtained, the Bland-Altamn plots are
analysed. Figure 5.4 is related to the distance parameter. Black dots represent
the distance values of the control group. The blue horizontal line represents the
bias over the difference between T0 and T1 (difference bias) equal to µ∆ = 0.037.
The blue dotted horizontal lines are the upper and lower limits as regards to the
difference bias equal to µ∆ ± 2.16 S√

n
. In addition to the classic plot, the limit

relating to the mean between values obtained at T0 and T1 have been included,
represented by the red dotted vertical line in relation to the red vertical line (mean
bias), calculated as 2.29 + 1.77 S√

n
.

Results related to the average time between two consecutive target is shown in
Figure 5.5. In this case, the blue continuous horizontal line i.e., the difference bias
between T0 and T1 is equal to µ∆ = 0.015. In a similar way to what was seen for
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the first parameter analyzed, the blue dotted horizontal lines are the upper and
lower limits as regards to the difference bias equal to µ∆ ± 2.16 S√

n
. Lastly, the

limit relating to the mean bias between values obtained at T0 and T1 is equal to
0.45 + 1.77 S√

n
.
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Figure 5.5: Modified Bland-Altman plot related to time parameter. Continuous
lines are the biases. The dotted lines are the upper and lower limits with respect
to the corresponding line. Black dots represent time values of the control group

.

From the plot in Figure 5.4 it can be deduced that patient B (pink triangle)
had a small difference between T0 and T1 on the distance parameter, falling within
the limits of healthy subjects. Conversely, patient A (green triangle) had a more
significant difference between T0 and T1 because he is beyond the upper limit.
On the other hand, compared to the mean, both patients are beyond the upper
vertical limit and this denotes that they do not fall within the healthy population.

As discussed in the previous paragraphs, if the average time between the can-
cellation of consecutive targets is considered (Figure 5.5), for both patients the
difference between T0 and T1 is very high compared to the group of healthy peo-
ple and this also implies that on average the parameter value of the patients differs
greatly from those of the healthy, not making them belong to this population.
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5.2 Balance assessment

5.2.1 First study

The study [179] involved 13 frail elderly people referred to the Centro di Riabil-
itazione, Gruppo Fides (Genova). The population consisted of 6 females and 7
males with an average age of 82.3 ± 6.2 who participated several times to the
rehabilitation sessions via ReMoVES, performing the Sit-to-Stand activity. Data
were collected over a period lasting up to 2 months and up to twice a week, and
admission to each game session was determined on the basis of the judgment of the
physiatrist, who assessed the willingness to participate and the general conditions
of the patient at that particular time.

Participants reported that they felt safe while playing the game, and there were
no adverse events while playing. Most of the patients stated that they enjoyed this
extra activity, asking the clinical staff to participate more frequently. An inter-
esting social interaction developed among the participants, who enjoyed watching
others carry out the activities.

Implicit Activity Analysis

The implicit analysis of the activity performed by the involved patients is pre-
sented. Mean values of the proposed indicators described in Section 4.5.1 were col-
lected, and their coherence with already published results was statistically tested.
In addition, aimed at enabling deeper analysis of each game session, a graphic
visualization of the indicators along the time dimension is shown. Such graphs are
provided to therapists via the application layer, so that clinical staff analyze both
summary statistical indicators and patient performance during the whole session.
In this fashion, even some erroneous movements or loss of energy, which may be
limited to a short period of time, can be noted by the medical specialists, leading
to a complete and deep clinical picture of the patients.

The average features of the available population are summarized in Table 5.5.
Negative values for the UBTA indicate that the left shoulder was put forward while
practicing the activity.

To address the coherence of the derived data with respect to the literature,
the results of [219, 220] were considered for the discussion. In [219], the indi-
cators standing and sitting COM AP, standing and sitting COM ML, UfVup,
and UfVdown were calculated with respect to a population of healthy elderly indi-
viduals (mean values were 0.01, 0.03, 0.03, and 0.04 cm, and 0.78 and 0.71 m/s,
respectively). Hence, a statistical test was performed to verify the assumption
that the indicator values in [219] depicted a better general health condition than
the ones deduced for the population under analysis. A one-tailed t-test was used,
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Table 5.5: Mean feature values. NSU, number of sit-up occurrences; UBFA, upper-
body flexion angle; LLFA, lower-limb flexion angle; COM, center of mass; AP,
anteroposterior; ML, mediolateral.

Feature Mean Value
NSU 4.5± 1.5
Stand UBFA range (deg) 79.92± 6.71
Sit UBFA range (deg) 79.35± 8.15
Stand LLFA (deg) 131.16± 17.28
Sit LLFA (deg) 134.31± 16.94
Stand UBTA (deg) −0.67± 1.91
Sit UBTA (deg) −0.59± 1.91
COM stand AP (cm) 0.36± 0.09
COM sit AP (cm) 0.52± 0.61
COM stand ML (cm) 0.08± 0.02
COM sit ML (cm) 0.07± 0.03
UfVup (m/s) 0.12± 0.06
UfVdown (m/s) 0.07± 0.02

and the assumption was confirmed with p value < 0.01.
In addition, the authors in [220] showed mean values for the range of UBFA in

both the ascending and descending phases in a population of frail elderly persons.
Via a two-tailed t-test, the assumption that the mean ranges of UBFA in [220] and
in the present work were equal was verified with p value < 0.01.

Graphs on Therapist Client

As anticipated, therapists were also provided with graphs depicting all game ses-
sions, delivering more comprehensive informative content than that in the mean or
range indicators. An example of the graphic representation available on the thera-
pist client is shown in Figure 5.6. In particular, Figure 5.6a depicts the trajectory of
the COM and peaks; hence, corresponding standing positions were visible. In par-
ticular, parts with a light-gray background are for the ascending phase, and parts
with a dark-gray background represent the descending phase. Figure 5.6b shows
UBFA values during the session. Figure 5.6c shows LLFA values for both the right
and the left limb during the session. The trend of this chart is very similar to that
of the COM. A standing position also requires limbs to be fully extended, corre-
sponding to the peaks of the LLFA indicators. Figure 5.6d presents the shoulder
twist on the axial plane during the session. Lastly, COM AP and COM ML
displacements are depicted in Figure 5.7 on the transverse plane. Reduced lateral
displacement in the second graph with respect to the first suggests that the patient
stabilized themselves while playing.
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Figure 5.6: Graphs from Equilibrium Paint exergame. These graphic representa-
tions are available for clinical staff, so that deeper analysis is enabled throughout
the whole session. (a) COM; (b) UBFA; (c) LLFA; (d) UBTA.

The COM trajectory in Figure 5.6a shows that the patient performed a smooth
movement with no particular pauses. The resulting regular path means that the pa-
tient did not experience particular fatigue and managed to control their motion.
So, by only considering such a graph, a therapist would say that the patient’s
performance was fairly good. However, Figure 5.6b,c, for UBFA and LLFA, re-
spectively, depict incomplete movement. Indeed, the patient is supposed to reach
maximal extension while standing, namely, the maximal values of UBFA and LLFA
(corresponding to COM peaks) should reach approximately 180◦. While LLFA
satisfies such a requirement, meaning correct leg extension, the maximal values
of UBFA were around 130◦, denoting that the patient remained bent forward
when standing. Figure 5.6d for UBTA depicts that shoulder rotations were very
small, denoting correct movement (the patient is required to preserve shoulders in
the frontal plane, i.e., without trunk rotations).

To conclude, graphs in Figure 5.7 depicting AP and ML movements show



CHAPTER 5. RESULTS 80

Figure 5.7: Representations of anteroposterior (AP) and mediolateral (ML) move-
ments of center of mass in two consecutive ascending and descending phases. Blue
lines, ascending phases; red lines, descending phases.

that the patient was not laterally significantly displaced (about 2 cm), confirming
the correct execution of the exercise apart from the vertical trunk extension.

5.2.2 Second study

A control group of sixteen healthy subjects was considered. They are clinical spe-
cialists from La Colletta Hospital in Arenzano (Genova, Italy) and engineering
students that performed the exercise at the Numip laboratory of University of
Genoa. The participants were 9 female and 7 male aged between 27 and 61 years,
with an average age of 38.62 ± 12.95. Some of them performed the STS exergame
several times, for a total of 26 sessions. The control group sessions are used to
define the benchmark values for further comparisons, based on the most significant
indicators. With the methodology proposed in this study it is possible to evaluate
the performance of patients suffering from different pathologies. About a hundred
sessions were analyzed, in particular adult patients involved were mainly affected
by stroke, scoliosis, frailty of the elderly, and orthopedic complaints. In this work,
the results obtained with 2 groups of patients will be described, homogeneous in
terms of age, pathology, place and type of hospitalization.

Group A is made of 2 post-stroke patients hospitalized at La Colletta hospital.
After dehospitalization, thanks to ReMoVES, they performed a series of prescribed
exercises remotely, at home. Thanks to the simplicity of the system, in both cases
no technical intervention was necessary for the installation which was carried out
by the patient and his family. During that time, a total of 65 sessions were recorded
for the STS activity, accessible via the appropriate ReMoVES therapist client.
One patient was a 60-year-old man and performed the prescribed exercises for
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Table 5.6: Values of the considered features for the control and patient groups.

Features Mean ± STD
Instant Features Control Stroke Elderly

ψ0 Repetitions (NSU) 8.42 ± 2.18 8.71 ± 2.79 4.03 ± 1.96
ψ1R Standing Right Knee Angle [◦] 173.30 ± 5.29 170.35 ± 8.08 173.14 ± 6.91
ψ1L Standing Left Knee Angle [◦] 172.53 ± 5.68 169.2 ± 8.39 174.67 ± 5.64
ψ2R Sitting Right Knee Angle [◦] 86.61 ± 10.71 85.94 ± 7.23 84.75 ± 15.37
ψ2L Sitting Left Knee Angle [◦] 85.89 ± 9.96 84.96 ± 7.47 85.80 ± 17.54
ψ3 Standing Trunk Angle [◦] 95.88 ± 7.21 90.28 ± 8.67 86.84 ± 6.79
ψ4 Sitting Trunk Angle [◦] 91.39 ± 10.01 88.83 ± 9.97 86.57 ± 11.75

Dynamic Features
ψ5 Flexion Trunk ROM UP-phase [cm] 16.93 ± 4.98 12.47 ± 3.88 23.76 ± 7.41
ψ5θ Flexion Trunk Angle UP-phase [◦] 73.96 ± 5.84 76.94 ± 7.87 64.84 ± 7.73
ψ6 Flexion Trunk ROM DOWN-phase [cm] 20.65 ± 6.93 15.50 ± 6.05 32.72 ± 10.12
ψ6θ Flexion Trunk Angle DOWN-phase [◦] 74.36 ± 6.99 77.27 ± 8.20 63.83 ± 10.32
ψ7 ML Trunk ROM [cm] 5.35 ± 1.42 11.04 ± 3.46 14.02 ± 22.51
ψ7θ ML Trunk Angle [◦] 5.58 ± 1.97 11.1 ± 6.94 13.4 ± 6.12
ψ8 ML Shoulder Angle [◦] 7.38 ± 3.19 10.7 ± 4.67 13.5 ± 15.33
ψ9 Shoulder Twist [◦] 7.82 ± 2.56 15.4 ± 5.19 20 ± 17.90
ψ10 Ascending Time [sec] 1.51 ± 0.39 1.51 ± 0.59 4 ± 2.49
ψ11 Descending Time [sec] 1.73 ± 0.46 1.69 ± 0.66 4.09 ± 2.28
ψ12 Ascending DTW 1.14 ± 0.77 1.69 ± 0.96 2.57 ± 1.52
ψ13 Descending DTW 1.97 ± 0.89 2.36 ± 1.04 4.55 ± 2.20
ψ14 Knee Correlation 0.9988 ± 0.0014 0.9732 ± 0.0503 0.9960 ± 0.0032

upper and lower limb for a period of 39 days. A total of 24 sessions of the STS ac-
tivity have been executed. The second patient was a 79 year old man and followed
rehabilitation therapy with ReMoVES for 49 days for a total of 41 STS sessions.

Group B is made of twenty frail elderly people presenting several clinical pic-
tures, with various pathologies and different levels of disease. In addition, some
of them presented fractures and orthopedic problems affecting the lower limbs.
They are hosted at two nursing homes (Gruppo Fides and Residenza Felice Co-
nio, Genova, Italy). They are 8 female and 12 male with an average age of 82.5
± 3.4. These subjects also repeated the STS several times, for a total of 34 sessions.

The present study was conducted retrospectively and following the principles
of the Declaration of Helsinki. Also, an informed consent was obtained from all
subjects involved in the study.

Reliability and meaningfulness

The features extracted and analyzed for the considered groups are reported in
Table 5.6.
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Given the small sample size, the normality of the distribution was assessed via
the Shapiro–Wilk test. The results of the test showed the acceptance of normality
condition (p > 0.01) for all parameters computed from the control group sessions.
The test showed rejection of the normality hypothesis for most of the parameters,
with p < 0.001 for both groups of stroke patients and elderly, with a few excep-
tions. Flexion knee angles are normal for both groups, extension and flexion trunk
angles are normal for elderly group, along with shoulder rotation for stroke sample.

In healthy subjects the correlation between the instantaneous angle of the right
and left knees has been taken as an index of the feature consistency. The corre-
lation coefficient (Pearson) evaluated for the control group was found to be equal
to ρ = 0.9988, proving the strong robustness of the feature, as one might have
expected from the above considerations on the measure error. Surprisingly, when
computing the same correlation index also for the other groups a ρ = 0.9732 and
ρ = 0.9960 were found, respectively for the stroke and elderly patients. One ex-
planation is the fact that the patients considered, despite their age or the outcome
of neurological events, have a high degree of autonomy and are in good physical
condition.

Since normality is not always true, with the purpose of discussing statistical
differences between the groups, the non-parametric Mann-Whitney U test for in-
dependent samples is applied. For all tests, the null hypothesis H0 assumes that
the patient’s value of a given parameter does not differ from that of the control
group. However, depending on the parameter considered, three different alterna-
tive hypotheses H1 were defined:

1. Some features have to be maximized, then the alternative hypothesis H1 is:
Xpatient < µcontrol.

2. On the contrary, some features (such as those related to compensatory
movements) should be minimized, therefore the alternative hypothesis H1

is Xpatient > µcontrol.

3. For all other parameters, a two-tailed test can be considered and therefore
hypothesis H1 is: Xpatient ̸= µcontrol.

Dealing with intra-rater reliability, similarity of movement pattern from among
repetitions of a single session has been evaluated for the control group, through
the variance of the DTW values obtained by the single repetitions within a session.
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Control group characterization

After the segmentation step, for each game session the values of the parameters
of interest (knee angles, antero-posterior trunk angles, and times) were calculated
for each single repetition and then the values were averaged on the NSU number.

Instead, in the movements of the trunk and shoulders that are considered to
account for compensatory motions, the range of the parameter is considered in
the place of the average value. In fact, they must have low values for the entire
duration of the session. As reported in previous works, the number of repetitions
in the 30-second STS [224, 225] mainly depends on age, in addition to physical
prowess, reaction times, etc.

Figure 5.8 shows the instantaneous knee angle for both the right (blue line)
and left (red line) limbs during one session performed by one of the healthy sub-
jects. The standing position requires that the legs be fully extended (at the peaks
of angle signal) and in fact they reach approximately 170 − 180◦ at the point of
standing position, signed with the green triangle. When the person is seated this
angle is about 80− 90◦ (orange triangles are at the sitting times).
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Figure 5.8: The signal of instantaneous knee angle during a session of a healthy
subject. Red line is for left limb, blue line is for right limb. Green triangles are
times of standing positions, orange triangles are for sit positions.

In the STS exercise, the subject is required to preserve shoulders in the frontal
plane i.e., without trunk rotations or inclinations. Indeed, in the control group, the
shoulder displacement in sagittal and transverse plane were very small, denoting
a good control of the standing and sitting movements, performed without any
compensation. Similarly, the lateral shift of the trunk must also have small values.

In the healthy group, the pattern of the antero-posterior trunk angle is fairly
regular as can be observed in Figure 5.9 where the flexion trunk angle variation is
reported for each Up and Down movement respectively in (a) and (b). The various
repetitions give rise to very similar patterns in both cases. When the subject is in
the sit position (left part of plot 5.9a) the trunk angle is approximately 90◦; when
the subject is standing (i.e., left extreme of plot 5.9b) the trunk angle is observed
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to be slightly larger, as also reported for feature ψ3 in Table 5.6.
During the ascending and descending phases, the flexion of the trunk bending

causes these angles to decrease to around 70◦ − 80◦. These movements show a
strong repetitivity both for the relative measures and the absolute values.

As described in Section 4.3.2, the DTW value is computed for each game session
by taking into account the most representative repetition. This parameter is well
homogeneous in the control group, both in ascending and descending phases, as
one can notice in the blue histograms of Figure 5.10.
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Figure 5.9: Motion of trunk angle in the sagittal plane of an healthy subject during
(a) ascending and (b) descending phases.

As an important outcome of this analysis, an empirical description of the cor-
rect execution of the movement required by the exergame can be defined. The
features values computed as the average on the control group are the reference
model to be used for comparison with other subjects and patients. It is possible
to monitor the activity of patients, evaluating whether a person is correctly per-
forming the required movement, their deviations, etc. Such a possible application
is described in the following paragraph with respect to the sample groups A and
B.

Patient analysis

The Mann-Whitney U-test is applied for each feature. The null hypothesis H0

is that the patient’s value does not differ from that of the control group, where
the mean value is taken as a reference Xpatient = µcontrol. The test is repeated for
each feature for group A (stroke patients) and group B (elderly) and the results
obtained are summarized in Table 5.7.
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Table 5.7: Mann-Whitney p-values for the elderly and stroke patient groups.

Alternative Hypothesis Feature
Mann-Whitney

p-value Stroke p-value Elderly

Xpatient < µcontrol
Extension Right Knee Angle 0.083 0.636
Extension Left Knee Angle 0.059 0.955

Xpatient ̸= µcontrol

Repetitions 0.553 <0.001
Flexion Right Knee Angle 0.645 0.394
Flexion Left Knee Angle 0.689 0.819
Standing Trunk Angle 0.003 <0.001
Sitting Trunk Angle 0.392 0.116

Min Standing Trunk Angle 0.013 <0.001
Min Sitting Trunk Angle 0.045 <0.001

Ascending Time 0.195 <0.001
Descending Time 0.370 <0.001

Xpatient > µcontrol

Lateral Shoulder Inclination <0.001 0.001
Shoulder Rotation <0.001 <0.001

Lateral Inclination Trunk Angle <0.001 <0.001

When looking to the average number of repetitions in the stroke group, it is
very similar to the one of healthy subjects (p− value = 0.553). On the contrary,
the test shows a significant difference with the control group only for group B of
frail elderly people, with a p < 0.001, predicting a higher risk of falls.

Considering the time to stand up and the time to sit, stroke patients behave
like healthy subjects. Instead, for elderly people there appears to be a significant
difference, with p < 0.001. One can also notice from Table 5.6 that time for
standing are generally shorter than times for sitting in all groups (features ψ10 and
ψ11).

For the majority of patients, flexion and extension angles of the legs are com-
parable with respect those of healthy subjects. The minimum p − value is 0.059
related to the fact that stroke patients tend to have less extended legs when stand-
ing, as can also be noticed in Table 5.6 (feature ψ1).

From Table 5.6 one can notice how patients tend to show similar trunk exten-
sion angles when standing and sitting, unlike healthy people who extend their torso
more when they stand. When comparing with the control group, when consider-
ing the trunk angle during sit rest position there are no significant differences for
both groups. Indeed, the trunk angle during standing position is partially signifi-
cant in group A (p−value = 0.003) and significant (p−value < 0.001) in group B.

Dealing with Dynamic Features, the movement during ascending and descend-
ing phases in the repetitions of a single session are analyzed for the patients, as
already done for the control group. Elderly patients tend to flex the trunk more
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during the ascent and descent phases, to help the movement and to compensate
for the legs weakness (absolute trunk angle with respect to the horizontal plane
around 64◦).

It has been observed that stroke patients generally follow a pattern quite simi-
lar to that of healthy subjects; on the contrary, frail elderly people usually perform
fewer repetitions and the movements deviate significantly from the standard. In
Figure 5.12 an example of the trunk flexion angle during ascending and descending
phases is plotted with different colors for each repetition of a session. The upper
plots show a very confused and incorrect pattern (DTW = 2.61 and DTW = 4.22,
respectively); the lower ones refer to the movement performed and repeated by a
patient with good characteristics (DTW = 0.79 and DTW = 1.67, respectively).

The DTW is evaluated by comparing the patient signal with the reference signal
that was extracted from the control group. The histogram of the DTW values in
ascending and descending phases for the groups is reported in Figure 5.10. Blue
are healthy subjects, green are stroke patients, and red are elderly subjects. One
can see that the stroke patient of the considered group have a behavior very similar
to that of the control group (with a maximum DTW value equal to 5 as compared
with the maximum value equal to 4 of control subjects). In the elderly sample, a
large number of sessions have been performed correctly, but a large session number
have larger DTW distance. In particular, large values are observed for up phase
reflecting the larger difficulties of standing up due to leg weakness. During the
down phase there is also a worst DTW but less evident than that in the up phase.

Figure 5.11 is a scatter plot of repetition numbers with respect to DTW dis-
tance. Control and group A are well overlapped in such feature space. A good
separation with group B is observed. One can also notice a high negative correla-
tion between the number of repetitions and the DTW result for the descent phase
(corr = −0.80) in the elderly group.

From Table 5.6, it can be seen that patients showed significant differences in
shoulders alignment during the entire duration of the exercise. This is mainly
due to two reasons. The former is that patients considered presented asymmetric
impairments due to either post-stroke outcomes or orthopedic impairments on the
lower limbs. As a result, both standing and sitting movements were impaired and
asymmetric, as they weighted more on the dominant limb and hemi-body part,
yielding to a shoulders displacement in the coronal plane. For both groups the
hypothesis H0 was rejected with p < 0.001, therefore this feature seems of interest
in remote patients observation.
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(a) (b)

Figure 5.10: Histogram of the DTW values in (a) ascending and (b) descending
phases. Blue are healthy subjects, green are stroke patients, and red are elderly
subjects.
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Figure 5.11: Scatter plot of the DTW values with respect to repetitions in (a)
ascending and (b) descending phases. Blue are healthy subjects, green are stroke
patients, and red are elderly subjects.
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Figure 5.12: (a) bad and (b) correct motion of trunk in the sagittal plane of two
patients during ascending and descending phases.

5.3 Upper limb rehabilitation

5.3.1 First study

The first study [180] involved two patients. Patient A was a 49-year-old man, who
suddenly experienced unsteadiness of gait, incoordinate movements of the right
limbs, blurred vision and diplopia. The neurological examination showed a severe
right ataxia and a bilateral gaze evoked horizontal nystagmus. Standing and gait
were ataxic and broad-based. Brain MRI revealed a right cerebellar infarction.
Two weeks later, the cerebellar signs improved moderately.

Patient B was a 59-year-old man who presented with sudden headache, nausea,
speech disturbances and unsteadiness of standing and walking. The neurological
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examination revealed a moderate axial and right limb ataxia, together with slurry
speech. Brain MRI showed a right cerebellar hemorrhage. After ten days, a slight
improvement of the cerebellar signs and symptoms was observed.

After the acute phase of the disease, both patients were admitted to the Neuro-
logical Rehabilitation Unit of Ospedale Policlinico San Martino IRCCS of Genoa.
The Scale for the Assessment and Rating of Ataxia (SARA) [226] was utilized
to evaluate the severity of the cerebellar disorder. SARA values range from 0/40
(no ataxia) to 40/40 (most severe ataxia). Patient A scored 24/40 and Patient
B scored 13/40. The Activity-Specific Balance Confidence Scale (ABC) [227] was
also employed to assess the subjective confidence of balance (0% not safe at all,
100% completely safe). Patient A had 60%, while Patient B reported 74.3%. In
conclusion, it is worth underlining that the two patients were similar in height and
weight.

For each patient, two sessions of Shelf Cans exergame were considered, namely
with and without weighting the involved upper-limb. Indeed, according to Bhan-
puri et al. [99] a cerebellar damage likely causes an inertial mismatch between an
internal representation of body dynamics and the actual body dynamics. On this
base, a hypometric and a hypermetric cerebellar patient would respectively under-
estimate or overestimate their limb’s inertia. Adding mass to the affected limbs can
have beneficial effect on such a mismatch. Some other authors, however, failed to
replicate the beneficial effects of such a strategy, especially for multi-jointed reach-
ing movements [100]. The patient played the exergame while sitting, in order to
reduce trunk and arms oscillation in the standing position, which could negatively
affect the collected data. Here, the effect of weighting the limb is quantified in
order to provide the clinical staff with such objective data. The weight amounts
of one kilo, and was placed on the wrist of the used limb. The Microsoft Kinect
sensor was place in front of the players, at a distance of three meters. The duration
of the game session is 90 seconds. In order to avoid the influence of the order in
using or not the weight for the activities, two hours time distanced the first and
second session, so that they can be considered independent. In addition, some
training session had been performed the days before these trials, for familiarizing
with the system.

Case-studies application

Values of the indicators extracted from both the sessions with and without the
strategy are summarized in Tables 5.8 and 5.9, and the graphs referring to the
indirect analysis can be visualized in Figures 5.13, 5.14. In Figure 5.16 values of
the ROM are depicted.

The weighting strategy yielded a more precise movement in the performance
of Patient A, which is denoted by the decreased angle between the estimated and
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Table 5.8: Angles between the approximate and optimal trajectories.

Red can Orange can Green can
Pat. A no weight 7.18 63.77 13.96
Pat. A weight 6.25 5.28 2.32
Pat. B no weight 4.70 49.37 11.49
Pat. B weight 5.82 1.89 12.80

Table 5.9: ROMs of shoulder, elbow and trunk.

Shoulder ROM Elbow ROM Trunk ROM
Pat. A no weight 14.66 54.86 17.01
Pat. A weight 149.47 108.25 7.72
Pat. B no weight 128.56 24.54 5.47
Pat. B weight 132.03 3.76 3.39

optimal trajectories, and also by the increased range of motion of both shoulder
and elbow. In addition, the reader can notice that the range of motion of the
trunk decreases when patient A has a weight on the limb. This is probably due to
a major control on its arm that is enabled by the strategy.

The same strategy resulted less efficient for Patient B, where, apart from the
angle between the estimated and optimal trajectories when handling the orange
can, no other significant better performance could be detected. In general, indica-
tors values are better for patient B, and his better general condition is likely the
reason for a less visible effect of the strategy on the performance.

Aimed at favoring comparisons with healthy subjects, a control group of six
persons was considered and took part to the same treatment as patients. The
values of the indicators extracted from both the sessions with and without the
weight are summarized in Tables 5.10 and 5.11. Also, an example of graph about
the indirect analysis is depicted in Figure 5.15. In general, it is worth noting how
the adoption of the weight strategy did not yield to relevant difference for healthy
subjects.

In general, this analysis is conducted to be delivered to the clinical staff, in
order to help them in defining a personalized plan of care, and also to support
patients in acquiring or reacquiring faculties to employ in daily life activities.

5.3.2 Second study

In the second study [181], new methods and signal processing algorithms were ap-
plied, thus allowing a more detailed analysis. This work was done in collaboration
with La Colletta hospital of Arenzano (Genova). A group of healthy people and
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Table 5.10: Angles between the approximate and optimal trajectories in the control
group.

Red can Orange can Green can
Sub. 1 no weight 6.29 1.75 4.55
Sub. 1 weight 5.02 2.02 5.69

Sub. 2 no weight 4.25 19.11 3.13
Sub. 2 weight 5.85 15.65 1.48

Sub. 3 no weight 4.21 28.26 1.15
Sub. 3 weight 6.57 13.29 2.69

Sub. 4 no weight 7.52 0.54 2.98
Sub. 4 weight 2.60 2.87 0.16

Sub. 5 no weight 0.42 0.35 0.92
Sub. 5 weight 1.24 1.03 0.60

Sub. 6 no weight 5.20 9.23 2.22
Sub. 6 weight 6.01 3.33 5.01

Avg. healthy no weight 4.65 9.87 2.49
Avg. healthy weight 4.55 6.37 2.61

Table 5.11: ROMs of shoulder, elbow and trunk in the control group.

Shoulder ROM Elbow ROM Trunk ROM
Sub. 1 no weight 179.71 97.76 3.68
Sub. 1 weight 179.21 140.48 4.89

Sub. 2 no weight 179.58 168.21 10.64
Sub. 2 weight 178.72 139.03 12.73

Sub. 3 no weight 179.22 72.48 5.54
Sub. 3 weight 179.74 92.56 5.23

Sub. 4 no weight 179.43 68.34 3.71
Sub. 4 weight 179.95 36.12 3.18

Sub. 5 no weight 179.49 46.30 3.75
Sub. 5 weight 178.45 45.65 3.22

Sub. 6 no weight 179.80 79.77 16.33
Sub. 6 weight 178.77 74.65 12.70

Avg. healthy no weight 179.54 88.81 7.28
Avg. healthy weight 179.14 88.08 6.99

one patient are involved. In particular, twelve healthy subjects, among physio-
therapist, nurses, and doctors, perform Shelf Cans activity at the hospital. The
participants were 8 female and 4 male aged between 27 and 61 years.
The patient involved was a 62-year-old man who suffered from motor disability
as a result of an expansive left fronto-parietal lesion. His plan of care was to
perform exercises for upper and lower limbs and to improve equilibrium. For the
early days, he performed the exercises at the hospital, then he was de-hospitalized
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(a) Red can - no strategy (b) Red can - strategy

(c) Orange can - no strategy (d) Orange can
- strategy

(e) Green can - no strategy (f) Green can -
strategy

Figure 5.13: Patient A, approximate (light blue) and optimal (black) trajectories,
and hand positions, based on the can color (dots).

and he finished his rehabilitation treatment after about twenty days at home. All
participants were right-handed.

Signal filtering and segmentation

The procedure described at Section 4.1 is applied. The signals acquired by the
sensor appear to be stationary with respect to the mean, and devoid of useful
information at high frequencies. For signal regularization, after few tests a 4th

order Butterworth filter with cutoff frequency of 1.5 Hz was implemented.
Figure 5.17 depicts the motion segmentation applied to the right hand signals.

As can be seen, the colored portions correspond to the movement performed by
bringing the corresponded colored can to the shelf. The positive and negative
variations on the X and Y axes of the Kinect, are consistent with the motion per-
formed and with the positions of the three shelves. In fact, the positive values of x
correspond to the movements performed to right of the origin, (i.e., the orange col-
ored portions). Conversely, the negative values of x correspond to the movements
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(a) Red can - no strategy (b) Red can - strategy

(c) Orange can - no
strategy

(d) Orange can
- strategy

(e) Green can - no
strategy

(f) Green can -
strategy

Figure 5.14: Patient B, approximate (light blue) and optimal (black) trajectories,
and hand positions, based on the can color (dots).

performed from right to left (i.e., the green and red colored portions). Similarly,
the positive y correspond to movements performed from the bottom upwards (i.e.,
orange and green portions), while the negative y values correspond to movements
performed downwards (i.e., red portions).

Patient monitoring over time

The patient considered in this study had a personalized treatment plan in which
he had to perform more repetitions per exercise, and for the exercises of the upper
limbs, he had to alternate the playing hand. In this section the evolution of the
main features of Shelf Cans activity executed with the pathological right hand will
be analyzed, dividing the patient’s monitoring period into 3 phases:

– phase 1: period in hospital, where the patient was able to try the exercises
with the help of a physiotherapist (days 1-7);

– phase 2: first period at home (days 8-18);

– phase 3: last period at home, which shows a constancy in the game perfor-
mances (days 19-30).
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(a) Red can - no strategy (b) Red can - strategy

(c) Orange can
- no strategy

(d) Orange can
- strategy

(e) Green can - no
strategy

(f) Green can -
strategy

Figure 5.15: Subject 1, approximate (light blue) and optimal (black) trajectories,
and hand positions, based on the can color (dots).

The first analysis concerns the number of cans placed on the correct shelf,
as shown in Figure 5.18. During phase 1, in the hospital, it can be seen that the
number of targets is much higher than the session period at home, this better trend
is normal, because the clinic is basically an environment prepared for physiotherapy
and rehabilitation, and the patient was constantly followed, guided and stimulated
by therapists. On the other hand, during the period at home, there was an initial
worsening due to the change of location and conditions, and due to the lack of
stimuli. The physiotherapist was able to provide timely a feedback to the patient as
a result of this continuous monitoring, thus he improved his motions and attained
constancy in performance throughout phase 3.

The subsequent analyzes will cover in detail the amplitude of the movement
performed, the precision in following the trajectory and the values of the other
features, explained in Section 4.5.2. These values will be compared with the per-
formance of a group of healthy subjects, who performed the same exercise.

Referring to the upper-limb movement, the Range of Motion of elbow and
shoulder joints were computed in 3D space and in the three anatomical planes
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(a) Shoulder ROM (b) Elbow ROM

(c) Trunk ROM

Figure 5.16: Patients A and B shoulder, elbow, and trunk ROMs visualizations.
Red marks refer to Patient A, blue marks refer to Patient B. Empty circles are for
sessions without adopting the weighting strategy, full circles are for sessions where
the weighting strategy was adopted.
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Figure 5.17: Signals segmentation of X and Y coordinates of the right hand joint.

i.e., coronal, sagittal and trasverse planes. The reference average values of healthy
subjects are summarized in Table 5.12, while the values obtained for the patient,
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Figure 5.18: Number of cans placed correctly over the period of time considered.

in the three time phases considered, are summed up in Tables 5.13 and 5.14 for
the shoulder and elbow ROMs respectively.

Table 5.12: ROMs of shoulder and elbow in the healthy group.

Coronal
plane

Sagittal
plane

Trasverse
plane

3D space

ROM shoulder 131.02 124.14 107.04 89.34
ROM elbow 178.67 129.99 114.90 98.81

Table 5.13: ROMs of shoulder.

Coronal
plane

Sagittal
plane

Trasverse
plane

3D space

Phase 1 122.42 83.08 86.86 77.76
Phase 2 138.47 71.95 102.52 81.82
Phase 3 134.32 91.69 112.43 77.48

The recorded values denote a difficulty in shoulder movement greater than 90
degrees during the first phase of rehabilitation at the hospital. In the first period
at home, a worsening of the amplitude of the movement was noted, for reasons
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Table 5.14: ROMs of elbow.

Coronal
plane

Sagittal
plane

Trasverse
plane

3D space

Phase 1 176.82 92.89 101.26 89.52
Phase 2 176.55 85.32 91.81 86.96
Phase 3 176.97 88.66 121.24 112.83

similar to those mentioned above. Finally, an improvement or a constancy of the
ROM values can be noted with regard to the last treatment period.

For what concerning the compensation and strategy movement adopted by
subjects when performing the exercise, on the part of healthy group low values of
medio-lateral and antero-prosterior tilt are denoted respectively 8.99° and 20.53°,
while on the transverse plane it was obtained on average 93.94° of trunk twist.
Such a high value may be due to the movement of adduction to bring the red can
to its shelf, which therefore involves a torsion of the body. The values obtained by
the patient are summarized in Table 5.15. In this case, over the time, the patient
decreased the compensatory movement he made with the trunk. These very high
compensation values can explain why some ROM values of the shoulder and elbow
are better than those of the healthy subjects.

The Hand-Shoulder distance is an another indicators of compensatory motion,
indeed the values obtained was 0.44 cm for healthy people and an average of 0.40
cm over the three phases for the patient (0.46 - 0.39 - 0.37 cm for phase 1, 2 and
3 respectively).

Table 5.15: ROMs of trunk.

Lateral Tilt Antero-Posterior Tilt Twist
Phase 1 10.71 28.51 130.87
Phase 2 12.95 22.53 143.33
Phase 3 12.08 24.38 120.41

Figure 5.19 shows the evolution of the performance of the patient compared to
the trajectory followed by an healthy subjects. This temporal analysis shows that,
over the time, the subject has managed to control the arm motion with rather
precise movements, always leading the can towards the shelf of the corresponding
color without much hesitation.

Figure 5.20 offers an overview of the results in terms of angles between the op-
timal trajectories and the trajectory performed by patient. The horizontal colored
lines indicate the values obtained for healthy group for each can. In detail, angles
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(a) Day 1. (b) Day 8.

(c) Day 19. (d) Day 30.

(e) Healthy subject.

Figure 5.19: Each point corresponds to the temporal position of the can on the
screen. Orange circles, red triangles, and green squares refer to orange cans, red
cans, and green cans respectively. The temporal evolution of the movement control
is provided in comparison with that performed by an healthy subject.
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Figure 5.20: Overview of patient performance. The movement precision is cal-
culated with the angles between trajectories. The bins represent the three shelf
positions, in order for red, orange and green cans. The horizontal dotted lines
indicate the standard performance of healthy subjects for each can.

of 2.88°, 10.04°, and 3.51° was computed for red, orange and green cans respec-
tively. Another display example for such indicator is represented by the box plots
in Figure 5.21. As for the red trajectory, the box plots of the patient (in red) and
of the healthy group (in blue) appear to be very similar and both show a certain
symmetry of the data. For what concerns the orange and green trajectories, the
patient’s box plots have some outliers, as well as a median values higher than those
of healthy subjects.

Lastly, the time indicator is computed to denote the time taken to perform the
movement by subjects. In Table 5.16 are shown the time values in seconds, for
the healthy group and for the patient. The time is computed making an average
of the times found to execute the trajectories divided by task.

Table 5.16: Time feature, in seconds, for the healthy and patient subjects.

Red can Orange can Green can
Healthy group 2.89 5.94 8.77
Patient phase 1 2.72 6.36 9.54
Patient phase 2 2.86 8.11 13.49
Patient phase 3 2.73 7.84 13.18

The time required to execute the trajectory that brings the red can from the
center to its shelf is much less than that required to perform the other two tasks.
In general, the time to perform the green can task is longer than the others, even
for healthy subjects. This time increases significantly for the pathological subject
when performing the exercise at home.
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Figure 5.21: A comparison between patient and healthy group’s values of tra-
jectory’s angles through box plots representation. In blue, the box plots of the
healthy subjects; in red, the patient’s box plots.
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In conclusion, the evaluation and interpretation of these data must be con-
sidered in the clinical context by a specialist. In this case the patient, despite a
long period of treatment, did not reach the performance of phase 1 again because
the pathology from which he suffered is of an evolutionary type and this therefore
leads to a progressive worsening.

5.4 Preliminary studies on Cerebral Palsy

The experimental phase began as part of the Rotary project “Medicina Digitale
per la prevenzione e la cura” and involved 6 children being treated at the Fiu-
mara ASL3 clinic. The children were at least 5 years old and had been diagnosed
with mild cerebral palsy, even bilateral, and in some cases they also suffered from
hemiparesis. They had no particular cognitive problems.
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Figure 5.22: Number of sessions perfomed by children at Fiumara ASL3 clinic.

The physiotherapists of the clinic followed the children while they carried out
some ReMoVES activities; in the Figure 5.22 it can see an overview of how many
sessions they played for each Kinect exergame. Child 1 is the one who played
several times, even with Leap Motion exergames, thus giving a complete feedback
on all the activities. A lot of comments has been received both from children and
from the specialists involved, in general the ReMoVES system is certainly fun for
children and teenagers, thus combining rehabilitation with pleasure. The games
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that seemed most interesting were those dedicated to balance (Flappy Clouds and
Hot Air) and for the upper limb (Owl Nest and Shelf Cans). Families were also
given a questionnaire to find out their point of view on these new rehabilitation
activities. Only 4 out of 6 families filled out the questionnaire; it may be useful to
mention the answers given to some questions, including:

1. Was the child able to easily understand the task to be carried out?

2. Has the child shown interest in this type of activity?

3. Do you think it could be useful to carry out exercises following the instruc-
tions of a videogame, in addition to traditional rehabilitation therapy, even
in the absence of medical/health personnel?

4. Do you think it is useful for the doctor or physiotherapist to be able to
view the carried out activities on the computer to verify correct execution
or provide suggestions?

5. Would you like the child to be able to perform this type of exercise at home?

6. Did you know that the rehabilitation guidelines also include the use of
videogames as a rehabilitation activity?

The score varies from 1 (Disagree) to 5 (Agree).
Analyzing the answers obtained, displayed in the graphs of Figures 5.23 and

5.24, it can be seen that the children were able to understand the purpose of the
different activities proposed and showed very engagement. Families have shown
enough interest in using videogames for rehabilitation purposes and believe it is
useful for the doctor to be able to remotely see the results and performance of the
exercise. Finally, families showed enough interest in continuing therapy with Re-
MoVES and not everyone was aware that the new guidelines on telerehabilitation
also recommend the use of exergames.

This feasibility study shown that the system can also be a useful tool for
children population. It would be preferable to integrate these activities at the
clinic and then take the system home with the family’s permission, keeping in
mind the numerous school and extracurricular responsibilities that children and
parents may have. Based on the comments received, it was determined that the
current games, which are developed for an adult population that is less prone to
technology and videogames, need to be improved primarily in terms of graphics.
Children, in fact, require more stimulation as well as more engaging and dynamic
activities. Therapists also have specific needs for what outcomes to investigate
(for example, how the child maintains the wrist during upper limb games), and for
this kind of disorder, it is critical to keep track on compensatory torso motions.
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Figure 5.23: Results of the first 4 questions of the questionaire.

5.5 Multiple Sclerosis application

Within the STORMS project, the ReMoVES system was tested at the San Mar-
tino hospital with some patients affected by MS. First, a feasibility study was
conducted with four patients who took the system home. In the absence of spe-
cific prescription, patients were allowed to carry out the exercises they found most
enjoyable. However, this led to a greater utilization of the easier activities or those
that the patients favored, at the expense of the more challenging or cognitively sig-
nificant ones. As a matter of fact, the patients outperformed the basic exergames
rather than improving their skills by progressing up the levels. In Section 5.5.1
some results of a 49 year old patient who kept the ReMoVES system at home for
almost a month will be presented.

For the second study, it was decided to take a different approach, prescribing
a patient with a precise and personalized weekly treatment plan, with activities
distributed from Monday to Thursday. The patient has 56 years and took the
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Figure 5.24: Results of the questions 5 and 6 of the questionaire.

system home for 4 weeks. At the end of each week, a brief report detailing the
outcomes of the activities was compiled so that the therapists could adjust the
therapy schedule for the next week. In Section 5.5.2 the results obtained on a
weekly basis will be analyzed and the prescriptions will be compared with the
actual sessions played by the patient. As the present study is still ongoing, in the
end possible future analysis of the results are discussed.

5.5.1 First study

The Table 5.17 summarizes the number of sessions played for each exergame. As
can be seen, the patient played mainly at the first level of each activity, focusing
more on the basic ones (Shelf Cans and Hot Air). The sessions of Shelf Cans
exercise will be analyzed below.

Table 5.17: Number of sessions performed by the patient for each exergame.

Exergame Level # Session
Shelf Cans - 26
Owl Nest 1 23
Numbers 1-2 4

Supermarket 1 3
Business By Car 1 3

Hot Air - 52

Shelf Cans analysis

In this first analysis, the cognitive results achieved by the patient and his precision
and speed in performing the movement will be described. Figure 5.25 shows the
learning curve obtained from patient when playing Shelf Cans exergame. A low
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score is expected in the initial sessions and a subsequent steady improvement
during the final sessions.
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Figure 5.25: Learning curve in the context of Shelf Cans activity. On the verti-
cal axis, it is evaluated how gaming performance improves with more experience
(number of sessions). The game performance is defined as a percentage increase
compared to the initial session.

Figure 5.26 offers an overview of the results in terms of angles between the
optimal trajectories and the trajectory performed by patient and the times elapsed
in bringing the colored cans to the corresponding shelf. From the graphs it can be
seen an improvement in the times for each trajectory, which therefore denotes a
greater speed of execution of the movement. On the contrary, the angles between
the optimal trajectory and the one performed by the patient, which indicate the
precision of the movement, increased for the trajectory of the red can or remained
constant or decreased for the trajectories of the orange and green cans, respectively.

Therefore, one can notice a correlation between the angles (precision of the
movement) and the times (speed of execution). For the red can, the faster he
went, the less accurate he was (negative correlation of ρ = −0.48). For the orange
can there is a low correlation of ρ = −0.10. For the green can there is a positive
correlation of ρ = 0.53, therefore he was able to be both quick and precise in his
movement.

Finally, a comparison between patient and a group of healthy subjects is repre-
sented throughout the box plots relating to the indicator of the angle between the
trajectories (Figure 5.27). Regarding the red and green trajectories, the box plots
of the patient (in red) and the healthy group (in blue) appear to be very similar
and both show a certain symmetry of the data. As for the orange trajectory, the
patient’s box plots have some outliers, which correspond to the mistakes he made
in getting those cans to the wrong shelves.
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5.5.2 Second study

The exercise recommended for each week are provided in Table 5.18, along with
the minimum number of times she was required to play each day. Instead, Figure
5.28 shows the patient’s adherence to the prescription.

Table 5.18: Plan of care of the activities prescribed for 4 weeks.

Week Exergame Level Prescription/day

1

Shelf Cans - 4
Owl Nest 1 4
Owl Nest 2 5

Supermarket 1 4

2

Owl Nest 3 5
Owl Nest 4 4

Supermarket 1 5
Business By Car 1 4

3

Supermarket 1 5
Business By Car 1 4

Numbers 1 5
Numbers 2 2

4

Supermarket 1 5
Supermarket 2 5

Business By Car 2 4
Numbers 2 5

Although she did not follow the prescription in the first week, the patient
achieved good results in the activities she had to perform. In fact for the second
week, the therapists prescribed more advanced levels of Owl Nest and the addition
of a new exergame. In the first two weeks, the Owl Nest and Shelf Cans exergames
were played a lot and the patient does not seem to have encountered any particular
problems or difficulties. Therefore in the last two weeks these games have not been
prescribed anymore. On the contrary, the therapists wanted to add activities in
which the patient seemed to have more difficulty, in order to entice her to greater
concentration and cognitive recovery.

Overall though, over the weeks it can be noted that the patient did not com-
pletely follow the prescription and also performed several more advanced activities
that were not requested. Also, in weeks three and four, she never played the Num-
bers exergame. One may also notice a dramatic decrease in the number of sessions
performed over the last week.

Comparison between actual and prescribed gaming sessions revealed a signif-
icant discrepancy. This gap can be attributed to a number of factors that con-
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tributed to influencing the patient’s participation in the context of the different
activities and prescriptions she had. The need to combine multiple activities may
have affected her willingness and motivation to regularly participate in rehabili-
tation sessions. To optimize future interventions, one might consider optimizing
patient participation with a broader approach balanced that takes into account the
individual needs and various prescribed activities. Addressing the factors that in-
fluence participation can help ensure greater consistency in carrying out exercises
and achieving results desired.

Business By Car analysis

For the Business By Car exergame, progress in cognitive and motor skills was
assessed through specific parameters and indicators.

The histogram representing the correct and incorrect paths per session offers
a detailed view of the patient’s motor skills during the gaming sessions. Correct
paths reflect the patient’s ability to correctly follow the path established by the
game, while incorrect paths indicate any deviations or errors committed. In Figure
5.29, it can be seen how the number of wrong paths varies based on sessions.
Fluctuations can be indicative of different factors, such as the complexity of the
path, the level of concentration or the progressive adaptation to the challenges.
Sessions with a high number of wrong paths they could suggest moments in which
the patient faced greater difficulties in following the predefined path also due to
a higher level of play. On the contrary, sessions with fewer wrong routes may
indicate a greater ability to manage the motor challenges proposed by the game.

The histogram inf Figure 5.30 regarding correct and incorrect answers per ses-
sion provides an analysis of the patient’s cognitive abilities. Correct answers reflect
the ability to provide accurate answers to the questions posed at the end of the
game, while incorrect answers indicate any errors or inaccuracies in the answers
provided. The trend of correct and incorrect answers can offer a perspective on the
evolution of the patient’s cognitive abilities during the game program. Sessions
with a high number of correct answers could highlight moments of greater under-
standing and concentration, while those with a greater number of wrong answers
could signal situations in where the patient encountered difficulties in processing
information.

5.5.3 Future development

The analysis of indicators containing features concerning attention, working mem-
ory, speed of processing information about the environment or situation simulated
by the serious games and those concerning the movements performed to reach the
goal, defines a complete picture of the physical and mental state of the patient
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allowing then to monitor more accurately the course of symptoms highlighted by
the disease. In future development, the main indicators and graphs will be ana-
lyzed from a cognitive and motor point of view. In fact, although the focal point
of the STORMS project is cognitive rehabilitation, it is also necessary to study
the movement performed by the patient, predict any errors or compensations, as
well as analyze the precision and speed of the gesture itself.

For a cognitive point of view, the Mini-Mental State Examination (MMSE)
perfomed by therapist before and after the rehabilitation treatment, will be used
to assess the state of impairment and/or deterioration of cognitive efficiency. The
results obtained with MMSE test could be correlated with the data collected by
the Removes system to ascertain the capacity of cognitive functions of MS patients.

Lastly, the tool to measure the disability status of patients with MS will be the
Expanded Disability Status Scale (EDSS). The inclusion criterion considered will
include patients with a score lower than 6. The expected trends will be learning
curves that will include information related to motor performance obtained in
multiple gaming sessions. For each exergame, the correct joints will be tracked
in order to detect and evaluate the patient’s movement patterns. Possible motor
indicators could be the amplitude of the movement (ROM) of the shoulder and
elbow and compensations with the trunk.
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Figure 5.26: The graphs on the right relate to the angles between the optimal
trajectory and the one performed by the patient. The graphs on the left represent
the times to perform the required movement. From top to bottom the results for
the red, orange and green trajectories are shown respectively.
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Figure 5.27: A box plot depiction of the values of trajectory angles between the
patient and healthy group. In blue the box plots of the healthy subjects; in red
the patient’s box plots.
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Figure 5.28: Number of sessions performed each week. In gray are the sessions
performed on the first day, in blue those of the second, in yellow the third and
in orange the fourth day. The exercises in red highlight the execution of non-
prescribed activities.
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Figure 5.29: Number of correct and incorrect paths per session.
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Chapter 6

Conclusion

This thesis focused on the application of the IoT system ReMoVES, which ad-
ministers exergames for motor and cognitive activities, in the context of various
diseases. Even when patient activity is carried out autonomously of therapist ob-
servation, it may still be tracked by using affordable, easily accessible components
and an intuitive user interface. Furthermore, those who are unfamiliar with new
technologies can still follow their tailored plan of care and perform the activities
that are recommended. All of this enables remote clinical staff monitoring of the
patient’s behavior and the continuation of care following dehospitalization. The
possibility to avoid wearable devices in favor of sensors such as depth cameras al-
low for expanding the use of such a system even without the need for therapists or
caregivers to attend to patients. Moreover, measurement accuracy is satisfactory
for remote monitoring, as pathological movement can be detected from the data,
and sessions can be analyzed and discussed as in Section 5.

The most important theoretical contribution is the definition of indicators that
drive feature-extraction and data-processing operations in future studies. The
reliability of data and concordance with respect to the literature enable the devel-
opment of data-analysis and artificial-intelligence techniques for supporting clinical
practice. For instance, due to the sequential nature of rehabilitation data collected
by ReMoVES, in a future perspective long short-term memory (LSTM) recurrent
neural networks (RNNs) can be used for data analysis.

Even though acceptability towards IoT/ICT solutions for telerehabilitation and
telemedicine is continuously increasing, it is still rare that such technologies are
guaranteed and covered by national health services. For instance, in several Italian
regions, the local health service has recently been operating in such a direction,
recognizing the benefit that the people may have from technologies such as the
one described here.

There are three main contributions for what concerns practical and social im-
plications of the present work. First, from a clinical point of view, patients benefit
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from the use of ReMoVES in terms of help for dehospitalization, continuity of care,
the personalization of plans of care, and engagement in activities. Second, from an
operative point of view, telerehabilitation helps clinical staff to also follow several
patients when they cannot physically attend to them. In the end, there were inter-
esting social interactions among participants while practicing ReMoVES activities
in the facilities. Patients enjoyed the experience both when playing themselves
and when watching others carrying out the activities, thus promoting social in-
clusion. This may be the context of a stimulating future social experiment aimed
at evaluating whether such a friendly atmosphere induced by ReMoVES activities
can bring some sort of unexpected benefit.

The most challenging aspect of this work was acquiring data. It is common
problem, particularly in the medical and rehabilitation fields, to identify enough
patients with specific traits or diseases, or healthy people, who can complete the
exercise correctly, to use as models. Automatic classification techniques may be
used in the future, potentially in conjunction with methods to address the issue of
imbalanced datasets with small sample sizes, as proposed by the authors of [228].
Concerning other future developments, the next objective is the improvement of
technical ReMoVES potential, for instance, by deploying the new Azure Kinect
sensor, developing novel exergames, and including biometric sensors. At the same
time, the spectrum of diseases of which treatment also involves ReMoVES will be
expanded.
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A.3 Awards

� Project STORMS - Solution Towards Occupational Rehabilitation for Multi-
ple Sclerosis, awarded for Premio Innovazione Digitale nella Sclerosi Multipla
2020 sponsored by Merck.
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Studi di Genova - Prof. Giovanni Petrillo.
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Other works

In this appendix, the other works developed during the Ph.D., but not described
in the present thesis are introduced.

B.1 Cultural heritage preservation

The present section briefly discloses the work in [229].

Cultural heritage preservation is a crucial topic for our society. When dealing
with fine art, color is a primary feature that encompasses a great information con-
tent related to the artwork conservation status and to the pigments composition.
As an alternative to more sophisticated devices, analysis and identification of color
pigments may be addressed via a digital camera, i.e., a non-invasive, inexpensive,
and portable tool allowing for studies on large surfaces. The present work proposes
a new supervised approach to camera characterization based on clustered data, in
order to address the homoscedasticity of the acquired data. The experimental
phase is conducted on a real pictorial dataset made of 117 tiles from the database
of diagnostic analyses of The Foundation Centre for Conservation and Restora-
tion of Cultural Heritage “La Venaria Reale” (in collaboration with the National
Institute of Metrological Research and Laboratorio Analisi Scientifiche of Regione
Autonoma Valle d’Aosta) [230]. Figure B.1 shows some of the selected parts of
tiles involved in the study. The dataset under analysis is clustered according to
two different criteria, i.e., according to chromatic appearance and the chemical
composition, with reference to the central metal atom.
Among the different approaches studied in the state-of-the-art, a polynomial re-
gression allowed to obtain the best results on both the proposed clustering criteria.
Thus, while the correlation between characterized photographic and colorimetric
data remains high both when considering the entire dataset or the single clusters,



APPENDIX B. OTHER WORKS 122

Figure B.1: A subset of tiles samples involved in the study.

in the last case notable improvements can be seen on the three types of parame-
ters considered to test the efficacy of the characterization (i.e., RMS, ∆E00, and
∆). In addition, the work introduces a way to deal with organic pigments in a
quantitative visual approach.

B.2 Unsupervised evaluation of image segmen-

tation

The present section briefly discloses the works on image processing in the con-
text of Magnetic Resonance (MR) volumes [231] and Computer Tomography (CT)
scans [232], respectively.

Image segmentation partitions a digital image into regions of interest, by tak-
ing into account the information content and local properties of homogeneity and
topological connectivity. The evaluation of segmentation quality is usually based
on supervised ground-truth images, which are provided by experts and used for
comparison with segmented images. Indeed, intra-rater and inter-rater reliability
affect the accuracy of such reference information. In addition to subjectivity, the
skill of the experts and their knowledge could lead to bias. To achieve an objective
performance measure, an automatic method for unsupervised evaluation of volume
segmentation is proposed, which aims at finding a repetitive and user-independent
evaluation of segmented results. The proposed approach leverages on the integra-
tion of volume- and boundary-based analysis. The quality of the segmentation is
estimated on the basis of gradient properties, measured in the volume and focused
on the voxels of the border. The segmentation is evaluated through a simple fuzzy
index based on the resulting gradient. The experimental phase is conducted on a
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set of Magnetic Resonance volumes of the wrist district.

Most of the papers in the literature concerning the detection and evaluation of
particular features from medical images (i.e., trauma, infections, etc.) are based on
supervised techniques that always require large amounts of annotated data. On the
contrary, in this work a completely unsupervised method is proposed, inspired by
a previous 2D approach to segmentation, reformulated and extended to the case of
3D tomographic images. The method uses a flooding algorithm for the extraction
of regions in the lung area, followed by the association with the corresponding
statistical model by parametric estimation. A maximum a posteriori estimate of
the 3D label map is obtained by modeling the image as a Markov Random Field
that includes space-contextual information by means of a simple local proximity
model for inter-voxel dependence. At this level, the problem is reformulated in
terms of energy minimization, which is addressed using the α - β swap graph-
cut algorithm. The proposed method was tested on 3D lung images in order to
delineate infections from CT scans of the chest. A set of COVID-19 confirmed
patients was then considered, and the results obtained showed accurate detection
ability and remarkable robustness to the heterogeneity of CT scans considered.
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[16] M. van Diest, J. Stegenga, H. J. Wörtche, K. Postema, G. J. Verkerke, and
C. J. Lamoth, “Suitability of kinect for measuring whole body movement
patterns during exergaming,” Journal of biomechanics, vol. 47, no. 12, pp.
2925–2932, 2014.

[17] L. Zheng, G. Li, X. Wang, H. Yin, Y. Jia, M. Leng, H. Li, and L. Chen,
“Effect of exergames on physical outcomes in frail elderly: a systematic
review,” Aging clinical and experimental research, vol. 32, pp. 2187–2200,
2020.



127 BIBLIOGRAPHY

[18] E. Brox, L. F. Luque, G. J. Evertsen, and J. E. G. Hernández, “Exergames for
elderly: Social exergames to persuade seniors to increase physical activity,”
in 2011 5th International Conference on Pervasive Computing Technologies
for Healthcare (PervasiveHealth) and Workshops. Ieee, 2011, pp. 546–549.
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[129] J. Veldema, K. Bösl, G. Neumann, G. Verheyden, and D. A. Nowak, “Nonin-
vasive brain stimulation in rehabilitation of hemispatial neglect after stroke,”
CNS spectrums, vol. 25, no. 1, pp. 38–49, 2020.

[130] M. Foroni, C. Mussi, E. Erzili, and G. Salvioli, “L’anziano fragile e il paziente
anziano fragile: problema solo terminologico,” G. Gerontol, vol. 54, pp. 255–
259, 2006.

[131] Q.-L. Xue, “The frailty syndrome: definition and natural history,” Clinics
in geriatric medicine, vol. 27, no. 1, pp. 1–15, 2011.

[132] L. P. Fried, C. M. Tangen, J. Walston, A. B. Newman, C. Hirsch, J. Gott-
diener, T. Seeman, R. Tracy, W. J. Kop, G. Burke et al., “Frailty in older
adults: evidence for a phenotype,” The Journals of Gerontology Series A:
Biological Sciences and Medical Sciences, vol. 56, no. 3, pp. M146–M157,
2001.

[133] “Ageing and health.” [Online]. Available: https://www.who.int/en/
news-room/fact-sheets/detail/ageing-and-health

[134] G. Palestra, M. Rebiai, E. Courtial, and D. Koutsouris, “Evaluation of a re-
habilitation system for the elderly in a day care center,” Information, vol. 10,
no. 1, p. 3, 2018.

[135] P. B. da Silva, F. N. Antunes, P. Graef, F. Cechetti, and A. de Souza Pag-
nussat, “Strength training associated with task-oriented training to enhance
upper-limb motor function in elderly patients with mild impairment after
stroke: a randomized controlled trial,” American journal of physical medicine
& rehabilitation, vol. 94, no. 1, pp. 11–19, 2015.



139 BIBLIOGRAPHY

[136] K. I. Erickson, M. W. Voss, R. S. Prakash, C. Basak, A. Szabo, L. Chaddock,
J. S. Kim, S. Heo, H. Alves, S. M. White et al., “Exercise training increases
size of hippocampus and improves memory,” Proceedings of the national
academy of sciences, vol. 108, no. 7, pp. 3017–3022, 2011.

[137] S. Vaynman, Z. Ying, and F. Gomez-Pinilla, “Hippocampal bdnf mediates
the efficacy of exercise on synaptic plasticity and cognition,” European Jour-
nal of neuroscience, vol. 20, no. 10, pp. 2580–2590, 2004.

[138] H.-G. Cha and D.-W. Oh, “Effects of mirror therapy integrated with task-
oriented exercise on the balance function of patients with poststroke hemi-
paresis: a randomized-controlled pilot trial,” International Journal of Reha-
bilitation Research, vol. 39, no. 1, pp. 70–76, 2016.

[139] J. A. Anguera, J. Boccanfuso, J. L. Rintoul, O. Al-Hashimi, F. Faraji,
J. Janowich, E. Kong, Y. Larraburo, C. Rolle, E. Johnston et al., “Video
game training enhances cognitive control in older adults,” Nature, vol. 501,
no. 7465, pp. 97–101, 2013.

[140] X. Tao and Z. Yun, “Fall prediction based on biomechanics equilibrium using
kinect,” International Journal of Distributed Sensor Networks, vol. 13, no. 4,
p. 1550147717703257, 2017.

[141] S.-C. Zhang, H. Wang, Z. Liu, S. Zeng, Y. Jin, and T. Baležentis, “A com-
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