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Abstract

The need for rehabilitation has increased over the years. The individualisation of
rehabilitation plays an important role in improving the lives of people in need. Within
this individualisation of rehabilitation, the use of physical activity data can be very
useful to know the condition of the person. But the knowledge of constant physical
activity is almost impossible for therapists.

The use of technology, with the purpose of helping to know the physical activity
performed by people, is becoming more and more common. Through the sensorization
of the person, very interesting data can be obtained to help in rehabilitation. In
addition, thanks to this sensorization, it is possible to know other types of events,
such as a fall, whose rapid action can avoid increasing the need for rehabilitation.

Typically this type of sensorization is done using wearable sensors, but several
researchers have proposed the use of sensors integrated into assistive devices for
walking for those who need them, as this solution is less invasive. While many of the
devices can measure physical activity, they have the disadvantage that the sensing
elements are fixed to the assistive devices for walking. This may prevent the user from
being comfortable, as it is not the assistive device for walking that he/she normally
uses. For this reason, the design of an interchangeable sensor tip between different
assistive devices for walking is very important.

This paper presents an innovative prototype of a sensorized tip that can be in-
terchanged between different assistive devices for walking. It is capable of classifying
different physical activities as well as detecting falls. The developed tip is able to adapt
to different assistive devices for walking on the market. In addition, this sensorized tip
consists of a series of sensors that provide the information needed to classify physical
activities and detect falls. These sensors are: a force sensor to measure axial forces;
a 3-axis accelerometer, a 3-axis gyroscope and a 3-axis magnetometer to measure
movement; and a barometer to measure height variations. In addition, the data from
these sensors is sent via Bluetooth Low Energy, making the devices autonomy very
high. Because people when using an assistive device for walking do not always use it
in the most appropriate way and tend to twist the device, an algorithm is proposed
to estimate what is the angle of advance. In this way the data of the Lateromedial
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and Anteroposterior angles can be obtained in a simple way. This sensorized tip is
validated by a series of tests to achieve good measurement errors.

In order to know the physical activity carried out by the assistive device for walking
user, a classifier capable of classifying 5 different physical activities is created. The
use of Machine Learning techniques is considered for this purpose. In order to use
these techniques, it is proposed the segmentation of the data in windows by events
to create a series of features for each window. Since the number of features is very
high, a dimensionality reduction using Random Forest is proposed in order to use the
most relevant ones. Once these most important features are known, it is proposed
to use K-Nearest Neighbors (K-NN), Support Vector Machine (SVM) and Artificial
Neural Network (ANN) to classify between walking, fast walking, going up stairs,
going down stairs and standing still. The classifiers performed are compared with
each other, achieving results between 92% and 97%, using only 7 features.

Moreover, a fall detector is proposed through the use of the sensorized tip. This
fall detector, like the physical activity classifier, follows a methodology in which the
data is first divided into windows and then a set of features is generated. This is
followed by dimensionality reduction of the features and an SVM-based detector.
This classifier is based on two modules, one of which detects when the assistive
device for walking is fallen and the other one detects when the person with the
assistive device for walking is fallen. Results higher than 0.96 F-Score are achieved.
Finally, the results obtained by the sensorized tip-based detector are compared with
the results obtained by wearable sensors.
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Laburpena

Azken urteetan, errehabilitazio beharra areagotu da. Indibidualizazioak oso eginkizun
garrantzitsua du errehabilitazio beharra duten pertsonen bizitza hobetzeko. Erreha-
bilitazioaren indibidualizazio horren barruan, pertsonaren egoera ezagutzeko, jarduera
fisikoari buruzko datuak erabiltzea oso baliagarria izan daiteke. Baina jarduera fisiko
etengabea ezagutzea ia ezinezkoa da terapeutentzat.

Pertsonek egiten duten jarduera fisikoa ezagutzeko, gero eta ohikoagoa da, tekno-
logiaren erabilera. Pertsonaren sentsorizazioaren bidez, errehabilitazioan laguntzeko
oso datu interesgarriak lor daitezke . Gainera, sentsorizazio horri esker, erorketak be-
zalako beste gertaera mota batzuk ezagutzea lor daiteke, eta horien jarduera azkarrak
errehabilitazio beharra areagotzea ekidin dezake.

Oro har, sentsorizazio mota hori sentsore eramangarrien bidez egiten bada ere,
hainbat ikertzailek, laguntza teknikoko gailuetan sentsoreak integratzea proposatu
dute, horrela hain inbaditzaileak ez diren soluzioak lortuz. Jarduera fisikoa detekta-
tu dezaketen gailu asko badaude ere, sentsoreak ibiltzeko laguntza gailuetan finko
egotearen eragozpena dute. Horrek erabiltzailea eroso egotea eragotz dezake, ez
baita normalean erabiltzen duen ibiltzeko laguntza gailua. Hori dela eta, ibiltzeko la-
guntza gailu ezberdinen artean alda daitekeen Punta sentsorizatu baten diseinua oso
garrantzitsua dela ondorioztatzen da.

Honen aurrean, lan honek, ibiltzeko laguntza gailu ezberdinen artean trukatzeko
gai den Punta sentsorizatuaren prototipo berritzaile bat aurkezten du. Garatutako
punta, merkatuko ibiltzeko laguntza gailuetara egokitzeko gai da. Gainera, sentsori-
zatutako punta honek, jarduera fisikoen sailkapena egiteko eta erorikoak detektatzeko
informazioa ematen duten sentsoreak ditu. Hauek dira dituen sentsoreak: indar axia-
lak neurtzeko indar-sentsore bat; mugemendua neurtzeko 3 ardatzeko azelerometro
bat, 3 ardatzeko giroskopio bat eta 3 ardatzeko magnetometro bat; eta altuera alda-
ketak neurtzeko barometro bat. Gainera, gailuaren autonomia oso handia izan dadin,
sentsore horien datuak Bluetooth Low Energy bidez bidaltzen dira. Horretaz gainera,
jendeak ibiltzeko laguntza gailu bat erabiltzen duenean ez duenez beti modurik egokie-
nean erabiltzen eta gailua okertzen duenez, aurrerapen angelua zein den kalkulatzeko
algoritmo bat proposatzen da. Horrela, angelu lateromediala eta anteroposteriorra
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lortuz. Punta sentsorizatu hori proba batzuen bidez balioztatu da, neurketa-errore
onak lortuz.

Ibiltzeko laguntza gailuaren erabiltzaileak egindako jarduera fisikoa ezagutu ahal
izateko, 5 jarduera fisiko sailkatzeko gai den sailkatzaile bat garatu da. Helburu
hau lortzeko, Machine Learning teknikak erabili dira. Teknika horiek erabili ahal iza-
teko, datuak gertaeren arabera leihoetan segmentatu eta leiho bakoitzeko hainbat
ezaugarri sortu dira. Ezaugarrien kopurua oso handia denez, Random Forest erabi-
liz dimentsionaltasuna murriztu da, ezaugarri garrantzitsuenak aukeratuz. Ezaugarri
garrantzitsu horiek ezagutu ondoren, K-Nearest Neighbors (K-NN), Support Vector
Machine (SVM) eta Artificial Neural Network (ANN) erabili dira, ibiltzeko, azkar ibil-
tzeko, eskailerak igotzeko, eskailerak jaisteko eta geldirik egoteko jarduera fisikoak
sailkatzeko. Garatutako sailkatzaile desberdinak elkarren artean alderatu dira, %92
eta %97 arteko emaitzak lortuz.

Gainera, Punta sentsorizatua, erorikoak detektatzeko erabili da. Erorikoen de-
tektagailu horrek, jarduera fisikoen sailkatzaileak bezala, metodologia bati jarraitzen
dio. Metodologia horretan, lehenik eta behin, datuak leihoetan zatitu eta zenbait
ezaugarri sortzen dira. Ondoren, dimentsionaltasun murrizketan eta SVMn oinarritu-
tako detektagailua garatzen da. Detektagailu hau, bi modulutan banatzen da; lehen
moduluak ibiltzeko laguntza gailua erori dela detektatzen du, eta bigarrenak, ibiltzeko
laguntza gailuaren erabiltzailea erori dela hautematen du. F-Score-ren 0.96tik gorako
emaitzak lortzen dira bi moduluetan. Azkenik, Punta sentsorizatuan oinarritutako
detektagailuak lortutako emaitzak sentsore eramangarrien bidez lortutako emaitzekin
alderatzen dira.
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Resumen

La necesidad de rehabilitación se ha visto incrementada con el paso de los años. La
individualización de esta juega un papel muy importante para mejorar la vida de las
personas que la requieren. Dentro de esta individualización de la rehabilitación, el uso
de los datos de la actividad física puede ser muy útiles para conocer el estado de la
persona. Pero el conocimiento de la actividad física constante es casi imposible para
los terapeutas.

El uso de la tecnología, con el propósito de ayudar al conocimiento de la actividad
física realizada por las personas, es cada vez más común. Mediante la sensorización
de la persona se pueden conseguir datos muy interesantes para ayudar en la reha-
bilitación. Además, gracias a esta sensorización se puede conseguir conocer otro
tipo de eventos, como una caída, cuya actuación rápida puede evitar incrementar la
necesidad de rehabilitación.

Por lo general este tipo de sensorización se realiza mediante el uso de sensores
vestibles, pero varios investigadores han propuesto el uso de sensores integrados en
los dispositivos de ayuda técnica, para aquellas personas que los necesitan, siendo esta
solución es menos invasiva. Si bien muchos de los dispositivos pueden medir la activi-
dad física, estos tienen el inconveniente de que los elementos sensores se encuentran
fijos en los dispositivos de ayuda a la marcha. Esto puede impedir que el usuario
se encuentre cómodo, ya que no es el dispositivos de ayuda a la marcha que el usa
habitualmente. Por ese motivo, el diseño de una contera sensorizada intercambiable
entre los distintos dispositivos de ayuda a la marcha es muy importante.

Este trabajo presenta un prototipo innovador de contera sensorizada capaz de
intercambiarse entre distintos dispositivos de ayuda a la marcha. Esta es capaz
de clasificar diferentes actividades físicas, así como de detectar caídas. La contera
desarrollada es capaz de adaptarse a los distintos dispositivos de ayuda a la marcha
del mercado. Además, esta contera sensorizada consta de una serie de sensores que
aportan la información para la realización de la clasificación de actividades físicas y
detección de caídas. Estos sensores son: un sensor de fuerza para medir las fuerzas
axiales; un acelerómetro de 3 ejes, un giroscopio de 3 ejes y un magnetómetro de 3
ejes para medir el movimiento; y un barómetro para medir las variaciones de altura.
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Además, los datos de estos sensores se envían vía Bluetooth Low Energy, haciendo
que la autonomía del dispositivo sea muy elevada. Debido a que la gente cuando usa
un dispositivos de ayuda a la marcha no siempre lo usa de la manera más adecuada
y suele torcer el dispositivo, se propone un algoritmo para estimar cual es ángulo de
avance. De esta manera se pueden conseguir los datos de los ángulos Lateromedial y
Anteroposterior de manera sencilla. Esta contera sensorizada se valida mediante una
serie de pruebas consiguiendo unos errores de medición buenos.

Para poder conocer la actividad física realizada por el usuario del dispositivos
de ayuda a la marcha, se realiza un clasificador capaz de clasificar 5 diferentes ac-
tividades físicas. Se propone del uso de técnicas de Machine Learning para este
propósito. Para poder usar estas técnicas, se propone la segmentación de los datos
en ventanas por eventos para crear una serie de características por cada ventana.
Debido a que el número de características es muy elevado, se propone una reduc-
ción de dimensionalidad mediante el uso de Random Forest, para así poder usar las
más relevantes. Una vez conocidas estas características más importantes, se propone
el uso de K-Nearest Neighbors (K-NN), Support Vector Machine (SVM) y Artifi-
cial Neural Network (ANN) para clasificar entre andar, andar rápido, subir escaleras,
bajar escaleras y estar quieto. Los clasificadores realizados se comparan entre si,
consiguiendo resultados entre el 92% y el 97%.

Además, se propone un detector de caídas mediante el uso de la contera sen-
sorizada. Este detector de caídas, al igual que el clasificador de actividades físicas,
sigue una metodología en la cual primero se realiza una división de los datos en
ventanas para después generar una serie de características. Luego se realiza una re-
ducción de dimensionalidad y un detector basado en SVM. Este clasificador se hace
en base a dos módulos, los cuales uno sirve para detectar cuando el dispositivos de
ayuda a la marcha se ha caído y el otro detecta cuando se ha caído la persona con
el dispositivos de ayuda a la marcha. Se consiguen resultados mayores del 0.96 de
F-Score. Por último, se comparan los resultados obtenidos por el detector basado en
la contera sensorizada con los resultados obtenidos por sensores vestibles.
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1 Motivation and goals

This doctoral thesis has been carried out by Asier Brull Mesanza in the PhD program
in Control Engineering, Automation and Robotics of the Euskal Herriko Unibertsi-
tatea/Universidad del País Vasco (UPV/EHU), and has been supervised by Dr. Itziar
Cabanes Axpe and Dr. Asier Zubizarreta Pico.

The research presented in the doctoral thesis has been carried out in the Virtual
Sensorization (ViSens) Research Group of the Department of Automatic Control
and Systems Engineering of the Bilbao School of Engineering of the Euskal Herriko
Unibertsitatea/Universidad del País Vasco (UPV/EHU). This doctoral thesis was sup-
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The doctoral thesis is presented as a compendium of papers index in JCR of
Science Citation Index, being these Sensorized Tip for Monitoring People with
Multiple Sclerosis that Require Assistive Devices for Walking (Appendix 1 [28]),
A Machine Learning Approach to Perform Physical Activity Classification Using
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Chapter 1. Motivation and goals

a Sensorized Crutch Tip (Appendix 2 [126]) and Machine Learning based Fall
Detector with a Sensorized Tip (Appendix 3 [125]).

1.1 Motivation

According to the World Health Organisation (WHO), rehabilitation plays a very im-
portant role in the recovery of people after suffering an injury or illness [140, 78, 59].
Worldwide, around 2.4 billion people suffer from a health problem that benefits from
rehabilitation [1]. Among the diseases that contribute most to the necessity for re-
habilitation are musculoskeletal disorders, with next to 1.7 billion people around the
world suffering from them [41]. The need for physical rehabilitation has increased,
given that in the last 37 years, the number of years of life with a disability has grown
by 66.2% [86]. This increase in the time a person suffers from a dissability means
longer rehabilitation treatments are needed to ensure a more independent life. More-
over, this requirement for rehabilitation grows with the ageing of the population [78],
as more and more people experience a deterioration in functioning that leads to the
requirement for appropriate rehabilitation. In addition, older people tend to fall more
easily, increasing the likelihood of suffering an injury that requires rehabilitation [48].

One of the most important factors to be able to live a life with quality and
autonomy is to have good mobility in the lower limbs. It is very important, a correct
rehabilitation for the recovery of this mobility. Furthermore, neurological diseases or
trauma injuries can cause a loss of mobility in the lower limbs, limiting the personal life
of those who suffer from them. Because of the impact that this type of condition can
have, trying to achieve a partial or complete recovery of the functions of this important
part of the body is one of the main objectives when designing a rehabilitation strategy
for each patient [63, 48, 82]. Among those neurological diseases that affect mobility
and require proper rehabilitation is Multiple Sclerosis, which affects 2.3 million people,
creating a great social and economic impact for those who suffer from it [60].

Some of the main factors for rehabilitation interventions to be as efficient as
possible is that they must be adapted to the individual patient condition throughout
the rehabilitation process [101]. Individualisation of rehabilitation is very important,
and carrying out rehabilitation in the home environment can help to adapt to each
person’s needs and time, improving the effectiveness of rehabilitation [96, 184]. This
process of rehabilitation adapted to the patient’s particular condition can help in a
faster improvement, as the exercises performed are more specific to the patient’s con-
dition. This individualisation of therapy depends on the patient’s particular condition,
which is related to the patient’s ability to perform daily activities [43]. For example, a
more active patient who is able to walk a couple of kilometres every day will present
different necessities than one who does not perform such activity. Therefore, an
objective quantification of patients’ Physical Activity (PA) performed during the day
can be a valuable tool for efficient therapy planning. Patient adaptation also includes
the selection of the assistive device that best suits the patient’s needs according to
their functionality. If the patient has lost the ability to walk independently, the use
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of wheelchairs or scooters is the best option, while crutches or canes are often used
when gait function is partly maintained. Therefore, the therapist is required to assess
the patient’s condition periodically to monitor the evolution of the patient’s state, in
order to be able to adapt the requirements to the patient’s stage of rehabilitation.

In order to be able to individualise the patient’s condition at all times, a constant
clinical assessment is required, which can help to understand the person’s condition.
This assessment is usually carried out using data collected through testing in clinical
settings, which are usually highly controlled. These clinical settings often do not
take into account the variabilities that may occur on a day-to-day basis, so that
the assessment may not best reflect the realities of the situation. For this reason,
the monitoring of the types of PA performed by the patient throughout the day
is becoming increasingly important in the functional assessment of patients, when
Physical Activity is defined as "any bodily movement produced by skeletal muscles
that results in energy expenditure" [31]. This monitoring of PA can help to give
an assessment of the level of autonomy of the person, and can provide a clinical
evaluation of the person’s level of autonomy [90]. In addition, important information
can be obtained about the way of moving or the force exerted, which can help to
know what is the general state of the person. It has recognised health benefits, as well
as contributing to the prevention of non-communicable diseases [176, 22]. Through
the information collected from PA monitoring, it is possible to interpret the results
of periodic tests and thus give individualised recommendations and feedback on how
much and how to perform these activities to help the person’s recovery process [19].
This cannot happen if only clinical assessment is performed, which can only take a
snapshot of the patient’s condition [11, 151].

One of the great challenges in the continuous monitoring of PA is that it cannot be
done by the therapist, as it would be unfeasible for the therapist to follow the patient
constantly. Traditionally, this individualization has been done through surveys, and
most traditional instruments fail to assess PA throughout daily life [84]. Moreover,
in many middle-income settings, there are fewer than 10 professionals per million
inhabitants with the skills to carry out rehabilitation [1], which makes it difficult to
realise this individualisation. For this reason, thanks to today’s advances in the field of
sensor technology, this monitoring has begun to be done by incorporating sensors into
a person’s daily life [174, 55]. Through this possible sensorisation of the person’s life,
it is possible to monitor gait, knowledge of which is an important factor in the design
of individual rehabilitation. Also it is possible to know the functional state of the user
at all times, helping considerably in the individualisation of rehabilitation. The use
of these sensors can provide more quantitative data, providing data on movement,
force, etc. This quantitative information gives the rehabilitation staff the possibility
to better understand the patient’s condition at all times, making it possible to adapt
to the circumstances.

The monitoring of Physical Activity is done through the use of many types of
sensors, which provide a range of data that can be used to assist in the understanding
of the activities being performed. The use of different sensors, by fusing them, for
the detection of PA, provides the ability to obtain different significant variables, which
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Chapter 1. Motivation and goals

can give a more detailed description of the activity that is being carried out.
Within the casuistry of gait monitoring, there is a subset of solutions focused on

the monitoring of patients requiring Assistive Device for Walking (ADW), such as
canes or crutches. Thanks to the ability to embed sensors in different elements, this
interest in the development of smart assistive devices has increased significantly, given
their potential for the quantification of the patient’s condition. Those who require
an ADW are often constantly on the move with it, which makes it easier to obtain
information on the day’s progress. In this area, some studies [25] have proposed the
sensorisation of canes or crutches.

The use of ADWs as wearable sensors to identify physical activities and thus
aid rehabilitation has not been studied extensively. Being the use of these elements
interesting for these tasks, since the use of sensorized ADW has advantages over
the inclusion of wearable sensors in the body or the use of sensors such as cameras.
Firstly, these sensors will not have parasitic noise, because they will be placed in
rigid areas. Secondly, the sensors do not have to be put on and taken off and can
remain fixed on the assistive system, which helps to ensure that the positioning of the
sensors is always appropriate. Finally, sensors and acquisition systems do not cause
discomfort during movement, as can those that are attached to the body.

Sensorisation of the individual for gait monitoring can be used for two purposes.
First, it can be used to monitor the Physical Activity performed, and in this way can
help in the individualised rehabilitation of people. Secondly, this monitoring can be
used as a system for fall detection to prevent falls and thus prevent possible injuries
that may require further rehabilitation.

As mentioned above, as people get older, the number of falls people suffer is
increasing. A fall in a person of adult age or with a physical problem can cause a
great impact on the person who suffers it [143, 73]. Rapid action in the event of a
fall is essential, particularly for people living alone, as the longer it takes to react to
the event, the higher the morbidity or mortality rate [74, 192]. This may increase the
need for rehabilitation, increasing the necessity for health care personnel to carry out
rehabilitation.

Studies, including those of the WHO [199, 164], show that more than 28% of
the population over 64 years of age suffers at least one fall per year, and this group is
also among the most sensitive to the consequences of a fall. A fall can cause physical
injuries in 6% of people [179, 172], of which 14% can be serious injuries [175]. On
the other hand, a fall also has consequences on the functioning of the elderly people
[172], in such a way that 15% reduce their social activity outside the home.

For all these reasons, both the prevention of falls and their early detection and
action are very important. However, it is often impossible for the person who has
fallen to take quick action when a fall occurs. Often the fall can lead to a loss of
consciousness or disorientation, making this impossible. In addition, many people are
alone when they fall, so there is no one who can help them instantly. In addition, it
has been shown that the use of ADWs can reduce the number of falls in people who
use ADWs for mobility [116].However, even though the use of ADWs can prevent
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users from falling as much, these people still have movement difficulties and are still
more prone to falls than other people [158].

For this reasons, it is necessary to look for solutions that can detect a fall, and
act accordingly. With this in mind, sensors embedded in everyday life are increasingly
being used in conjunction with Artificial Intelligence (AI)-based methodologies to
detect if a fall has occurred, so that early warning can be given and action can be
taken quickly. Through the application of technology in fall detection, it is possible
to detect falls and provide early warning, thus avoiding possible consequences leading
to rehabilitation.

The detection of falls in people who use an ADW in their daily life to move around
is not a well studied field. However, it is an important area in which to act, as people
who require an ADW are usually more likely to require rehabilitation in the event of
a fall.

Taking into account the ability of sensor systems to assist in the quantification of
Physical Activity, and thus help in the individualisation of rehabilitation. In addition,
it should be noted that early detection of falls, and thus early action, can help to
avoid further rehabilitation. In addition to taking into account the advantages of
using Assistive Device for Walking as a sensor element with respect to other types of
sensor elements. For all these reasons, this doctoral thesis proposes the development
of a sensor tip capable of adapting to the different ADWs, with which it will be
possible to know the PA of the users by means of Machine Learning (ML), as well
as being able to detect when a fall occurs, to be able to give early warning and act
accordingly.

In summary, individualisation of rehabilitation is an important factor in im-
proving the rehabilitation process of patients. This individualisation can be
achieved by monitoring people’s Physical Activity, allowing physiotherapists to
evaluate the patient’s evolution in order to create a specific rehabilitation rou-
tine, with the use of sensors being the best alternative to achieve this. The
sensors used for this task are usually wearable sensors which tend to have dis-
advantages, however, the use of sensors in Assistive Device for Walkings can
eliminate many of the problems presented by wearable sensors. This monitoring
can provide insight into a person’s daily activity, as well as detect possible falls
and warn people accordingly, thus helping to improve people’s lives.

1.2 Objectives

As mentioned above, in order to improve the process of individualisation of rehabil-
itation, the monitoring of the Physical Activity performed during the day by people
is presented as an alternative capable of improving the recovery process of people.
However, to achieve the monitoring of Physical Activity, a set of comfortable and
non-invasive sensors that detect the activity carried out during the day is required.
Therefore, the main objective of this thesis is to design an intelligent sensor system
capable of quantifying Physical Activity and detecting falls.
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This general objective is divided into the following sub-objectives:

• Design a Sensorized Tip capable of adapting to the different Assistive
Device for Walking (ADW) available. As mentioned above, the use of a
set of sensors capable of providing data from the individual is essential for
monitoring Physical Activity. Therefore, after analysing the methods that have
been proposed to carry out this task, it is necessary to design a sensor system
incorporated into the tip of the ADW, which can detect the movements made
without being cumbersome because it has to be incorporated into the body.
Furthermore, this Sensorized Tip is interchangeable so that it can be changed
by different ADWs without any complexities.

• Design a Physical Activity (PA) classifier based on the sensors embedded
in the ADW tip. Once the system capable of capturing the data has been
designed, in order to be able to monitor Physical Activity properly, a classifier
capable of detecting these activities must be designed. In other words, the
design of a PA classifier capable of differentiating between the different basic
physical activities performed when using the ADW is required. In order to
achieve this goal, we will explore Machine Learning-based classification, which
has been successfully used in other Physical Activity classification systems.

• Design a fall detector based on the sensors built into the ADW tip. If the
individualisation of rehabilitation is important for the improvement of people’s
lives, avoiding having to undergo rehabilitation due to a late reaction to a fall
is just as important. Therefore, taking advantage of the use of sensors in the
ADW to detect falls can help to achieve this.

1.3 Structure

The rest of the work is organised as follows: Chapter 2 presents an analysis of the
different technologies and devices proposed for physical activity classification and
fall detection; Chapter 3 presents a summary of the articles presented by article
compendium (Appendix 1 [28], Appendix 2 [126] and Appendix 3 [125]), in which
a Sensorized Tip is designed and developed, a Physical Activity classifier and a fall
detector are generated, both based on the data provided by the Sensorized Tip and
using Machine Learning techniques; finally, Chapter 4 present the most important
conclusions and the lines for future work.
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2 Physical Activities and Fall
Detection: state of the art

As the main objective is to develop a Sensorized Tip that is able to classify the
physical activities of ADW users, it is essential to know the sensor systems used and
their characteristics, as well as the techniques used to classify physical activities and
detect falls.

For this reason, Chapter 2.1 presents an introduction to the sensing elements used
in ADWs. Then, in Chapter 2.2, the systems and methodologies used to perform the
classification of physical activities are analysed. Chapter 2.3 is dedicated to the
analysis of the types of systems used for fall detection and the methodologies used
for this purpose. Finally, Chapter 2.4 summarises the main ideas of the State of the
Art and draws the most important conclusions.

7
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2.1 Methodologies for the detection of physical activities

The sensors used for the detection of people’s physical activity are very varied [55].
It can be found systems that detect this activity using vision-based systems. Others
take advantage of the capabilities of inertial motion-based sensors to do this work.

In terms of data capture and tracking, different technological solutions have been
proposed [155]. Through the use of these technologies, it is possible to know the
movement of the person, the force exerted or other parameters that help in the
identification of different daily activities.

Traditionally, in the recognition of physical activities, various vision-based systems
have been found [178, 5, 147]. Among the vision-based devices, several authors have
proposed the use of camera-based devices in rooms. Among these are those using
Kinect cameras [81], which recognise a person’s gait. Others are able to recognise
activities of daily living through room sensorisation [64]. Although these types of
systems have achieved good results when classifying different physical activities, they
can produce problems with the violation of privacy in some cases [21]. Furthermore,
they are generally not systems that are conducive to detecting PA in uncontrolled
outdoor or indoor environments, as they can generate a large number of interferences
due to variations in the environment. In addition, they tend to be more expensive
than other systems that can be used for the same task.

Today, among the different technologies used, the most popular are those based
on wearable devices, which must be attached to specific locations on the patient’s
lower limb and usually capture motion data using Inertial Measurement Unit (IMU)
[194, 70]. These devices capture motion data using IMU, such as [191, 72, 12, 16,
166, 127, 76, 190, 9, 187, 91, 110, 66, 118, 186, 139, 149, 188, 58] (see Figure
2.1). This type of device captures acceleration and/or velocity, providing enough
information to get the physical activity being performed at all times.

Figure 2.1: IMU device (right) and positioning on the body (left) [127].
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But not all wearable devices are based on IMUs, but within these we can also
find those that capture data for physical activity through biomedical signals such as
Electromyography (EMG) [133, 178]. This type of signal detects small changes in
the electrical activity of the muscles, and it can be known what movement a particular
muscle has made, which can help in the knowledge of the activity being performed.

Such solutions require correct positioning and restraint of the limbs, and can
lead to patient rejection. To reduce the impact of monitoring devices, the use of
integrated sensors from smartwatches and mobile phones has been proposed [4, 117,
106, 85, 120, 95]. The latter devices do not have a specific location on the body,
but on the other hand, this flexibility of positioning and the variability introduced by
parasitic movements are issues to be taken into account when processing the data.

The use of elements that read the force applied are becoming more and more
common when it comes to detecting Physical Activity. Among them are those based
on sensor mats [150], capable of detecting different types of gaits. Others use sensor
resistors for the same purpose [200]. On the one hand, these elements provide the
ability to measure the force applied at each instant, making it possible to know the
distribution of the weight load. On the other hand, these elements are often carpets
that are difficult to move and have limited operating space.

Among the different authors using such devices to detect physical activity, there
are several commercial devices on the market, such as XSens [170], BioStampRC
[173], Tracmor [76]), FlexiForce [130], BioCapture [178].

In conclusion, although all the devices mentioned above are capable of providing
a solution for PA classification, not all of them are suitable for all-day activity de-
tection. Some of these devices such as camera-based devices cannot detect activity
throughout the day and are not suitable for use in uncontrolled external enviroments.
Others, such as wearable sensors, have the disadvantage that they require correct
positioning to be able to measure data properly, and depending on the area in which
they have to be placed, they can be cumbersome. For these same reasons, the use
of Sensorized walking aids for detecting Physical Activity can be one of the best so-
lutions, since people who require them will use them practically all day long, and they
are not bothersome and do not require constant fitting.

2.1.1 Sensor elements of sensorized Assistive Device for Walking
(ADW)

The Assistive Device for Walking (ADW) are devices that provide additional support of
the human body to the ground during walking. Their purpose is to enable movement
and mobility, as well as standing upright. These devices can be classified into different
types: walkers, multi-podal canes, crutches or canes.

In recent years, the number of publications related to sensorized Assistive Device
for Walking has grown significantly (see Table 2.1). Most of them follow the same
operating scheme (see Figure 2.2), in which sensors are incorporated into the ADW
and sent data to a computer or mobile device via a capture system.
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Most of the works that focus on this area propose the use of systems capable of
measuring the force that is applied to the assistive device, as well as the movement
that is performed [163, 47, 100, 180, 77, 122, 121, 165, 33, 49, 61, 123, 159, 168]
(see Figure 2.3). More specifically, there are works that include sensors capable of
measuring the force applied to the handle [124, 99, 132, 185, 123] or sensors that
detect the proximity of objects [185, 14].

DAQ

ADW

Data 
processing

unit

Force
sensor

Movement
sensor

Energy

Figure 2.2: Schematic of the sensorized ADWs.

(a) F. Mekki et al (b) G. Merrett et al

Figure 2.3: Sensorized ADW [122, 124].

Table 2.1: Main aspects of studies about instrumented ADW designed. A = Ac-
celerometer, G = Gyroscope, M = Magnetometer, F = Force).

Study Sensors Sensors Location

[13] 2x FSR
FSR in the tip and electronics
in a box in the stem.

[14] Ultrasonic, Water sensor, LDR, GPS On the cane stem.
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Continuation of Table 2.1
Study Sensors Sensors Location

[33] F cell
F in the tip and electronics
inside the crutch.

[36]
2x strain gauges, F cell,
3-axis A, G, M

F in the tip and electronics
attached to the stem.

[47]
F cell, 2-axis G,
3-axis A, M

F in the tip and electronics and
G, A, M in a box in the stem.

[49] 3x 3-axis A, G, M Stem attachments
[62] Millimetre wave radar Stem attachments
[61] 5x 3-axis A, G, M Stem attachments

[65] 9x F cells, 3-axis G
Inside the stem, and the
F in the tip.

[68, 69]
4x strain gauges,
3-axis A, G, M

Inside the handle

[77] 3x FSR, 3-axis A, G, M
FSR in the tip and electronics and
theA, G, M in a box in the stem.

[99] 2x F, 3-axis A, G
One F in the tip, the other in the
handle,and A, G and electronics
under the handle in a box.

[100, 163] 3x strain gauges, 3-axis A Stem attachments

[121] 3-axis A, FSR
Electronics under the handle
(glued) and the F in the handle.

[122]
4x strain gagues,
3-axis A, G, M

F in the tip and electronics and
A, G, M in a box in the stem.

[123] F cell, 3-axis A
F in the handle and electronics
and A in a box in the stem.

[124]
FSR, Rectilinear membrane
potentiometer, 3-axis A

F in the handle and electronics
and A attached in the stem.

[132] Strain gagues, 3-axis A, G, M
F in the handle and electronics
and A, G, M in a box in the stem.

[159] F Inside the stem.

[165] 4x F, 2-axis A
F in the tip and electronics
and A in a box in the stem.

[168] F Stem attachments.

[180] G, 2x FSR
F in the tip and electronics and
G in a box in the stem.

[185]
F cell, 8x FSR (in hand grip)
2x 3-axis A,
3-axis G, M, Ultra sonic

F in the tip and handle and all other
sensors and electronics in the stem.

[196] GPS, Light sensor, Pulse sensor Encapsulated in a box in the stem.
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2.1.1.1 Force measurement

The measurement of the axial force applied to the assistive device is relatively straight-
forward, so most work includes this measurement. In the literature, two approaches
are traditionally used: the use of integrated force sensors, and the use of strain gauges
(as shown in Table 2.1).

Integrated force sensors [33, 47, 185, 36, 65] are commercial devices that allow
the axial (or triaxial) measurement of loads applied on the sensor. In general, they
can be based on the detection of the pressure change of the internal filling fluid, or
on load cells. Although their accuracy is usually high, their cost is also high, and a
proper signal matching stage is usually required. Due to the cylindrical shape of these
elements, they are more feasible to adapt to technical support systems.

Figure 2.4: Technical support systems with strain gauges on the shank [100].

In the case of strain gauges, [124, 180, 100, 77, 163, 122, 121, 165, 13, 159, 168],
the cost of which is lower than that of force sensors, as is their accuracy. In order to
improve the measurement, several gauges are often incorporated into the device, thus
requiring a more complex system. In addition, these elements usually require a more
elaborate capture system than the previous ones, since a circuit capable of reading
the change in the resistance value is needed, as well as an amplifier system in case
the signal provided is much lower than the desired one. Strain gauges work thanks to
the piezoresistive effect, with which the deformation of a conductive element can be
measured thanks to its resistive value. On the other hand, these elements are very
malleable, which makes them very interesting for measuring forces without modifying
the structure of the technical aid. In the literature, they have been used to measure
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the deformations of verticality of crutch or canes [100] (see Figure 2.4), as well as to
measure the force applied to the handle of the assistive device [124]. This malleability
can also be an obstacle to stable positioning, as they can move or deform more easily.

2.1.1.2 Measurement of movement

In addition to force, a large number of authors incorporate sensors to measure the
movement of the sensorized assistive technology device.

Most of the authors who measure motion do so using Inertial Measurement Unit
(IMU) [77, 47, 185, 122, 132, 68, 69, 61, 99, 49, 61]. These types of sensors are
used in fields such as aviation, automotive or navigation for positioning. Most IMUs
are able to measure linear accelerations and angular velocities in the 3 spatial axes,
through the arrangement of accelerometers and gyroscopes in each of the 3 axes.
Thanks to the possibility of knowing the velocity and acceleration at each instant of
the sensor, these elements are suitable for estimating the movement of the assistive
device. Although the advantage of an IMU is the possibility of having all the data
available to be able to fuse them, there are works that have opted for the use of only
accelerometric sensors [100, 163, 124, 121, 165, 123] or gyroscopic sensors [180, 65].
However, these elements have the disadvantage that they often have drifts that need
to be corrected during use. On the other hand, in order to know the displacements
made when walking with the ADW, other authors opt for the use of Global Positioning
System (GPS) measurement [195, 14, 2].

Note that the use of IMUs (or accelerometers or gyroscopes) does not directly
provide the orientation of the Assistive Device for Walking, and different estimation
techniques have to be applied to get the absolute orientation of the system. One
of the simplest methods is based on the direct integration of the rotational speed
provided by the gyroscope, periodically correcting the accumulated error [180]. The
previous solution generates a significant drift over time, so other authors have pro-
posed using a quasi-static approach, in which the orientation is determined from the
projection of the gravity vector on each axis [100, 124, 163, 185]. The latter ap-
proach neglects the relevant dynamic accelerations and impacts. Solutions based on
Kalman filters can also be found [47, 88, 113]. These filters are able to combine
information from various sensors to obtain an estimate of the absolute orientation
based on an internal model of the system. In these cases this type of filter typically
works by combining the output provided by gyroscopes and accelerometers plus a
magnetometer together with a set of covariances. In this way, the estimation of the
Euler angles at which the technical aid system is oriented can be achieved. Finally,
there is a last set of solutions based on the use of complementary filters, whose main
advantage over the Kalman filter is their low computational cost. An example of this
filter is the CAHRS [51].

In conclusion, most sensorized aids consist of at least one force sensor and/or at
least one inertial sensor. In this way, these sensors can be used to determine both
the movement of a person and the force applied to the walking aid. In the case of
force sensors, strain gauges and load cells are used in a similar way. While strain
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gauges are lighter and cheaper, they usually require more precise positioning and a
somewhat more complex acquisition system. Force sensors, on the other hand, while
heavier, are usually more robust and easier to attach to assistive devices. Analyzing
the motion sensors used by the different authors, the vast majority opt for the use of
IMUs. This is due to the possibility of having different sensors in the same space.

2.1.2 Sensors position

The positioning of the sensors along the technical support system varies depending
on the author consulted as summarized in Table 2.1. Many of the authors place the
electronics in a box built into the Assistive Device for Walking [47, 77, 100, 122,
165, 132, 49, 13, 61], this box is usually attached to the stem of the crutch and
can be awkward in certain circumstances (see Figure 2.5). Other authors have opted
to introduce the electronics inside the stem, taking advantage of the fact that it is
usually hollow. In the case of the sensors responsible for force measurement, many of
these are added to the stem [47, 100, 124, 163], in the tip [77, 122, 165, 99, 13] or in
a structure built to contain them [185, 36]. The big problem with this type of device is
that the positioning of the sensors becomes difficult to interchange between different
assistive technology systems, making the sensorization of the system customized for
a single cane or crutch.

Figure 2.5: Technical support systems in a self-made enclosure [132].

In short, the location of the sensors is important in the realisation of a sensorized
ADW. There is no clear consensus among the different authors on the location of
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the sensors, which means that they can be found in different places depending on
the designer. Many of the sensors that are placed in assistive technology systems
are positioned in places from which they cannot be removed later, or which require
extra effort to do so. This means, as mentioned above, that the sensors are tied
to one and the same Assistive Device for Walking, making it impossible for the user
to switch from one device to another easily, as this requires prior preparation of the
device with the sensors.

2.1.3 Data acquisition and communication systems

All of the above-mentioned sensors usually provide the sensing information in different
ways. They range from sensors that send the value from an analogue value, to those
that send the value via a communication method, such as Inter-Integrated Circuit
(I2C) or Serial Peripheral Interface (SPI). Because of this, a device is usually required
to capture this data and give it a form, either to store it or to send it to another
device. These elements are usually an embedded Data Acquisition System (DAQ),
which is usually of in-house design [36, 165, 185, 100, 163]. Although there are
Arduino-based approaches among the different authors [122]. This type of element
has the advantage of the low cost of the processors, as well as the ability to have
multiple libraries to facilitate the programming of the data acquisition system. Finally,
DAQs based on rapid prototyping devices can be found [122]. These can be systems
from companies such as National Instrument or other companies, which tend to have
a high cost, but their reliability and capabilities are often superior to those of other
types of devices.

These acquisition systems usually communicate with other systems for the storage
of the corresponding data, although most of the ways in which the data is sent is
wireless, devices can be found that send data via cable [180, 165]. Among the
methods used for wireless data transfer, two main methods are found, Bluetooth
[47, 100, 163, 185, 122, 132, 99], which is the most widely used method, and Wireless
Fidelity (WIFI) [124, 36, 77]. On the other hand, there are also devices that store
information on removable memory such as Secure Digital (SD) cards [68, 69].

In short, the vast majority of authors undoubtedly choose to design their own data
acquisition system. This very design of the DAQs greatly facilitates the possibility of
incorporating the systems in the technical aid device, making it possible to adapt it
to the desired measurements.

The method used for sending data is Bluetooth in most cases. The use of this
communication system can be justified because of its small electronic footprint and
the fact that it does not require a large antenna to operate. In addition, Bluetooth is
capable of sending information over a decent distance wirelessly, and thus not having
to be constantly close to the receiving device and being able to move a few metres
away from it. However, one of the major drawbacks of this technology is often the
interference it presents.
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2.2 Methodologies for the classification of physical activities

In order to properly monitor Physical Activity (PA), it is not only necessary to have
a sensor device or a group of sensor devices that captures the data, but it is also
necessary to work on the data obtained in order to be able to monitor the Physical
Activity. This required work is usually based on a classifier capable of differentiating
the different PA that are proposed. Similarly, processing of the data obtained from
the sensors is required in order to be able to use them as elements to create the
classifiers.

Normally, a methodology is used for the classification of Physical Activity [11, 151]
(see Figure 2.6). This methodology starts with the adequacy of the data by dividing
them into windows and generating on them some features, with which it will work.
Once the features to be worked with have been generated, a selection of the most
important ones is usually made. Finally, the classifier of physical activities is created
(see Table 2.2).

Data 
Segmentation

Feature
Extraction

Dimensionality
Reduction

Classification

Input from
Sensors Output

Figure 2.6: Scheme of steps followed for the detection of physical activities.

2.2.1 Segmentation and processing of physical activity monitoring
data

In order to achieve the classification of the PA, once the desired data has been
captured, a series of treatments must be carried out, as a general rule, in order to be
able to use the data. Normally, the captured data are usually vectors, whose data are
separated by a time space. In order to be able to manage these data better, they are
usually divided into smaller segments of information, which are then used to obtain
features.

2.2.1.1 Segmentation of monitoring data

When implementing technological solutions in health diagnostic applications, the pro-
cessing of data extracted from sensors is fundamental. The purpose of data pro-
cessing can be diverse: either a specific features can be obtained (maximum speed,
maximum force, range, distance,...) [145, 30] or the data can be associated with a
standardised clinical scale [98]. In general, the aim of all features is classification,
this being an area of particular interest in diagnosis: classifying the patient’s status.

In order to address this classification, in the literature, a first stage using window-
ing techniques is common. In these techniques, the signal obtained from the sensors
is divided into much smaller time segments that help to identify the actions performed
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by the user of the motion capture system. This processing allows the information to
be segmented in such a way that it is easier to use for classification.

The creation of these windows can be defined during data collection, in case of real
time data processing, or it can be done after the complete data capture. Depending
on the window creation needs, one method or another will be used to obtain the
windows.

Mainly three different types of windows are used in the data classification, each
with a different window creation method.

The first method of obtaining the window is called sliding window. In this type
of window the captured signal is divided into windows that have a fixed size and the
space between these windows does not exist. Depending on the necessities of the
classification, the size of the window is different, and it can be of a larger or smaller
time [83, 15, 11, 151, 188, 127, 166]. These types of sliding windows do not require
signal processing, making them ideal for use in real time. This type of divisions can
be used when the frequency of the signal is very constant; in case the signals to be
divided do not have a constant frequency, the windows can be divided in such a way
that finally the section to be studied can be left out of one of the windows.

The second method consists of event windows. Event windows require pre-
processing to locate a specific event. The event defines the start of the window,
which does not have a defined size. The end of the window can be defined in two
different ways, by using a following repetition of the same event with which the event
starts, marking this event both the end of the current window and the beginning of
the next one, or by using another type of event independent of the start event. The
event that marks the start of the window can be obtained from the detection, with
a new sensor, of the impact against the ground for example [15, 190, 202], or other
different methods. The use of such windows helps to always keep a set of data encap-
sulated inside the windows. This technique is the most widely used when segmenting
in windows, thanks to its capacity to adapt to the different situations that can be
created when capturing data. In the case of gait data capture, if the person changes
the pace of walking, the windows can still contain one step each.

The third window technique used is that defined by activities. The windows are
defined according to points where the different activities are separated [138]. This
type of technique is the least used for the creation of windows.

In summary, the segmentation of sensor-derived data is a factor to be taken into
account when working with sensors. The use of windows for this purpose is a suitable
alternative, with event-driven windows being the most appropriate if one wants to
work in real time. The segmentation of the data helps to realise a reduction of the
dimensionality of the data, furthermore, the realisation of windows can have a relevant
meaning, for example, to realise a separation into windows for each gait cycle.

2.2.1.2 Generation of features

Once the raw data is provided by the monitoring device and segmented into windows,
this data must be processed to better classify the activity.
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Figure 2.7: Different methods used for the extraction of the features.

Some works have designed classification approaches that use the raw data. These
are a minority, as opposed to those who perform classification by pre-processing which
is used to extract the features that aid classification (see Figure 2.7).

Generally, to achieve a classification consisting of raw data at the input, more
complex activity recognition algorithms with a higher computational cost are required,
such as Convolutional Neural Network (CNN) [72], Recurrent Neural Network (RNN)
[44] or traditional Multilayer Perceptron (MLP) neural networks with a large number
of hidden layers [190]. For this reason, the use of this type of raw data is not
commonly used, tending to make classifications in which the data is pre-processed.

While, as mentioned in the previous paragraph, there are works that use raw data,
but there are also many papers that perform feature extraction in order to reduce
dimensionality [11, 151, 152, 70], using the data divided into windows. Among these
feature extraction can be found those obtained from statistical calculations or by
using frequency calculations.

As mentioned above, these features can be obtained from statistical calculations.
Among the statistical processing, the most common ones that can be found are the
root mean squares of the data in each segmented window, the maximum values found
in the windows, the standard deviation or the peak-to-peak value [9, 70, 188, 83, 149,
58]. On the other hand, there are somewhat more complex statistical data that are
often used alongside the simpler ones [151, 76, 127, 120, 166], such as kurtosis,
interquartile range or percentiles. By using this type of data, it is possible to have an
informative value of how the data behaves in each divided section, so it is possible to
have a clearer study of the different actions to be analysed.

Another way in which data can be adapted for further use for classification is by
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using frequency-based data [200, 111, 193, 83, 127], such as the average oscillation
cycle of each window. Also, there are those that use in-phase analysis [16] or generate
a series of heuristic features [54]. These types of features are not as common as
statistical data, due to the greater complexity of their interpretation.

In the literature, for the cases of gait data analysis, different features have also
been defined to characterise gait, such as the number of steps required for a given
distance or the average speed or time between steps [171]. This type of data can
give an insight into how fast a person moves. By knowing the time between steps,
it is possible to know how fast a person is walking, and thus to know in more detail
how that person is moving.

Focusing on those Assistive Device for Walking that measure axial force, these
usually generate features based on the maximum load [159, 168] or average load
[168] with respect to the patient’s weight. This data is usually done with respect
to the patient, because not all people can carry the same load, those with a higher
weight will carry more than those with a lower weight.

In summary, while there is a wide variety in the selection of features to be used for
activity classification, as a general rule the most common and easiest to implement
are those based on statistics. These can give a simple and suitable interpretation of
the source data for the application.

2.2.1.3 Selection of the most relevant features

With the features selected and calculated for each window, a selection of the most
relevant ones must be made in order to work with them [11, 151]. This is because
when carrying out a classification, it is not the most appropriate thing to introduce
all the features that can be obtained as input. Therefore, it is necessary to carry out
a phase in which this type of selection work on the most important features is carried
out (see Figure 2.8).
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Figure 2.8: Different methods used for the selection of the most relevant features.

Sometimes the selection of those features that are the most suitable for use as
input elements for the subsequent classification can be carried out visually. This visual
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way consists of observing how the data in the database is distributed. However, this
use is not very widespread because it is very difficult to find relationships between the
different variables that can help classification, and in the case of many variables, the
time required to carry out this analysis is very high.

For this reason, other alternatives can be found to achieve this goal. The variety of
alternatives and solutions proposed in the different papers is very large, and solutions
based on many methodologies can be found [39]. One of these alternatives is the
use of Relieff based feature selection [12, 127, 93, 38]. Relieff assigns weights to
each characteristic by estimating relevance in terms of how well it can differentiate
data points from classes that are the same and different. In both cases, a weight
is obtained for each feature, which the higher the value means that the feature has
more relevance.

Other alternative proposed is the use of Support Vector Machine (SVM)-based
systems [105, 188], the K-Means Clustering (KMCA) [83], Correlation based Feature
Selection (CFS) [120, 39] or Forward-Barckward Sequential Search [149]. All of them
achieve a considerable reduction in the dimensionality of the features.

Another of these alternatives is the use of algorithms such as Random Forest (RF)
[177, 39]. RF refers to any method of constructing a classifier or regression from the
generation of different Decision Trees, the output of which is the most frequently
predicted class. As just indicated, the Random Forest is a combination of Decision
Trees, so that each tree is made up of a vector of samples and random features. A
decision tree is a graphical and analytical way of representing all the events that can
arise from a decision made at a certain point in time. These Decision Trees help to
make the best decision from a range of possible decisions.

Different methods can be found that can be encompassed within RF. Among
these methods is Decision Forest [89], which works by combining several Decision
Trees. This can generate a system that is able to classify or regress more accurately.
Using this technique, it is possible to generalise to a greater extent while maintaining
the accuracy of the training data.

Another technique for designing classifiers or predictors that can be included in
the RF is Bagging [79, 23]. This technique consists of different DT that provide their
results, and by averaging all of them, the global result is obtained.

A technique very similar to Bagging is AdaBost’s [154] technique. This differs
from Bagging in that it is not performed by randomly picking examples from the
training set based on a uniform probability distribution, but by using a set of weights
for each sample from the training set. The larger the weight, the more influence the
sample has on learning the next classifier. The classification error will also depend on
these weights.

All these techniques have, according to studies [52], problems when it comes to
error generalisation. For this reason, new techniques have been proposed that are
capable of alleviating this problem, such as Random Forest-RI [24]. This method is
based on the previously mentioned Bagging method, but it has a modification, which
consists in the fact that when constructing each tree, apart from the randomisation
of the replacement samples, there is also a randomisation without replacement of the
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characteristics. This Random Forest-RI method can have two purposes: to create
a random tree to classify samples different from the training samples or to measure
the relative importance between the features of a database.

However, not only feature reduction methodologies have been used, but also
feature transformation methods have been proposed [11]. In this type of technique,
the dimensionality is reduced by a smaller number of features, defined from those
contained. An example of this type of techniques is the Principal Component Analysis
[198, 112, 66, 64, 110, 150]. This method chooses a new coordinate system for the
data set, simplifying the dimensionality of the system. The new variables that are
created are obtained from the variances of the data.

As mentioned above, this technique makes it possible to know the influence of
the correlation between the different features and thus to know in a better way what
weight each feature has in the ranking.

In conclusion, there is no general consensus on the choice of methodology used to
identify the most relevant features, so as not to work with the hundreds of features
that can be obtained, thus reducing the dimensionality of the problem and allowing
for better classification. All of them achieve the stated objective in a good way.

2.2.2 Classification of physical activity monitoring data

After the correct segmentation of the data and the generation and selection of the
most appropriate features, the classification of the data is usually done by using
classification techniques [11, 151] (see Figure 2.9).
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Figure 2.9: Different methods used for the classification.

The use of Machine Learning (ML) techniques is becoming more and more widespread
in the medical and rehabilitation area [42]. All kinds of techniques can be found that
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handle a large number of different application. These systems are used to detect
outlier clusters in homogeneous data, to classify the severity of pneumonia according
to 4 inflammatory markers, to predict the efficacy of certain drugs or to predict a
patient’s risk of heart attack. Different ML techniques are used for all kinds of tasks,
from Artificial Neural Network to K-Nearest Neighbors.

On the other hand, these techniques have also been used to classify PA [11, 151]
and can be applied to aid rehabilitation. In the area of Physical Activity (PA), the
classification systems used provide information on whether stair climbing or descend-
ing actions are being performed, whether the person is walking or stationary, whether
they are walking on a slope or not, etc. This type of classification of activities of
daily living can help to understand a person’s behaviour. Through the knowledge of
this behaviour, a quantitative help can be given to the rehabilitation professional in
order to make a diagnosis or to individualise the rehabilitation.

In the implementation of classifiers, different solutions are found in the literature
[161, 11, 151], varying from the use of statistical techniques to the use of intelligent
techniques. In most cases the sensors for the classification system are placed on the
lower extremities of the body.

Statistical methods have been widely used in various areas of engineering to imple-
ment classifiers. Among the statistical methods are threshold-based methods (thresh-
olding). This technique uses a predetermined threshold, or several thresholds, to in-
dicate whether one activity or another is being performed. This type of classification
has been used in the literature [139, 46] with good results in the detection of falls.

Another statistical method used are hierarchical methods. They implement a
hierarchical classification scheme, where the structure consists of binary decisions
that lead to another node where another binary decision has to be made. Through
a series of consecutive nodes, the decision that corresponds to the case at hand can
be reached. In the area of gait characterisation this method is mostly used for the
classification of different activities [58], such as running or going up and/or down
stairs. One system to ranking by hierarchical methods is one that uses Decision
Trees. This type of structure uses rigorous algorithms that automate the decision
making process and creates a set of rules [58, 120, 166, 111], making the decision
at the nodes more complex. As in the hierarchical cases, the decision tree method
performs well in the case of classification of different activities of daily walking, such
as walking or climbing slopes. The results obtained using this type of system are not
the best, reaching an accuracy of 70% [166].

Naive Bayes (NB)-based systems can also be found that classify physical and
chemical activities [150, 120, 15, 193]. This is a probabilistic classifier, which is
based on Bayes theorem. Good results are achieved in the works analysed, as in the
case of [150] with a specificity of 94%.

The other major group of classification alternatives is based on Artificial Intelli-
gence techniques. K-Nearest Neighbors (K-NN) is one of the techniques that can be
found within AI [127, 120, 150, 186, 166, 15, 38, 93, 108, 111, 149]. This method
performs classification by constructing a multidimensional feature space. Using a set
of training data, the feature space is created, which will be used to classify the data
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among the different cases marked in the training phase. In this case, the results
obtained are very varied to classify PA, taking into account that these results depend
on the data used, the results are 73% [186], 80% [166] or near 90% [127].

Another AI technique that can be found is Support Vector Machine (SVM) [66,
150, 107, 157, 64, 76, 17, 118, 188, 198, 105, 12, 38, 39]. It is a supervised learning
algorithm and can be introduced into the category of linear classifiers. Given a set
of training points, or data, in which each of them belongs to one of several possible
categories, a model is built that is able to predict whether a new point belongs to one
group or another. This method represents the sample points in space by separating
the classes into two spaces as wide as possible by means of a separation hyperplane.
When new data are introduced, depending on which plane they correspond to, they
are classified in one class or another. Learning in this method consists of selecting a
separation hyperplane that is equidistant from the closest examples of each class in
order to achieve a maximum margin on each side of the hyperplane. As in the case of
the K-NN results, the SVM results vary widely to classify the PA, taking into account
that these results depend on the data used, data close to 80% [107, 118] or better
results close to 98% [157] can be found.

Another of the AI methods found that are used for the classification of the type
of physical activity a person is performing, is that based on Fuzzic Logic (FL) [162].
This method mimics how a person makes decisions by using imprecise or ambiguous
input information. This technique allows working with information that contains a
high degree of imprecision, such as information derived from the movement of the
lower limbs.

Finally, within the intelligent techniques are Artificial Neural Network (ANN) [80,
151, 76, 117, 81, 178, 17, 190, 72, 9, 187, 91, 110, 200, 150, 169, 133, 95, 148, 44,
188, 58, 157, 39, 149, 62], which are currently the most widely used technique, as
they provide better results in this problem. These techniques have great potential for
diagnosis in the areas of health [8], and have grown considerably in recent years [146].
This method tries to simulate the way the nervous system of animals works. It consists
of a series of interconnected weighted neurons (see Figure 2.10), which produce an
output value according to the input provided and according to the experience obtained
from previous training. For example, by using Artificial Neural Network and data
obtained from an EMG sensor it is possible to identify the stance phases of a foot
(stance and swing phase) [133].

There is a wide variety of ANN, among these the one most commonly used
in simple physical activity classification systems are the Multilayer FeedFordward or
Multilayer Perceptron (MLP) Artificial Neural Network [133, 108, 178, 95, 148, 188,
58, 157]. These types of ANN fall into the group of supervised training networks.
MLP networks consist of a set of inputs and outputs that are interconnected with
each other at the nodes in the hidden layers. Thus, the output value is achieved
according to the transfer function within the layers and the weighting assigned to the
nodes. Such structures typically have good results above 90% [108] or 97% [178].

These types of classifications can be used for classification of activities of daily
living. For example, there are authors who have used this type of classification systems
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Figure 2.10: Structure of an ANN.

to recognise complex activities [117] such as eating, working, shopping, etc. These
complex activities are those that have high-level semantics. For the realisation of this
type of classification it uses a complex structure of several neural networks. Among
these neural networks, the outputs of which feed into the next one, are Convolutional
Neural Network (CNN) [72, 61] and Recurrent Neural Network (RNN) [44]. These
are used because they classify complex activities; such these systems are not typically
used for the classification of simpler activities of daily living, such as walking or
climbing stairs.

In order for the neural network to "learn" in a supervised manner, a correct training
algorithm is necessary. Among the algorithms used for the training of Artificial Neural
Network, the Back-Propagation [91, 190, 9, 187, 150, 148, 58, 157] stands out.
Similarly, to facilitate learning, modifications such as prior initialisation of the weight
of the network are applied [9].

The number of hidden layers and the number of neurons in each layer varies
according to the needs and the application, although in most cases the hidden layers
are usually only one. The neurons in the input and output layers vary depending on
the amount of data to be analysed and the desired results. Inner layers with a small
number of neurons can be used [9], as well as hidden layers with a large number of
neurons [72, 190].

Other types of neural networks that have been used for classification are proba-
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bilistic ANNs, which use example patterns stored in memory, offering higher speed,
or Spiking Neural Network (SNN) [183], which are designed to accept binary inputs
and are able to process information in a way that is more similar to biological neural
networks. In this type of network, the inputs are pulses that are distributed over time
and usually constitute a series of pulses.

The results obtained with ANNs are generally very good for classification of the
PA, taking into account that these vary according to the data used. Values above
90% are generally obtained for example in [76, 81, 178].

Some studies make a comparison between different techniques. For example, in
the case of [150], the results of ANN, SVM, K-NN and Naive Bayes are compared.
In this case, the best results obtained are those provided by the SVM and the ANN,
90.6% and 92% respectively, with greater sensitivity and specificity than in the other
cases. Another comparative study carried out between the results obtained from
SVM, K-NN and DT [166]. Here, too, the best SVM results are achieved, with a
success rate of 89%. Another compares the results of K-NN, RF, Logistic Regression
(LR), Naive Bayes, ANN and SVM [157], obtaining very good results with ANN and
SVM, being higher than 95%. Other works compare ANN, SVM and RF, with close
results for all cases [39]: 88% for ANN, 87.5% for SVM and 86.9% for RF.

After analysing the state of the art of classification systems, it can be concluded
that currently the Artificial Neural Network method is mainly used. Despite being
the most widely used system, other Machine Learning systems are also used for
classification such as a SVM. As far as Physical Activity classification of people is
concerned, the vast majority of the studies focus on the classification of normal
Physical Activity and do not work with ADW such as crutches or canes. On the
other hand, almost all of the works analysed use wearable sensors, which can be
invasive, an issue that is to be solved by introducing sensors in everyday items, such
as crutches, to characterise patients.

Therefore, in the area of rehabilitation and quantification of the patient’s condi-
tion, the results of the work carried out demonstrate the potential of these techniques
as classifiers.

Table 2.2: Main aspects of studies about instrumented physical activities classifica-
tion. (A = Accelerometer, G = Gyroscope, M = Magnetometer, F = Force).

Study Sensors
Dimensionality

Reduction
Method

Classification
Method

[6] 3-axis A, GPS RF
[9] 4x A ANN
[12] A, G CFS, FCBF, Relieff SVM

[15] 5x 3-axis A
Decision Tree, NB,
K-NN, Decision Table

[16] 3-axis A, G, M LDA, PV, PV+CS
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Continuation of Table 2.2

Study Sensors
Dimensionality

Reduction
Method

Classification
Method

[17] Video system SVM, ANN

[32] 3-axis A
Mean decrease
impurity test,
Greedy selection

RF, Threshold

[38] 3-axis A Relieff K-NN, SVM

[39] A
Relieff, RF, One-R,
SFS, CFS
and others

ANN, SVM, RF

[44] 3-axis A, G, M RNN
[45] 3-axis A, G RLE test
[46] 2x A Threshold

[58] 3-axisA, GPS
Decision Tress, ANN,
Hybrid model

[61] Instrumented Cane CNN

[64]
A, M, Camera
and others

PCA SVM

[66] A, G PCA SVM
[71] 3-axis A, G RF
[72] 5x 3-axis G, A CNN

[76] 3-axis A
Decision Trees, ANN,
SVM, Majority voting

[81] Kinect Sensor ANN
[83] 3-axis A K-means
[54] 3-axis A Threshold
[91] 3-axis A ANN

[93] B, 3-axis A, G
Relieff,
Rand Features

K-NN

[94] 3-axis A Decision Trees
[95] Smartphone A ANN

[103] A
RF, Gradient
Boosting

[108] Vision sensors K-NN
[110] A, G PCA ANN
[109] A Threshold

[111]
3-axis A,
Microphone,
Light sesnsor

K-NN, Decision Tree

[112] 3-axis A PCA Bayesian
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Continuation of Table 2.2

Study Sensors
Dimensionality

Reduction
Method

Classification
Method

[118] 3x 3-axis G, A SVM

[120] eWatch (A)
Correlation
based, CFS

Decision Trees, K-NN,
NB, Bayes Net

[117] Multimodal sensors CNN ANN

[127]
5x ReSense
wereable (P, A, G)

Relieff K-NN

[133] EMG ANN

[138] 1-axis A

Direct spatial
correlation of
discrete dyadic
wavelet coefficients

[139] A, B Threshold

[148]
Smartphone
(A, G, M)

[149]

2-axis A, G, F,
Light sensor,
Heart Rate
sensor,3-axis A

Forward backward
search

K-NN, ANN

[150] F carpet PCA ANN, SVM, K-NN, NB
[157] 3-axis A SVM

[159] Instrumented cane
Stadistical
Methods

[162] 2-axis A Fuzzy Logic

[166] 3-axis A
Decision tree, K-NN,
Ensemble method

[169] Vision Captures, F ANN
[178] EMG, Video cameras ANN
[188] A SVM ANN, SVM
[187] 3-axis A ANN
[186] A LDA K-NN
[190] A, Foot switch ANN
[193] A, G, ECG NB
[200] F RBF networks
[202] 3-axis A Threshold
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2.3 Methodologies for the falls detection

In order to prevent a possible rehabilitation effects due to the effects of a delayed
response to a fall, the use of sensors that monitor daily life to detect and warn when
a fall occurs is becoming more common (see Table 2.3). In this way, getting an early
warning about the suffering of the fall can help a quick reaction, which in many cases
can be essential.

2.3.1 Sensing elements for fall detection

The detection of falls can be done by using various sensing devices, in order to
generate an alarm signal and act accordingly.

Among the sensing systems proposed in the literature, there are 3 major groups
of devices, differentiated according to the nature of the signals they capture [144,
129, 154]: 1) vision systems; 2) environmental sensing systems; and 3) wearable
sensor-based systems.

Within the first category of fall detection sensors are those that perform detection
through the use of vision systems. The use of these elements as fall detectors is quite
widespread and a large number of different devices that perform this task can be found
[18, 50, 108, 115, 137, 156, 67, 167, 75]. These devices are usually conventional
cameras that can be found on the market, which sometimes implement night (or
dark) capture modes and whose data are further processed [50, 115] (see Figure
2.11). Vision-based systems have a good success rate in detecting falls, with this
value ranging from 91% [156] to 96% [50]. Additionally, they can provide an image
of the fallen person to the person receiving the warning, allowing them to know the
state of the person who has fallen beforehand. However, these systems have some
drawbacks, including the limited capture range available (usually limited to a specific
room), which limits their applicability. To overcome this, the range of the system can
be extended by increasing the number of sensor elements, but this would increase the
price and complexity of the system. In addition, having vision-based systems in the
home constantly active may cause privacy issues or mistrust towards them [108, 21].

Figure 2.11: Vision-based fall detection system [50].

In the second group we find systems that rely on the variation of environmental
signals for fall detection [129]. These systems are based on the measurement of
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different signals: radio signals [87, 189, 160], sound signals [34, 201, 56] or ground
vibrations [7].

The first group, associated with the one based on radio signals, are those based
on changes in the frequency of the reflected radio signal when there is a change
in velocity [87], achieving more than 97% success rate in detecting falls. Another
common approach is to use radio signals to triangulate the position of the body (see
Figure 2.12) [189]. As in the case of the use of these sensors detecting changes
in frequency, good results are achieved when detecting falls, with a value of 94%.
Although these approaches are capable of detecting falls adequately, in the case of
position detection, a fall can be confused with another type of action that consists
of a change of position, which can generate many false positives, and this situation
can also occur in the case of those that detect changes in speed.

Figure 2.12: Radio-based positioning system [189].

In the second group, sound-based systems focus mainly on differentiating the
sound of a fall from other activities of daily life [34, 201]. The use of such sensors
provides a good success rate of up to 98% [34]. Although the implementation of
these systems is relatively simple and requires a number of microphones, they are in-
fluenced by ambient and external noise, which can alter the accuracy of fall detection.
Additionally, as with vision systems, they can raise privacy concerns.

Finally, vibration-based systems [7] rely on identifying vibration patterns on the
ground, differentiating falls from other activities. In this case, the detection of 100%
of falls in a controlled situation is achieved successfully. This system does not have
the privacy problems of the previous solution, but its effectiveness will be limited by
the effect of external noise and vibrations.

The solutions in this group, although lower in cost than vision-based solutions,
are also limited to specific spaces, as they are based on environmental sensing.
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In order to solve the problem of the two previous solutions, the third large group
of solutions is wearable sensors, which are those that can be worn by the person.
Thanks to their small size, they can be placed on almost any part of the body. The
vast majority of the proposals for devices in this group are based on inertial sensors,
especially accelerometers [197, 35, 37, 53, 57, 181, 182, 114, 97, 142, 10, 67, 131].
Similarly, some works propose the use of IMUs which combine with other sensors
such as gyroscopes or magnetometers to obtain a greater amount of information to
analyse [153, 136, 141, 44] (see Figure 2.13).

Figure 2.13: System based on wearable systems, position and success rate [141].

Although most solutions are based on the above devices, some authors have pro-
posed other solutions, such as the use of barometers [20] or the use of sensors inte-
grated in smartphones and smartwatches, including the accelerometer and gyroscope
[3, 92, 119, 104, 128], or even the microphone [34].

One of the most relevant characteristics of wearable sensors is that they have
to be worn by the person, thus increasing their capture capacity. However, this also
opens up a field of research in terms of their optimal placement. Note that the
placement of this element is important, as the signals received will vary depending on
this relative position.

Although there is no clear consensus among the different authors, most of them
opt for placing the sensors on the waist [35, 53, 114, 182, 20, 54]. However, there are
also authors who propose its use on the wrist [197, 181, 67], foot [57] and back [136].
Recent studies have addressed the problem of defining optimal sensor placement by
evaluating the positions associated with the ankles, chest and waist [37], and adding
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to these the head, wrists and thigh [141]. Both studies conclude that the best sensor
position for fall detection is at the waist, although optimal results are also achieved
with the sensor element placed on the chest [37, 10].

In those solutions that propose the use of smartphones as sensor elements [44],
some authors have also studied [3] the ideal position for carrying them when perform-
ing fall detection, in this case analysing the positioning of the smartphone on the belt
or in the pocket, obtaining similar results in both cases.

In conclusion, wearable sensors have a major advantage in terms of their capture
range, as they are not limited to a specific area. However, there are some drawbacks.
They mostly require a correct positioning, in order to eliminate parasitic noises that
may be generated. Furthermore, depending on the position in which it is placed, this
element can disturb the user, especially if he or she is elderly. In the case of the use
of smartwatches and smartphones, on the other hand, the filtering of the parasitic
movements of the devices in the pocket or wrist is an area of research that is still
open.

On the other hand, sensors are gradually being incorporated into walking aids
to detect falls [195, 65, 99]. Among these are those that incorporate sensors in
instrumented walking sticks [99, 195, 40], or crutches [65]. In these types of elements,
more than one sensor is often used to perform fall detection. Typical combinations
include the use of inertial sensors with force sensors [99, 65], or an approach in which
inertial sensors are incorporated with GPS and a heart sensor [195]. Among these
advantages is that the sensorisation of these elements for fall detection would not
require constant correct positioning, as it would be located in the Assistive Device
for Walking system from the start, meaning that the user of the ADW system would
not have to worry about correct positioning, but rather an expert person would be in
charge of this.

In conclusion, although all the devices mentioned above are capable of detecting
falls in an optimal way, each one has a series of advantages and disadvantages that
make them more or less suitable depending on the context and the user. In the case
of those based on vision systems or those based on the processing of environmental
signals, they have the major problem that once they leave the work area of these
elements (controled room) they cease to have any effect, which requires the instal-
lation of a large number of them to cover large areas. Moreover, their applicability is
limited to indoors, since it is not feasible to use these devices outdoors. In addition,
systems based on the detection of variations in environmental signals have the major
drawback that they can easily suffer from external disturbances such as noise.

In this sense, wearable sensors can solve the problem associated with the capture
range, at the cost of a greater invasiveness of the user, and can even disturb the
person using them. This is especially critical for people who require crutches or canes
to move around. Given that these devices are essential for use, the inclusion of
sensorisation in them to detect falls or perform other monitoring activities combines
the advantages of low invasiveness and high capture range. In this sense, this is still
an open area, with a great potential for research in which little work has been done.
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2.3.2 Data processing for fall detection

The detection of falls is carried out by appropriately interpreting the data provided by
the sensors integrated in the aforementioned devices. In this sense, there are two ap-
proaches. The first consists of using raw data [197, 181], which is traditionally based
on introducing it into Neural Networks. This approach has a higher computational
cost, and provides sub-optimal and uninterpretable solutions.

The second approach consists of defining a series of features or characteristics of
the signal, which allow us to compact the information of the time series into a metric
and reduce the dimensionality of the problem [57, 135, 141, 182, 119, 142, 102].
Most of these features are obtained by applying statistics to time windows (mean,
variance, kurtosis, autocorrelation...).

Once data extraction and feature definition have been applied, the literature tra-
ditionally deals with the design of a classifier to determine whether or not there is
a fall based on the data provided by the features. To design this classifier, Machine
Learning techniques have traditionally been applied [134]. Within these techniques, a
wide variety of techniques can be found with which to define these classifiers [154].

One of the most widely used techniques for fall detection is Artificial Neural
Network [5, 136, 181, 182, 197, 141, 18, 34, 53, 114, 135, 137, 119, 87]. ANN
can be of various types. Among the classical solutions for neural networks is the
MLP topology [136, 135, 53, 181, 182, 141]. This technique is mainly focused on
the classification of falls based on the features extracted from the sensor signals,
given that by introducing them in the input layer of the MLP network, it is possible
to obtain an assessment of the existence of a fall. Although the effectiveness of
the implementation of neural networks depends on the training process, related work
[182] has shown that the use of MLPs makes it possible to obtain results with success
rates of 98% for the case of fall detection, using a triaxial accelerometer placed on
the waist of the user of 11 users who simulated 11 different falls.

There are certain authors who opt for the use of more complex techniques to
perform the detection of the falls [87, 197, 119, 114, 137, 67, 160]. Among these
can be found the RNN [114, 119], where accelerometers are used to detect falls in
conjunction with this technology. This type of system consists of a large amount
of data in the database for training. These networks, unlike those analysed above,
are based on the feedback of the output data of the neurons during a certain period
of time, thus achieving the classification. Another of the complex technique used
are CNN [137, 67, 160], networks based on this type of technique are normally used
for image recognition. This type of networks consider images as inputs, and certain
elements of the images are assigned a weight. The different hidden layers of which
this type of network is composed are capable of recognising different elements of
the image. Each layer specialising in a type of recognition, in this way the complete
set of hidden layers is capable of recognising more complex shapes. This type of
complex networks requires a large amount of time and consumption of computational
resources, due to the feedback itself. The results obtained for this type of system
is close to 100%, or in some cases 100% [197], which is achieved using a wearable
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sensor (triaxial accelerometer) placed on the wrist, or 94% [137] using images as
input.

In addition to neural networks, Machine Learning techniques include other tech-
niques aimed at classification, such as SVM [136, 37, 57, 119, 141, 201, 97, 20,
142, 128, 56]. These techniques construct vectors that limit the region in which
the different classes to be classified are found. To obtain these vectors, a series of
training sessions are required in which a series of points belonging to different classes
are provided. As in the case of systems based on MLP networks, they are mainly
focused on working with the features of processed signals, and obtain a very good
success rate in the results provided, with values of more than 98% [57].

K-NN techniques are also classic techniques in the field of Machine Learning
traditionally used for classification [50, 108, 142]. This is a supervised classification
method, which queries to which class the K nearest elements belong, thus assigning
the class according to the highest number of elements of a class among the K nearest
elements. This technique has a similar application to that of the SVM, achieving hit
rates of 96% [50] in the detection of falls.

Finally, other lesser-used technologies can be found for fall detection. Among
them we find the use of Thresholds [7, 35, 153, 195, 104], which detect falls when
one or several of the parameters exceed a threshold; Naive Bayes systems [119, 3,
141, 142], this type of algorithm performs the classification by making each of the
features independent of the others; Fuzzic Logic [53], this has an approach to variable
processing that allows multiple values to be processed through the same variable;
Decision Trees [3, 99], Random Forest [189, 142], rule-based systems [92], Logistic
Regression [18, 142] or LSM [34, 141].

In general, there is no consensus on the suitability of one technique over another.
In this sense, some authors have proposed comparisons to evaluate the effectiveness of
the different techniques. In [3] the authors compare K-NN, Decision Trees and Naive
Bayes, showing that the best result is given by DT, although the results obtained
by Naive Bayes are similar. In [119] they compare SVM, Naive Bayes and RNN,
obtaining the best results in the latter (with 100%) compared to 93.45% for SVM. In
[141] various technologies, sine positioning, and classifiers such as K-NN, SVM, least
squares, Bayesian decision making, Dynamic Time Distortion and ANN are compared.
The best result of the comparison is the use of K-NN by placing the sensors at the
waist, although it is true that in all cases the accuracy exceeds 90%.

In conclusion, although there is a great variety in the techniques used for fall
detection, there is a tendency to use systems based on ANN or SVM. In general,
all the technologies used for the detection of falls have a success rate of over 90%
in the works analysed. Although there are techniques such as RNN that achieve
results of 100% success, these techniques usually require a higher computational
cost and a greater number of samples, making the development of these detectors
more expensive.

These technologies are commonly used in other fields, which makes them more
widely known. In addition, these technologies are easy to implement, and do not
require excessively large databases.
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Table 2.3: Main aspects of studies about fall detection. (A = Accelerometer, G =
Gyroscope, M = Magnetometer, F = Force).

Study Sensors
Sensors
Position

Detection
Method

[4] Smartphone A Pocket, Belt Decision Trees, K-NN, NB
[5] Video ANN
[10] A, G Chest Threshold

[18] Video
SVM, ANN,
Logistic Regresion

[34] Smartphone audio Pocket
K-NN, SVM,
LSM, ANN

[35] A Waist Threshold
[37] 3-axis A Pocket, Chest, Waist SVM
[44] Smartphone IMU Pocket RNN
[50] Video K-NN
[53] A Waist Fuzzy logic, ANN
[57] A Foot SVM
[61] IMU Instrumented Cane Threshold, Event
[65] F, 3-axis G Instrumented Crutch Threshold
[87] Radar Deep Learning
[92] Smartwatch Wrist Threshold
[99] F, 3-axis A, G Instrumented Crutch Threshold
[108] Video K-NN
[114] A Waist RNN
[115] Video Optical flow change
[119] Smartwatch A Wrist SVM, NB, Deep Learning
[136] 3-axis A 2x G Back, Belt ANN, SVM
[137] Video CNN

[141] 6x 3-axis A, G, M
Head, Chest, Waist,
Wrist, Ankle, Thigh

K-NN, SVM, LSM,
BDM, ANN, DTW

[142] Inertial sensors Lower back
SVM, NB, Logistic
Regresion, K-NN, RF

[153] A, G ANN, Threshold
[181] 3-axis A Wrist ANN
[182] 3-axis A Waist ANN
[189] Radio signal SVM, RF

[196]
GPSG, G,
Heart sensor

Instrumented Cane
Angle
identification

[197] 3-axis A Wrist ANN
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2.4 Conclusions

As discussed in this chapter, the use of certain sensors to classify Physical Activity
and to detect falls can be very successful. However, although progress in this research
area is evident, there are still a number of aspects for improvement.

As noted in Chapter 2.1, the use of certain types of sensors can have many
drawbacks. Both wearable and vision-based sensors have privacy issues or nuisance
generation from the sensors. Although wearable sensors obtain good results when
used for their intended purpose, the difficulty required for correct placement can lead
to errors in the measurement, as they can be placed in the wrong way. In addition,
they can generate parasitic noise, due to positioning on clothing or the body. For this
reason, the approach of placing the sensors in other locations, such as ADWs, may
solve some of the disadvantages. Among the devices that choose to use the ADW as
a sensor system, there is a wide variety of different sensors used. The vast majority
use sensors that provide information on the movement performed, through the use
of inertial sensors, or report the force performed, through the use of force sensors.

Although wide variety of sensorized assistive technologies can be found, but most
of them are dependent on the ADW itself, i.e. they require the user to use the same
customized ADW every time. This can be a problem, as the Assistive Device for
Walking that works for one person does not have to be the same as the one that
works for a different person. In addition, many of the sensors in Assistive Device
for Walking make them impractical to use. The use of sensor systems capable of
adapting to different ADWs is an unexploited area. The design of sensor systems
capable adaptable to different ADWs is an interesting area of study, as it gives the
opportunity to adapt the sensors to the ADW that is most comfortable for the user.
For this reason, in this doctoral thesis, a Sensorized Tip capable of adapting and
interchanging between the different ADWs is designed.

As explained in the Chapter 2.2, the processing of the data obtained and the
methodology used for classification is very important. The methodology followed for
the classification of physical activities is normally divided into a data adapting phase,
a features generation phase, a features reduction phase, and finally a classification
phase. Although most of the works analysed follow this structure, the methods used
for this purpose vary widely. In the case of data fitting, methodologies based on
window splitting are usually presented, with the type of window varying depending on
the needs of each case. If the process of generating features is analysed, although the
vast majority use features based on statistical calculations, it is also possible to find
works that use other types of features. As far as feature dimensionality reduction
is concerned, there is a wide variety of strategies used, almost all of them with a
good result. Analysing the methodologies used for classification, we can also find a
lot of variety, but in this case there is a tendency to use Machine Learning based
technologies, such as SVM, K-NN or ANN. For all these reasons, this doctoral thesis
proposes the development of an intelligent Physical Activity classifier based on
Machine Learning using the data obtained by the Sensorized Tip attached to the
ADW.
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As seen in Chapter 2.3, it should be noted that the vast majority of the elements
used for fall detection are wearable sensors. Although these types of sensors are
the most practical, as they can detect falls in different environments, they have the
great disadvantage that they can become cumbersome or must always be correctly
positioned. One of the most practical and suitable solutions is to add sensors capable
of detecting falls in the ADW, although nowadays are not very many ADW devices
capable of detecting falls. For this reason, this doctoral thesis proposes the design of
a fall detector using the sensors available in the Sensorized Tip, in order to avoid the
need for rehabilitation due to the consequences of a late reaction to a fall. Within
the methodologies used for fall detection, as a general rule, the most commonly are
based on Machine Learning systems, mainly ANN and SVMs.

In the following sections it will be shown the developments made in the thesis,
analysed in this chapter, providing new solutions to the problems detected.
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3
Sensorized Tip for Physical

Activities Classification and Fall
Detection

This chapter presents a summary of the work carried for development the Intelligent
Sensorized Tip for monitoring/quantifying Physical Activity, including fall detection.
As this doctoral thesis is presented as a compendium of papers, what is summarised
in this section can be found in more detail in the papers presented in Appendix 1 [28],
Appendix 2 [126] and Appendix 3 [125].

3.1 Sensorized Tip for ADW

This section summarises the interchangeable Sensorized Tip designed for Physical
Activity (PA) monitoring. The detailed explanation of this section can be found in
the paper in Appendix 1 [28], which is published in the open access journal called
Sensors.

After analysing in Chapter 2.1 the sensors used in different Assistive Device for
Walking (ADW)s and the way they are incorporated for monitoring physical activities,
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it was decided to develop a Sensorized Tip. The aim of the development of this
Sensorized Tip is to be able to measure the Physical Activity of people wearing an
ADW. Through the use of a sensorized Tip that can be adapted to different ADWs,
the aim is to eliminate some of the disadvantages of the other types of sensors
currently used for monitoring PA.

3.1.1 Sensorized Tip prototype

The system of which this Sensorized Tip is composed is made up of two main elements
(see Figure 3.1): the Sensorized Tip, which contains the sensors and the electronics
to process and send the data obtained from the sensors; and an external standard
5V USB battery, which will power all the electronics of the Sensorized Tip. Unlike
other Sensorized ADWs mentioned in Chapter 2.1, this Sensorized Tip is designed
to be attached to any ADW (crutch, cane...) to monitor PA by means of a simple
attachment system.

Figure 3.1: System elements and reference axes.

The structure of the Sensorized Tip is a proprietary design (patent pending),
which can integrate the sensors it contains, as well as the data processor and sending
system. This structure is designed in aluminium, and in such a way that the weight is
the lowest. The weight of Sensorized Tip is 180g together with the sensors, without
taking into account the external battery. In addition, its longitudinal size (0.06m)
has been selected to minimise the need to adjust the height of the crutch, as 0.06m
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is equivalent to three discrete positions in the longitudinal adjustability of a standard
crutch. The structure of the Sensorized Tip consists of 5 parts (see Figure 3.2):
crutch support, which holds the Sensorized Tip to the ADW stem and contains most
of the sensors and the processor; force sensor support, which holds the force sensor;
force transmitter, which transmits the axial force to the force sensor; Tip support,
which contains the force sensor and the ruggedised Tip, which attaches to this part.

FORCE 
TRANSMITTER

TIP 
SUPPORT

FORCE 
SENSOR

FORCE 
SENSOR 

SUPPORT

CRUTCH 
SUPPORT

SENSORS AND 
ELECTRONICS

(a) (b)

Figure 3.2: Sensorized Tip mechanical structure.

The Sensorized Tip consists of a series of sensors that measure various PA vari-
ables. As mentioned in Chapter 2.1, the most important variables defined in Sen-
sorized ADWs are those based on movement and those based on the force applied
to the ADW. Taking into account the elements used in the different works, in this
case an Inertial Measurement Unit (IMU) MTi-1 from X-Sens will be implemented.
It integrates a 3-axis accelerometer, a 3-axis gyroscope and a 3-axis magnetometer.
This IMU, in addition to the data from the indicated sensors, also provides the value
of the absolute Roll-Pitch-Yaw angles, calculated from the data of the sensors. A
C9C sensor from HBM is used to read the longitudinal force. In order to adapt the
output signal of this force sensor, a signal amplification circuit is incorporated at the
output of this sensor. Finally, it consists of a BMP280 barometric sensor developed
by Bosh.
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All these sensors communicate with a data processing unit that processes the
data and sends it via Bluetooth to an external data acquisition system. This data
processing unit is a BLE Nano v2 based on an nRF52 processor IC. The IMU and
the barometer send data to the BLE Nano via I2C communication, while the force
sensor uses one of the analogue inputs provided by the BLE Nano. This BLE Nano
processor acquires the data and sends it via Bluetooth Low Energy (BLE). Thanks
to the low power consumption of BLE, the Sensorized Tip does not consume a large
amount of battery power. More exactly, it has a power consumption of 0.225W at
5V .

Table 3.1: BLE package data

First Package 20 Bytes Second Package 20 Bytes
Number of Bits Number of Bits

Iteration 4 Iteration 4
Force 16 Accelerometer 45
Altitude 32 Y axis 20
Euler Angles 78 Z axis 25

Roll 26 Gyroscope 60
Pitch 26 X axis 20
Yaw 26 Y axis 20

Accelerometer 30 Z axis 20
X axis 25 Magnetometer 48
Y axis 5 X axis 16

Y axis 16
Z axis 16

The data acquired by the BLE Nano from the sensors is sent via Bluetooth to a
device, on which the data will be stored. The data to be sent shall be encapsulated
in two packets and sent with a frequency of 50Hz . A total of 40 bytes are sent in
each sampling period, the data being as shown in Table 3.1.

3.1.2 Characterization of the measurement errors

In order to know the accuracy of the Sensorized Tip, the error of the sensors used in
the Sensorized Tip is characterised in this section.

In order to validate the Euler angles provided by the X-Sens sensor, a VICON 3D
Motion capture System installed at the UPV/EHU is used to compare the results
obtained by the Sensorized Tip. This system consists of 8 cameras covering an area
of 4x4m (see Figure 3.3a). In order to be able to capture with this camera system, 6
reflective markers are incorporated into the crutch used with the Sensorized Tip (see
Figure 3.3b).

A series of tests are designed to validate the Euler angles. Five trajectories were
considered (see Figure 3.3a): three 4m straight walking tests, with different crutch
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Figure 3.3: (a) 3D Motion Capture Laboratory Schematic with camera placements,
capture area and defined test trajectories. (b) Reflective marker distribution on the
tested crutch (the markers are identified with numbers). (c) Position of the crutch
handle with respect to the advance plane, in the different validation tests of Euler
angles provided by the X-Sens.
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handle orientations (more or less 0◦, 45◦ and 90◦ rotation) (see Figure 3.3c), a zig-zag
trajectory (0◦ rotation) and a circular trajectory (0◦ rotation).

Once the tests have been carried out, the results show that the Sensorized Tip
has an error of less than 1.5◦ for the Roll and Pitch angles (see Table 3.2). It is
higher in the case of the Yaw angle, with an inferior value of 4.3◦ (see Table 3.2).
These values are similar to those proposed in the literature and acceptable for the
required application.

Table 3.2: X-Sens Euler angles estimation error.

RMS Error

Test
Handle

Orientation Roll (◦) Pitch (◦) Yaw (◦)

Walk straight 4 meters 0◦ 0.5439 1.0971 2.3457
Walk straight 4 meters 45◦ 0.8482 0.7325 2.1725
Walk straight 4 meters 90◦ 0.5429 1.0984 2.3404

Zigzag 0◦ 0.6736 0.8693 4.3096
Circle 0◦ 0.935 1.5278 4.3099

Mean 0.7267 1.0777 3.4688

Figure 3.4: Comparison of acceleration measured by X-Sens and Vicon.

Using the same VICON system, the accuracy of the accelerometric sensor in the
X-Sens is validated. The 4m walk test (0◦ rotation) is used to do this. The results
of error obtained are less than 1.4m/s2 in all 3 axes. As can be seen in Figure 3.4,
the curve obtained by the VICON and by the X-Sens sensor are very similar, except
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when an impact is suffered on the ground, where there is a greater acceleration due
to this effect.

To conclude with the X-Sens sensors, the 3-axis gyroscope is validated. For this
purpose, the Sensorized Tip is rotated with a servomotor, which is rotated at 3
different speeds: 100◦/s, 200◦/s and 300◦/s. The error increases as the rotational
speed of the engine grows, with a higher error in the case of 300◦/s rotation. However,
it has been checked that the angular velocity of movement of the ADW of a healthy
person is less than 180◦/s in the x and y axes and 220◦/s in the z axis. This
guarantees that the error will be less than 1◦/s in this speed range.

To validate the C9C force sensor used, it is compared with the data obtained by a
Bertec 4060-15 force plate. First, the curve function is calculated by adding weight
to the Tip in kg increments, the resultant curve is

y = −230.71x2 + 797.3736x − 285.6619 (3.1)

Once this function has been achieved, different axial forces are tested and com-
pared with the results of the force platform. The resulting curves can be seen in
Figure 3.5. Although the error is not very high, it is acceptable for the task (RMS
error of 21.1N).

Figure 3.5: Force sensor after calibrate curve and data obtained from the scale.

Finally, the accuracy of the BMP280 barometer is tested. To do this, a simple
test was carried out, using a set of stairs as a reference. It was divided into four
flights, with 12 stairs per flight and a total of 2.04m between flights. Considering the
flat areas associated with each flight of stairs in the time evolution, the RMS error
is 0.2716m, while the mean error is -0.0466m. Note that this is in accordance with
the manufacturer’s data, which gives a relative accuracy of 0.12hPa.
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3.1.3 Estimation of the Orientation of the Device

In the particular case of the device used, the integrated Mti-1 sensor provides, by
means of a proprietary algorithm based on a Kalman Filter, the Euler orientation
angles relating the local reference frame of the Sensorized Tip Stip(x, y , z) to a
global reference frame SG(X, Y, Z).

(a)

(b)

Figure 3.6: (a) Anteroposterior and Lateromedial angles. (b) Global, Body and
Sensorized Tip reference frames.

However, for the specific application of the Sensorized Tip, the relative motion of
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the Assistive Device for Walking with respect to the patient’s body is required. That
is, the lateromedial and anteroposterior angles, as seen in Figure 3.6a.

In order to get the calculation of these angles, two steps are followed. First, the
body’s reference system and the advance plane is obtained from the data provided by
the sensor. Secondly, the lateromedial and anteroposterior angles are calculated.

To obtain the body reference frame, these is considered to be aligned with the
Z axis of the global reference frame that creates the MTi-1. But its X ′ axis always
points in the direction of the body motion, which defines the advance plane X ′Z′.
Therefore, the global and body reference frames are related by the rotation of θ with
respect to the global Z axis (see Figure 3.6b). Therefore, to achieve this reference
frame, the direction of motion in the plane (XY ) of the global reference frame has to
be defined. For this it has to be taken into account that the global reference frame
of the Mti-1 only secures the Z axis, and people using ADW can grip the handle of
the with multiple angles.

In this way, in order to know the forward plane, first of all the phases of the
steps (stance phase and swing phase) are defined by using the force sensor. Knowing
these phases, in the stance phase process, the Euler angles are stored and the 3D
orientation of the ADW is represented (see Figure 3.7). For each set of captured
Euler angles, a rotation matrix can be defined, which relates the local reference frame
of the sensing Tip and the global reference frame of the Mti-1. As the local Z axis
of the Sensorized Tip is aligned with the axis of the Sensorized Tip, it is possible to
define the representation of the unit vector Guz associated with the local Z axis in
the global reference frame by extracting the third column of Rrpy.

Figure 3.7: 3D Orientation of the Sensorized Tip and (XY ) plane projection.

As with the sensors of the Sensorized Tip, the proposed algorithm is validated
to check its validity. In this case, different trajectories are performed in which the
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rotation of the handle is varied. These tests are carried out in the VICON environment
in order to compare the results obtained. The error achieved is less than 5◦ for all
cases except when walking in circles, where the error is close to 8◦ (see Figure 3.8).
This error is due to the feature of the circular motion, in which the steps are not made
in a straight line and consequently there is no fixed forward plane during the steps.
Even so, as can be seen in Figure 3.8, the calculated forward planes approximate the
realised circular trajectory to a polygon fairly close to the realised trajectory.

Figure 3.8: Advance plane estimation in the circular test (Worst Case Scenario) with
respect to the real trajectory.

Finally, the anteroposterior and lateromedial angles are calculated. For this, the
projection of the z axis of the reference axes of the Sensorized Tip with respect to
the reference axes of the body is used.

3.1.4 New version of the Sensorized Tip

In order to improve the accuracy of the force sensor, and to be able to transfer the
longitudinal force realised in the ADW more realistically, an improved version of the
Sensorized Tip is produced (see Figure 3.10). This version only undergoes changes
in the mechanical structure of the Sensorized Tip.

One of the changes that has been made is to modify the attachment system of
the Sensorized Tip to the ADW. This system moves from a bolt-based system to a
clamp-based system. This improvement makes it easier to hold the Sensorized Tip,
as well as making it more robust.

The other change is in the transmission of force to the force sensor. Friction
between the individual elements of the Tip is avoided, so that a better precision is
not achieved. As can be seen in Figure 3.10, the curve of the force sensor is practically
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Figure 3.9: New Sensorized Tip.

Figure 3.10: New Sensorized Tip Force sensor after calibrate curve and data obtained
from the scale.
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the same as that obtained by the pressure plate. Compared to the results obtained
from Figure 3.5, the difference in accuracy is considerable (RMS error of 11.4N).

3.1.5 Conclusions

This section presents a Sensorized Tip that can be attached to any ADW. This
Sensorized Tip has the ability to monitor the activity of people using the ADW. The
proposed element contains a number of sensors that provide information on the force
and movement of the element. This device is designed to be used via Bluetooth and
to add as little weight as possible to the ADW.

The error of the Sensorized Tip is characterised by means of a series of tests. In
addition, an algorithm is used to estimate the lead angle and, together with this, to
calculate the lateromedial and anteroposterior angles. The results obtained show that
the errors obtained are small, validating the use of the Sensorized Tip for monitoring
the activity of people using ADW.

In addition, a new version of the device has been designed, which improves the
results obtained.
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3.2 Physical Activity classificator

This section summarises the Physical Activity classifier developed using the data
acquired by the sensors of the Sensorized Tip. The detailed explanation of this
section can be found in the paper in Appendix 2 [126], which is published in the open
access journal called IEEE Access.

Following the development of the Sensorized Tip capable of monitoring Physical
Activity, a methodology capable of classifying the different physical activities per-
formed is required. As mentioned in Chapter 2.2, the vast majority of the proposed
PA classifications follow the same methodology. Once the data has been collected
with the sensors, this methodology divides the data into smaller segments, then fea-
tures are generated, after these, a reduction of the features created is carried out
and finally the classifier is performed. For each of the cases in Chapter 2.2, different
methods have been proposed.

3.2.1 Data capture test

In order to realise a Physical Activity classifier based on the Sensorized Tip, the
generation of a database is required. For the generation of this database, it has to
be selected which activities can be classified. In this way, a series of experiments
containing these activities are designed. Thus, it was decided to classify 5 different
physical activities:

• Walking 30m in a straight line at the normal speed.

• Walking 30m in a straight line at a speed higher than normal (approximately
30% faster).

• Standing still for approximately 10 seconds.

• Going up an 11-step flight of stairs.

• Going down an 11-step flight of stairs.

Eleven different people are used to carry out the tests (4 women and 7 men,
ranging between 24–48 years), and each of them repeats each of the tests three
times.

3.2.2 Data Segmentation

Once the desired data has been captured through the tests, the data is segmented.
To do this segmentation, analysing the alternatives seen in Chapter 2.2, it is decided
to create windows by events, these windows will contain the phases of use of the
ADW (stance phase and swing phase) (see Figure 3.11). The force sensor integrated
in the Sensorized Tip is used to achieve this division. The beginning of the window is
defined by the beginning of the stance phase, while the end of the window is defined
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by the end of the swing phase. The total number of windows obtained in the above
test is summarised in Table 3.3.

Figure 3.11: Cycle of use of an ADW and its phases. Data Segmentation in windows
by using the data acquired from the force sensor.

In order to achieve the PA classifier, the data is divided into two different sets,
one for the training of the ML based systems and one for the testing of the results.
This division is made using approximately 70% of the data for training and the rest
for testing (see Table 3.3).

3.2.3 Machine Learning-based PA classifier design methodology

Once the data has been divided into windows, we proceed to work with the database
to adapt it and finally create the PA classifier. Following the methodology mentioned
in Chapter 2.2 (see Figure 3.12), once the data has been divided, a set of potential
features has to be generated. Once these features have been obtained, the dimen-
sionality of the features must be reduced, selecting those that are the most important
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Table 3.3: Number of Windows per Physical Activity (PA). Test and Training Sets

Type of PA Number of Windows Training Set Test Set
Walk Normal 724 254 123
Walk Fast 528 264 118
Go Up Stairs 360 251 109
Go Down Stairs 357 251 106
Standing Still 329 218 111

Total 1238 567

for the selected task. Finally, the classifier is generated to differentiate between the
different physical activities.
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Figure 3.12: Methodology followed for the creation of the Physical Activity classifier.

3.2.3.1 Potential set feature generation

The first step in the development of the PA classifier is to generate a series of features
that simplify each of the windows. As discussed in Chapter 2.2, in most of the work
carried out, features based on statistical calculations are used. In this doctoral thesis
we propose to use a series of features based on statistical operations, as well as a
series of features based on motion and time. These features are applied to all the
windows obtained, being applied to the windows resulting from the 17 data obtained
from the sensors. This gives a total of 176 features per window (see Table 3.4).

3.2.3.2 Feature selection

While the set of 176 features in each window can be used to develop the PA classifier,
the use of all features for this development may not be very effective. The introduction
of all the features for the classifier realisation, apart from increasing the computational
cost of the classifier, can have an impact on the classification efficiency. For this
reason, a dimensionality reduction system is proposed.

As mentioned in Chapter 2.2, the methodologies used in order to reduce dimen-
sionality are very varied. One of the ways in which dimensionality reduction can be
achieved is through visual analysis of the selected features. For a simpler activity clas-
sifier (classifying 3 PA), [26] presents a dimensionality reduction done in this way. In
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Table 3.4: Features generated from the data provided by the sensorized Tip (R =
Roll, P = Pitch, Y = Yaw, A = Anteroposterior, L = Lateromedial).
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Mean X X X X X X X X
Standard Deviation X X X X X X X X
Variance X X X X X X X X
Kurtosis X X X X X X X X
Corr. Coef. XY X X X
Corr. Coef. XZ X X X
Corr. Coef. YZ X X X
Corr. Coef. RP X
Corr. Coef. RY X
Corr. Coef. PY X
Corr. Coef. AL X
25th Percentile X X X X X X X X
50th Percentile X X X X X X X X
75th Percentile X X X X X X X X
Area X X X X X X X X
Interquartile Range X X X X X X X X
Stance Start Value X
Value at Max. Force X
Stance End Value X
Amplitude X
Cycle time X
Stance Ph. % X
Feature Number 30 30 30 30 27 9 9 11
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this case, this differentiation of the 3 cases is made by analysing the histogrammatic
distribution of the features. In this way, those features (6) in which the greatest
difference in the histogram distribution has been observed are used (see Figure 3.13).

In the paper presented in [29], the same classifier of physical activities is proposed,
but in this case, apart from using the features selected in [26], three more are incor-
porated (cycle time, percentage of the stance phase in each cycle and the average
acceleration in the z-axis accelerometer).

Although it is possible to visually reduce the dimensionality of the features, the
features chosen are not necessarily the most appropriate. Moreover, it is not possible
to visually see the possible correlations between the features. For this reason, the use
of Random Forest (RF) is proposed in this case to achieve this goal (this methodology
is carried out in Appendix 2 [126] and [27]). For that purpose, only the samples
contained into the Training Set defined have been used. The proposed RF has
been implemented considering the following set of hyperparameters, experimentally
selected:

• The number of trees in the forest has been tuned to 5000.

• A sample with replacement strategy has been selected.

• A node size of 1 was defined.

• The number of variables randomly chosen at each split (mtry) has been tuned
to
√
M, where M is the total number variables.

• The predictor used has been the interaction-curvature to avoid the disturbances
caused by correlated features.

Table 3.5 shows the results of the first 30 features considered to be the most
important. It should be borne in mind that the RF provides the weight that each
feature has for the assigned task, so that the higher the value obtained, the greater
the importance of that feature in the activity classification. Analysing the results
obtained, the one that is most important according to the Random Forest is the
Area Under the Curve of the Yaw Angle.

3.2.3.3 Classifier generation

Once the features have been ordered according to their relevance for the classifica-
tion of physical activities, the corresponding classifier is designed. The aim of the
classifier is to differentiate between different physical activities. In the case of [26]
and [29] a classifier is designed to differentiate between 4 physical activities (walking,
climbing stairs, descending stairs and standing still). However, in order to increase the
number of physical activities to be classified, the paper presented as a compendium
(Appendix 2 [126]) proposes a classifier that detects 5 different physical activities:
normal walking, fast walking, going up stairs, going down stairs and standing still.
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(a) (b)

(c) (d)

(e) (f)

Figure 3.13: Histogram of the most relevant indicators obtained from visual analysis.
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Table 3.5: Feature significance and their relative weight according to Random Forest
procedure. (Magne = Magnetometer, Accel = Accelerometer, AUtC = Area Under
the Curve, 25P = 25th Percentile, 50P = 50th Percentile, 75P = 75th Percentile, IR =
Intercuartile Range, SD = Standard Deviation, Corr. Coef. = Correlation Coefficient,
Antero = Anteromedial Angle, Latero = Lateromedial Angle, WoF = Without Filter,
WF = With Filter, n = Position).

n Feature Weight n Feature Weight
1 AUtC Yaw 2.276 16 Antero SD 1.213
2 Cycle Time 2.242 17 Antero Variance 1.178
3 Accel SD X 2.216 18 Accel 25P Z 1.159
4 Accel Variance X 2.002 19 Gyro IR Y 1.131
5 Magne 75P X 1.992 20 SD Pitch 1.126
6 Gyro 25P Y 1.978 21 Accel SD Z 1.103
7 Antero IR 1.766 22 Variance Pitch 1.087
8 Magne Mean X 1.698 23 Accel Variance Z 1.078
9 Accel Mean Z 1.671 24 Gyro 75P X 1.063

10 IR Pitch 1.635 25 Accel IR Y 1.060
11 Magne AUtC X 1.582 26 Accel AUtC Z 1.022
12 Accel IR Z 1.527 27 Accel 50P X 1.021
13 Accel 25P Y 1.507 28 Accel Mean X 1.003
14 Magne 50P X 1.503 29 Gyro 50P Y 0.966
15 Magne 25P X 1.402 30 Accel 75P X 0.942

In the case of the classifier created from [26] and [29], it will have 4 different
outputs. However, in the case of the paper in Appendix 2 [126], due to the increase
in physical activities to be classified, in this case the classifier will have 5 outputs,
each one associated with each of the activities mentioned.

The number of entries in the three different studies varies. In the case of [26],
only 6 features are used as entries (those selected visually). In the case of [29], 3
more features are added to the 6 features selected above. Finally, in the case of the
Appendix 2 [126] classifier (the one corresponding to the compendium of papers),
the number of inputs corresponding to the classifiers will be varied to find the optimal
number of features to be used for the design task. In this way, as many classifiers will
be made as the number of features, varying the number of entries to be had. The
first classifier to be designed using a single input, being the most relevant feature
according to the RF (Area Under the Curve angle Yaw). The second classifier will
consist of two entries, these being the 2 features with the highest weight according
to the RF. The third classifier will consist of the 3 most important features as input,
and so on until reaching the n features proposed above.

In order to carry out the classification in this doctoral thesis, methodologies based
on Machine Learning (ML) have been proposed. In this case, analysing the method-
ologies analysed in Chapter 2.2, we decided to focus on the use of the most common
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ones, K-Nearest Neighbors (K-NN), Support Vector Machine (SVM) and Artificial
Neural Network (ANN). In the case of [26] and [29], ANN-based classifiers are imple-
mented. In the specific case of [29], a two-step classifier is implemented (see Figure
3.14), in which rules are used to differentiate between going up and down stairs,
standing still and walking, while an ANN classifier is used to differentiate between
going up and down stairs.
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Figure 3.14: Two Step 4 physical activities ANN-based Classifier.

On the other hand, the optimal subset of hyperparameters for each ML-based
classifier must be found. For this purpose, a K-fold cross-validation approach with
K = 5 is proposed. This approach allows for efficient evaluation of different ML-based
models. In the case of SVM and K-NN, the Matlab Toolbox Static and Machine
Learning is used to select the most optimal hyperparameters for each classifier. In
the case of ANN, we choose to use a Multilayer Perceptron (MLP) network with a
single hidden layer. As mentioned before, the number of output neurons is 5, while
the number of input neurons will be n. However, for the selection of the neurons of
the hidden layers, training will be performed having in the hidden layer from 1 to 10
neurons, the one that gives the best results will be the chosen one.

3.2.4 Comparative Analysis

This section provides a comparative analysis of the results obtained from the appli-
cation of the methodology proposed in the previous section.

The results obtained with the methodologies followed in [26] and [29], classifiers
capable of differentiating between the 4 physical activities proposed are obtained.
In the case of [26], the success rate results are close to 90% for classifying the 4
activities, with only an 80% success rate for classifying the activities of going up and
down stairs. However, thanks to the two-step classifier proposed in [29], results of
97% are achieved.

However, in order to improve the results, the methodology followed in Appendix 2
[126] is proposed. As mentioned before, 3 different ML approaches (SVM, K-NN and
ANN) are used to perform the classifier, the results of the 3 approaches are compared
to analyse which is the best result obtained. In addition, as mentioned before, training
is carried out by increasing the number of entries (according to the order provided by
the RF), in this way it is possible to analyse which is the most appropriate number of
features to use in each approach.
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The results can be seen in Figure 3.15, where the overall success rate for each of
the classifiers is plotted. As can be seen, if the 7 most relevant features are used, a
success rate of over 90% is achieved in all three cases (92.8% for the K-NN, 97%
for the SVM and 96.8% for the ANN). The best success rate is achieved with 66
features in the case of K-NN (98.4%), 87 features in the case of SVM (99.1%) and
174 features in the case of ANN (99.6%).
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Figure 3.15: Success rate of the classifiers based on K-NN, SVM and ANN, with
respect to the number of the n most relevant features ordered according to the RF.

As can be seen in Figure 3.15, in the case of SVM and ANN the increase in the
success rate from the introduction of 7 features is very small. From this it can be
deduced that a correct selection of features has been made. In this particular case, it
can be said that with the use of the 7 most relevant features, results with a success
rate of more than 95% can be achieved with a low computational cost.

On the other hand, as mentioned before, in order to know the appropriate number
of neurons for the ANN, classifiers have been made with neurons in the hidden layer
from 1 to 10. Analysing the results, it can be seen that the most appropriate value
of neurons in the hidden layer is 9.

In order to check the correct selection of importance of features, the above proce-
dure is repeated, but in this case incrementing the features from the least important
to the most important. That is, a set of 176 features is analysed again: first using as
input the least important feature, then introducing the two least important features,
and so on. The results can be analysed in Figure 3.16, which shows how the success
rate increases as more important features are incorporated according to the Random
Forest.
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Figure 3.16: Success rate of the K-NN, SVM and ANN based classifiers, with respect
to the number of the n less relevant features ordered according to the RF approach.

3.2.5 Conclusions

This section presents a classifier capable of classifying between different Physical
Activity (PA) by using the Sensorized Tip. In order to realise this classifier, a Ma-
chine Learning based approach is proposed. Prior to performing the classification,
an approach is proposed in which the data obtained from the tests are divided and
transformed into a set of features. With the features obtained, a Random Forest
based dimensionality reduction approach is proposed.

The approach is validated by implementing three different ML based PA qualifiers:
SVM, K-NN and ANN. Results of between 92% and 97% are obtained using the 7
most important features (according to RF).
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3.3 Fall Detector

This section summarises the developed fall detector based on the designed Sensorized
Tip. The detailed explanation of this section can be found in Appendix 3 [125],
published in the open access journal IEEE Access.

In order to make an early detection of the falls that are suffered, and thus to be
able to act in consequence avoiding possible consequences of a late response, a fall
detector is designed. As mentioned in Chapter 2.3, the use of sensors and the position
of these sensors for fall detection is very varied, thanks to having a Sensorized Tip,
a fall detector is developed using these sensors available. On the other hand, after
analysing the methodologies used in Chapter 2.3 for the detection of falls, it can be
seen that these are very varied. In this case, a similar methodology followed in the
designed PA classifier is proposed to design a fall detector based on the Sensorized
Tip.

The approach proposed in this doctoral thesis is to develop a fall detector based
on two modules (see Figure 3.17). The first module is responsible for detecting the
fall of the ADW, while the second module uses the fall data to evaluate whether the
user has fallen with the ADW, or whether the ADW has fallen without the user. This
second module is designed to avoid false positives due to accidental ADW falls.

ADW Fall
Detector

User & ADW 
Fall Detector

User
Fall data

Monitoring
Device
Data

(Features)

Dataset

User Fall
User Physical

Activities

Training

Fall data

Dataset

User Fall ADW Fall

Module 1 Module 2

Figure 3.17: Two-module methodology followed for falls detection.

Different data datasets are used for each of the modules developed. The dataset
of the first module is composed of user falls with the ADW and a set of different
physical activities using the ADW. The second module combines data from the user’s
falls with the ADW (used in the first module), together with falls from the ADW
without the user.

As in the Physical Activity classifier, a methodology is followed after capturing the
desired data. First, a set of features is generated to characterise the falls. Second,
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the dimensionality of the features is reduced. Finally, the fall detector is created
based on Machine Learning, more specifically SVM. In order to evaluate the proposed
approach, results will be compared with datasets.

Wearable sensors are used to compare the results obtained from the designed fall
detector with the Sensorized Tip. The sensors used for this purpose are 4 GENEActiv
accelerometers located on the wrist, waist, back and pocket. These are used in the
simulation of people’s falls and in different physical activities. With the data obtained
from the GENEActiv, a fall detector will be made, which will be used to compare the
results of the GENEActiv and the GENEActiv.

3.3.1 Experimental Protocol and Dataset Generation

In order to realise the fall detector, the appropriate database must be created. To
obtain these data, a series of experiments are carried out on 12 healthy people (4
women and 8 men, ranging between 25–40 years, 3 left-handed and the rest right-
handed). These experiments have been carried out with the approval of the Ethics
Committee 149960 of the University of Bologna. A mattress was used for the falls
in order to avoid damage.

As mentioned above, 3 different datasets are generated. The first one of user
falls using the ADW (User Fall dataset), the second one of a set of physical activities
performed using the ADW (User Physical Activity dataset) and the third one of ADW
falls without the user (ADW fall dataset).

In the case of the User Fall dataset database, simulations of people’s falls are
carried out using the ADW. After analysing the falls of the videos in the Databrary
database, 16 different scenarios are considered:

1. While standing still, try to take a step and trip over the ADW and fall.

2. Fall forward.

3. Fall backwards simulating a faint.

4. Fall backwards.

5. Rotate 90º to the right and fall to the right.

6. Fall right.

7. Rotate 90º to the left and fall to the left.

8. Fall left.

9. Walk towards the mattress, trip over the ADW and fall forward.

10. Walk towards the mattress, simulate a trip over an object and fall forward.

11. Walk towards the mattress, simulate a trip over an object and fall left.
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12. Walk towards the mattress, simulate a trip over an object and fall right.

13. Walk towards the mattress, simulate a trip over an object and fall backwards.

14. Loss of balance, try to regain it by walking a few meters forward and fall forward.

15. Loss of balance, try to regain it by walking a few meters backwards and fall
backwards.

16. Walk and slide to end up falling backwards.

In the case of User Physical Activity dataset, 7 different physical activities are
simulated:

1. Walk at a normal pace: a circuit has been defined in which the volunteer has
to walk straight in several directions and make turns.

2. Walk fast: the same circuit performed previously is repeated, but in this case
walking approximately 30% faster.

3. Standing still: stay still in place for 30 seconds.

4. Going up and down stairs: going up and down stairs repeatedly.

5. Get up and sit in a chair: get up and sit down from a chair using the crutch,
this will be repeated for 30 seconds.

6. Stopping to pick up an object from the floor and standing up, this will repeated
for 30 seconds.

7. Short loss of balance (near fall) with regaining of balance, repeated 4 times.

Finally, a series of tests are carried out in which the ADW is dropped without a
user:

1. Crutch placed in different static positions on the floor or while leaning on a site.

2. Dropping the crutch while standing still, or while walking. 80 crutch falls will
be performed (40 per each).

In total 192 falls are achieved with the user using the ADW, 9 minutes of physical
activities using the ADW per volunteer, 5 minutes of static positions of the ADW
and 80 falls of the ADW with the user.
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3.3.2 Methodology

Once the datasets are generated, the two module algorithms proposed in Figure
3.17 are designed. As mentioned above, the first module (ADW Fall Detector)
is designed to detect falls and the second module (User & ADW Fall Detector)
determines whether the ADW has fallen with the user. The output of the first module
determines whether the second module is used. Similarly, as mentioned above, the
two modules use different input data. The methodology followed for the design of
both modules is similar, this methodology follows the structure set out in Figure 3.18.
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Figure 3.18: Methodology followed for the design of the Fall Detector modules based
on Machine Learning.

3.3.2.1 ADW Fall Detector Design

This module is responsible for detecting when the ADW suffers a fall. The User Fall
dataset and the User Physical Activity dataset are used in this module.

Table 3.6: Distribution of the dataset and adjustment of the number of data.

Windows
Train Test Total

Participants 8 4 12

Fall
Detector
Set

Non
Adjusted

Falls 2770 1216 3986
Not Falls 5805 2600 8405

Adjusted
Falls 759 382 1141
Not Falls 866 433 1299

User Fall
Detector Set

User Falls 128 64 192
ADW Falls 50 30 80

First, the data is divided into sliding windows. The size of the windows is 100
samples (2s), furthermore the start of the windows are separated by 20 samples
(0.4s). A sample size of 100 has been chosen because this is the average period of
time when a person falls down, analysing the whole set of experiments performed.
Once this segmentation has been carried out, it is necessary to indicate which of the
windows obtained correspond to falls. Therefore, those windows that contain 50% or
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more of the fall period will be considered as falls, those that do not have 50% will be
eliminated. The data obtained is divided into a training data set and a test data set,
with the data from 8 volunteers being used for training and the other 4 for testing.
The data will be balanced in order to perform the detector in the most appropriate
way (see Table 3.6).

Second, after segmenting the data into windows, a series of features are selected
that will characterise each window. In this case, a features based on statistical
operators have been selected:

• Mean (MEAN).

• Standard Deviation (STD).

• Variance (VAR).

• Kurtosis (KUR).

• Intercuartile Range (IR).

• Area Under the Signal (AUS).

• Maximum value of the window (MAX).

• Minimum value of the window (MIN).

These statistics are applied to each window of the previously mentioned dataset.
Each of the windows consists of the following sensor data: Sensorized Tip’s force
sensor, Sensorized Tip’s gyroscope (x , y , z), Sensorized Tip’s accelerometer (x , y ,
z) and Sensorized Tip’s inclination angle (α). A total of 64 features are achieved per
window in the case of the Sensorized Tip.

Thirdly, after the selection of the potential features to be used, the dimensionality
reduction is carried out. This dimensionality reduction consists of giving a weight to
each of the features in the assigned task. As mentioned in Chapter 2.3, there are
many methodologies in the literature that do this. In this paper, a comparison is
made between the Relief and RF approaches in order to choose the one that provides
the best order. The order of importance and the weights of the 15 most important
features can be seen in Table 3.7, where a difference can be seen between the order
of importance and the weights of the 15 most important features.

Finally, the generation of the fall detector is performed. In this case, the number
of inputs will be varied in order to determine the optimum number of inputs for this
task. In this way, first a detector is made with only one input, this being the most
important feature, then another detector is generated with two inputs, these being
the two most important ones, and so on until all the features are introduced. The
fall detector will be performed with an SVM approach, the hyperparameters will be
optimised using K-Fold cross validation with a K=10.
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Table 3.7: Weight of the features provided by the RF and Relief. (α = ADW incli-
nation angle, accel = accelerometer, gyro = gyroscope)

Random Forest Relieff
n Feature Weight n Feature Weight

1 α MAX 3.587 1
Tip force
AUS

0.086

2
Tip gyro
MIN Z axis

2.803 2
Tip gyro
KUR X axis

0.057

3
Tip gyro
KUR X axis

2.788 3 α MAX 0.048

4 α MEAN 2.631 4
Tip accel
AUS Y axis

0.038

5
Tip gyro
MIN X axis

2.545 5
Tip accel
AUS X axis

0.028

6 α STD 2.485 6
Tip accel
MEAN X axis

0.026

7
Tip gyro
KUR Y axis

2.395 7
Tip accel
KUR Z axis

0.016

8 α VAR 2.380 8 α STD 0.015

9 α AUS 2.348 9
Tip force
MIN

0.014

10
Tip accel
MEAN Z axis

2.342 10 α MEAN 0.013

11
Tip gyro
MIN Y axis

2.168 11 α AUS 0.013

12
Tip accel
AUS Z axis

2.165 12
Tip gyro
KUR Y axis

0.010

13
Tip accel
MAX Z axis

2.095 13
Tip gyro
MAX Y axis

0.010

14
Tip accel
KUR Z axis

1.947 14 α KUR 0.008

15
Tip force
MEAN

1.915 15
Tip gyro
MEAN Y axis

0.006

3.3.2.2 User & ADW Fall Detector Design

This module is responsible for detecting when the ADW is fall with or without the
user. The methodology used is similar to the methodology of the first module. In this
module the division into windows is done in a different way. Thanks to the previous
module, when the ADW has suffered a fall, only the area considered as a window is
used as a window. This results in 192 falls of the ADW with user and 80 falls of the
ADW without user (see Table 3.6).

The set of features chosen is the same as in the first module, as is the dimen-
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sionality reduction method. Finally, as in the other module, SVM with K-Fold cross
validation is used to create the detector.

3.3.3 Results and Comparative Analysis

This section analyses the results obtained after following the methodology explained
above. In addition, the results obtained from the Sensorized Tip detector are com-
pared with those obtained by other sensor arrays. Four approaches are proposed
for comparison (see Table 3.8): 1) The proposed approach based on the Sensorized
Tip Data ; 2) The use of the GENEActive wearable sensor data; 3) The use of all
possible accelerometers (Sensorized Tip internal accelerometer and four GENEActiv
accelerometers); and 4) The use of all data sensors. In order to compare the four
approaches, the methodology followed in all four approaches is the same.

Table 3.8: Analyzed Cases considering sensor input. (Accel = Accelerometer, Gyro
= Gyroscope, α = Angle of Inclination)

Device Sensors Different analysis forms
Sensorized

Tip
GENEActiv

Sensors
Accel.
Sensors

All
Sensors

Sensorized
Tip

α X X
3 axis
Gyro.

X X

Force
Sensor

X X

3 axis
Accel.

X X X

4x GENEActiv
Accel.

3 axis
Accel.

X X X

3.3.3.1 ADW Fall Detector module evaluation

Based on the order observed in Table 3.7, the process of generating the detector is
carried out to compare which is the one that gives the best result, and based on the
selection of the method that gives the best results, this method is used for all cases.
In this case, although the results are very similar with the two approaches, slightly
better results are achieved with the features selected by the Random Forest, so this
will be the approach used for this case.

Once the dimensionality reduction method is selected, it is applied to the 4 cases
to be compared. In the case of using only the sensors of the Sensorized Tip, the
most important feature is the maximum inclination angle. If the results provided by
the GENEActiv sensors are seen, it can be seen that the most important feature is
the maximum angle of inclination, the 3 most important features are derived from
the sensor located at the back of the user (in particular its X axis, vertical), which
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is the one which suffers the most variation when the user falls. If all the available
accelerometers are taken into account (the GENEActiv and the accelerometer in the
Sensorized Tip), the most relevant features are those of the accelerometer in the
Tip and the GENEActiv sensor on the back. When all sensors are used, it is again
found that the most important feature is the one related to the maximum angle of
inclination.

Once the importance of the features is known, the SVM-based detector is gen-
erated. As mentioned above, these will be trained by increasing the number of input
features, according to the order provided by the RF.

Table 3.9: Results of the different cases to be analyzed of the SVM-based Fall
Detectors (No. In = Number of inputs for each classifier, P = Precision, Sp =
Specificity, Se = Sensitivity, F = F-score).

Sensorized Tip GENEActive
No. In P SP Se F P SP Se F
1 0.982 0.984 1.000 0.991 0.941 0.945 0.984 0.962
2 0.986 0.988 1.000 0.993 0.956 0.960 1.000 0.978
3 0.980 0.982 1.000 0.990 0.957 0.960 1.000 0.978
4 0.982 0.984 1.000 0.991 0.957 0.961 1.000 0.978
5 0.983 0.985 1.000 0.991 0.953 0.957 0.999 0.976
6 0.983 0.984 1.000 0.991 0.969 0.972 1.000 0.984
7 0.987 0.988 1.000 0.993 0.978 0.980 1.000 0.989
8 0.982 0.983 1.000 0.991 0.971 0.973 1.000 0.985
9 0.982 0.984 1.000 0.991 0.970 0.973 0.999 0.985
10 0.982 0.984 1.000 0.991 0.974 0.977 0.997 0.986

Accelerometers All Sensors
No. In P SP Se F P SP Se F
1 0.979 0.982 0.979 0.979 0.970 0.972 1.000 0.985
2 0.979 0.982 0.981 0.980 0.986 0.988 1.000 0.993
3 0.982 0.984 0.989 0.985 0.986 0.988 1.000 0.993
4 0.984 0.985 1.000 0.992 0.982 0.984 1.000 0.991
5 0.980 0.982 1.000 0.990 1.000 1.000 1.000 1.000
6 0.990 0.991 1.000 0.995 1.000 1.000 1.000 1.000
7 0.997 0.998 1.000 0.999 1.000 1.000 1.000 1.000
8 0.981 0.983 1.000 0.991 1.000 1.000 1.000 1.000
9 0.984 0.986 1.000 0.992 0.992 0.993 1.000 0.996
10 0.982 0.983 1.000 0.991 0.989 0.991 1.000 0.995

Analysing these results, it can be seen that by using the Sensorized Tip only, an
F-Score greater than 0.99 is achieved in all cases (see Table 3.9). Furthermore, it
can be seen that the number of features in this case is not relevant, as good results
can be achieved even using only one feature. Still, the best results are achieved by
using 2 features.
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The other two cases, in which the complete sensors of the Sensorized Tip are
not involved, have somewhat worse results, but are still good. In the case of the
use of GENEActiv, the best result is an F-Score of 0.989 using the 7 most important
features (see Table 3.9). On the other hand, using all the accelerometers, an F-Score
of 0.999 is achieved with 7 features as well (see Table 3.9). On the other hand, if
the results of all the sensors are analysed, the best results are achieved, with an F-
Score of 1 with 5 features (see Table 3.9). Despite the fact that the best results
are achieved with the sensors of the Sensorized Tip and with the lowest number of
features, it can be said that with the 4 cases analysed, a very high F-Score result can
be achieved, with a value above 0.98 of F-Score in the worst case scenario.

3.3.3.2 User & ADW Fall Detector evaluation

The User & ADW Fall Detector is only used if the previous detector detects a fall.
As mentioned above, the dataset used in this detector is different from the previous
one, so dimensionality reduction is performed again. RF is used as before, with the 5
most important features in this case being those associated with the Tip force sensor.
This importance comes from the fact that when a person falls with the ADW, tries
not to fall by trying to lean on it, which is not the case when the ADW falls without
the user.

Once the order of importance of the features has been obtained, the same method-
ology used before is applied to calculate the SVM. The results are summarised in Table
3.10. F-Score values of over 0.89 can be observed, which is a good value. If analysed
in detail, the best result is obtained using the 6 most relevant features.

Table 3.10: Results of the ADW Fall Detector with and without user (No. In =
Number of inputs for each classifier, P = Precision, Sp = Specificity, Se = Sensitivity,
F = F-score).

No. In P Sp Se F
1 0.876 0.717 0.936 0.905
2 0.880 0.733 0.917 0.898
3 0.888 0.757 0.906 0.897
4 0.880 0.737 0.906 0.893
5 0.940 0.867 0.984 0.962
6 0.943 0.873 0.984 0.963
7 0.940 0.867 0.984 0.962
8 0.930 0.843 0.969 0.949
9 0.926 0.833 0.967 0.946
10 0.943 0.873 0.981 0.962
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3.3.4 Conclusions

This section presents a fall detector using a Sensorized Tip that can be attached to
different ADW. In order to detect falls, a methodology based on two modules has
been implemented. The first module is in charge of detecting ADW falls. In the event
that the ADW detects a fall, the second module is in charge of detecting when the
ADW has fallen with a user. The modules consist of an SVM-based algorithm for the
detection of ADW falls and user falls. In addition, the use of RF-based dimensionality
reduction is considered in prior.

The results obtained from the fall detector show a high accuracy, with a 0.993
and 0.963 F-Scores for the ADW and User & ADW, respectively. A comparison has
been made using wearable sensors (see Table 3.9), obtaining better results with a
lower number of input features, 0.993 of F-Score with 2 features for the case of the
Sensorized Tip and 0.989 of F-Score with 7 features for the case of the wearable
GENEActive sensors.
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4 Conclusions

This section presents the conclusions of the work carried out during the development
of this doctoral thesis, analysing what has been done and the technological con-
tributions made. It also details the publications derive from the work developed (in
high-impact peer-reviewed JCR journals and Springer books from international confer-
ences), allowing to fulfill the requirements to present this thesis as a compendium of
publications, as defined in the PhD legislation of the Euskal Herriko Unibertsitatea/U-
niversidad del País Vasco (UPV/EHU). Finally, this section indicates the future work
generated in the field in which it has been carried out, showing the possible future
lines of research open in the field in which this doctoral thesis has initiated.
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In recent decades, in view of the need to improve the quality of life of people requir-
ing rehabilitation, the individualisation of rehabilitation has been increasing. Thanks
to advances in the field of sensorization, and especially in human sensorization, sensor
systems capable of assisting in this rehabilitation task have begun to be proposed.
However, these types of sensors often cause discomfort to the people who use them,
and for this reason, work has begun to be proposed in which this sensorization is
carried out through the ADW. But the sensor devices incorporated in the ADWs are
difficult to fit and are only suitable for the ADW for which they are made, which is
an important aspect to be improved. In addition, in order to achieve this individuali-
sation of rehabilitation, it is very important to know what Physical Activity a person
performs. For this reason, integrating sensors to recognize physical activities in the
daily life of people have begun to been carried out. On the other hand, by taking
advantage of the sensorization of people, many works propose the detection of falls,
in order to prevent a person from requiring further rehabilitation as a result of a fall.
In view of this situation, this doctoral thesis aims to contribute to the area of ADW
sensorization.

In order to achieve this challenge, the thesis has been structured in three main
contributions.

The first contribution is focused on the design and validation of the Sensorized
Tip capable of adapting to the different ADWs on the market. In it, after analysing
the most important variables to be measured in order to know the Physical Activity, a
series of suitable sensors have been selected to measure these variables. Subsequently,
a suitable Tip structure has been designed to be able to incorporate the sensors and
also to be incorporated into the various ADWs. After this, the data acquisition
system was programmed to collect the data from the sensors via Bluetooth Low
Energy (BLE). In this way, a Sensorized Tip capable of adapting to different ADWs
was achieved, and it is also able to measure the force applied to the ADW, the height
at which it is located and the movements of the ADW. Finally, the sensors used were
validated on a VICON camera system, obtaining very satisfactory results.

A Sensorized Tip has been developed, which has the capacity to be adapted
to the different Assistive Device for Walking (ADW)s available on the mar-
ket (crutches, canes...). For the development of this Sensorized Tip, the next
methodology has been followed. First of all, the most important variables to
be measured in order to carry out the measurement have been analysed. This
analysis helps to identify the best sensors configuration, which consists in a force
sensor that measures axial force, a 3-axis accelerometer, a 3-axis gyroscope and
a 3-axis magnetometer that measure the movement of the Sensorized Tip and
a barometer that helps measure changes in altitude. Secondly, the optimized
structural design of the Tip is carried out, as well as the programming of the
electronics that will collect and store the data. The device has been designed
to be as light as possible, as well as to be as interchangeable between different
ADWs. In order to have a high autonomy, the communication between the
acquisition system and the processor that collects the data from the sensors
has been carried out via Bluetooth Low Energy (BLE). Thirdly, a series of algo-
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rithms have been developed in order to estimate the forward plane of the person
using the ADW and to obtain the anteroposterior and lateromedial angles. Fi-
nally, different experimental tests are carried out, with the aim of validating the
developed Sensorized Tip.

Therefore, it is concluded that the Sensorized Tip developed using the
proposed methodology is suitable for use in monitoring Physical Activity
and detecting falls.

The second contribution deals with the development of a classifier of 5 differ-
ent Physical Activities by using Artificial Intelligence techniques integrated in the
designed Sensorized Tip. In order to achieve this Physical Activity classifier, a series
of tests have been designed to simulate these activities when using an ADW. With
the data obtained, a process of data adequacy and statistics features extraction is
carried out. Subsequently, with the data obtained, a dimensionality reduction of the
features is performed out based on Random Forest. Finally, 3 different classifiers are
implemented, based on K-NN, SVM and ANN.

The development of the classifier has followed the next methodology. The
first step is the selection of the activities to be classified, which are walk, walk
faster, going up stairs, going down stairs and standing still. A series of ex-
periments to simulate these activities have been performed, in which is used an
ADW while the innovative Sensorized Tip is incorporated. The second step con-
sists in dividing the data obtained from the tests into windows that represent the
cycles, and for each window a series of features are obtained that will be used
to create the classifier. The third step is to perform a dimensionality reduction
from the features obtained using Random Forest, in order to select the most
important features to be able to realize the Physical Activity classification. The
last step is the development of the classifier based on ML. In this case, 3 differ-
ent methodologies have been implemented to perform the classification: K-NN,
SVM and ANN. The results obtained between the 3 classification methodologies
used are compared. It is shown that the dimensionality reduction obtained by
RF is adequate. Furthermore, using the 7 most important features, according
to the RF, a success rate of more than 96% is achieved in the case of SVM and
ANN.

Therefore, it is concluded that a Physical Activity classifier has been de-
signed based on the designed Sensorized Tip, using Machine Learning,
capable of differentiating between the 5 defined different activities.

Finally, the third contribution of the doctoral thesis focuses on the design of an
intelligent fall detector based on the designed Sensorized Tip. This fall detector is
based on SVM, and detects when the user falls with the sensorized ADW falls
with the ADW or when the ADW falls without anyone. Experimental series of
tests have been carried out, from which data have been obtained and adapted. From
these data, a series of features have been obtained and their dimensionality has been
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reduced. Finally, the innovative fall detector has been implemented in two modules
based on Machine Learning.

The new fall detector has followed the next methodology. First, experiments
have been designed to simulate a series of falls and physical activities while using
the developed Sensorized Tip incorporated into a Assistive Device for Walking.
Secondly, the design of the architecture based on Machine Learning, consisting
on a two-serial-module detector. The first one detects when the ADW has fallen
and in case of a fall. The second module detects whether the ADW has fallen
with or without the user, i.e., detects false positives. Both modules consist of
an SVM-based detector, for the design of which the same methodology followed
in the Physical Activity classifier has been used. Finally, a comparison of the
results obtained with a fall detector based on wearable sensors has been carried
out. Results above 0.99 F-Score have been achieved for the first module. On
the other hand, results of 0.96 F-Score were achieved.

Therefore, it can be concluded that a fall detector has been designed
based on the developed Sensorized Tip, capable of detecting when the ADW
has fallen with or without the user.

4.1 Contributions: publications

The contributions described in this doctoral thesis have given rise to a set of results
that have been published in journals with an impact index and presented at interna-
tional conferences of recognised prestige in the field of research. The work carried
out has given rise to the following publications.

Papers in JCR Journals (used as a compendium of papers):

• Asier Brull, Asier Zubizarreta, Itziar Cabanes, and Ana Rodriguez-Larrad. Sen-
sorized Tip for Monitoring People with Multiple Sclerosis that Require Assistive
Devices for Walking. Sensors, 20(15):4329, aug 2020.

doi: https://doi.org/10.3390/s20154329 JCR2020: 3.576 (Q1)

Appendix 1

• Asier Brull Mesanza, Sergio Lucas, Asier Zubizarreta, Itziar Cabanes, Eva
Portillo, and Ana Rodriguez-Larrad. A Machine Learning Approach to Per-
form Physical Activity Classification Using a Sensorized Crutch Tip.IEEE Ac-
cess,8:210023–210034, 2020.

doi: https://doi.org/10.1109/ACCESS.2020.3039885 JCR2020: 3.367 (Q2)

Appendix 2

• Asier Brull Mesanza, Ilaria D’Ascanio, Asier Zubizarreta, Luca Palmerini, Lorenzo
Chiari, and Itziar Cabanes. Machine Learning based Fall Detector with a Sen-
sorized Tip. IEEE Access, pages 1–1, dec 2021.

doi: https://doi.org/10.1109/ACCESS.2021.3132656 JCR2020: 3.367 (Q2)
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Appendix 3

Papers published in Springer Books proceedings from International Confer-
ences:

• Asier Brull, Aitor Gorrotxategi, Asier Zubizarreta, Itziar Cabanes, and Ana
Rodriguez-Larrad. Classification of Daily Activities Using an Intelligent Tip for
Crutches. Advances in Intelligent Systems and Computing, 1093 AISC:405–416,
nov 2019.

doi: https://doi.org/10.1007/978-3-030-36150-1_33

• Asier Brull, Asier Zubizarreta, Itziar Cabanes, Jon Torres-Unda, and Ana Rodriguez-
Larrad. A Smart Crutch Tip for Monitoring the Activities of Daily Living Based
on a Novel Neural-Network Intelligent Classifier. pages 113–122. Springer,
Cham, sep 2021.

doi: 10.1007/978-3-030-57802-2_11

• Asier Brull, Sergio Lucas, A. Zubizarreta, Eva Portillo, and Itziar Cabanes. A
Random Forest Based Methodology for the Development of an Intelligent Clas-
sifier of Physical Activities. Biosystems and Biorobotics, 28:85–89, oct2020.

doi: https://doi.org/10.1007/978-3-030-70316-5_14

4.2 Future Works

The work carried out throughout this doctoral thesis has made it possible to detect
a series of lines of interest for future research work:

• In this doctoral thesis a Sensorized Tip, suitable for Physical Activity monitoring
and fall detection, has been presented. However, both the mechanical structure
and the electronics can be modified to embed the battery in the tip, in order to
make it more comfortable to use. In addition, self-developed sensors could be
used instead of the commercial sensors that have been integrated, thus reducing
the dimensions of the system.

• In order to implement this innovative Sensorized Tip in more complex ADWs,
such as a walker, it would be desirable to develop the communication system
to synchronize gait monitoring using two Sensorized Tips.

• In the doctoral thesis a PA classifier has been presented that is able to differen-
tiate between 5 different activities. However, many more physical activities can
be found throughout daily life. In this situation, it would be appropriate to be
able to increase the physical activities that the classifier is able to differentiate.
In order to be able to do this, it would be necessary to carry out an analysis
of what these new physical activities to classify are, as well as designing some
experiments and regenerating the classifier.
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• The implementation of the Sensorized Tip in clinical rehabilitation environments
would be appropriate. In this way, it would be possible to obtain feedback
from professionals on the quantified daily activity information provided by the
developed system.

• In order to improve the developed fall detector, a larger set of physical activities
and falls could be simulated in order to collect as many cases as possible where
falls can be detected. In order to do this, a set of experiments would have to be
re-designed in which the new cases to be studied would be collected, in addition
to generating again the detector.

• In order to improve the classifier and the fall detector, these could be imple-
mented in real time in the data acquisition system. Additionally, to be able
to store the data in the cloud. In this way to be able to report the Physical
Activity performed at the moment and to be able to inform in case of a fall to
the healthcare staff. Leading to a digitalisation of the health care.

74







JARDUERA FISIKOA SAILKATU
ETA ERORIKOAK

DETEKTATZEKO PUNTA
SENTSORIZATU BATEN

GARAPENA

ASIER BRULL MESANZA
Doktorego Tesia - 2022

Zuzendariak Itziar Cabanes eta Asier Zubizarreta
Sistemen Ingeniaritza eta Automatika Saila





Contents/Aurkibidea

Acknowledgements/Eskerrak e

Abstract g

Laburpena i

Resumen k

Acronyms/Akronimoak m

ENGLISH I

1 Motivation and goals 1
1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.2 Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
1.3 Structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2 Physical Activities and Fall Detection: state of the art 7
2.1 Methodologies for the detection of physical activities . . . . . . . . . 8

2.1.1 Sensor elements of sensorized Assistive Device for Walking
(ADW) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2.1.2 Sensors position . . . . . . . . . . . . . . . . . . . . . . . . . 14
2.1.3 Data acquisition and communication systems . . . . . . . . . 15

2.2 Methodologies for the classification of physical activities . . . . . . . 16
2.2.1 Segmentation and processing of physical activity monitoring

data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
2.2.2 Classification of physical activity monitoring data . . . . . . . 21

2.3 Methodologies for the falls detection . . . . . . . . . . . . . . . . . . 28
2.3.1 Sensing elements for fall detection . . . . . . . . . . . . . . . 28
2.3.2 Data processing for fall detection . . . . . . . . . . . . . . . . 32

a



2.4 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

3 Sensorized Tip for Physical Activities Classification and Fall Detection 37
3.1 Sensorized Tip for ADW . . . . . . . . . . . . . . . . . . . . . . . . 37

3.1.1 Sensorized Tip prototype . . . . . . . . . . . . . . . . . . . . 38
3.1.2 Characterization of the measurement errors . . . . . . . . . . 40
3.1.3 Estimation of the Orientation of the Device . . . . . . . . . . 44
3.1.4 New version of the Sensorized Tip . . . . . . . . . . . . . . . 46
3.1.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

3.2 Physical Activity classificator . . . . . . . . . . . . . . . . . . . . . . 49
3.2.1 Data capture test . . . . . . . . . . . . . . . . . . . . . . . . 49
3.2.2 Data Segmentation . . . . . . . . . . . . . . . . . . . . . . . 49
3.2.3 Machine Learning-based PA classifier design methodology . . . 50
3.2.4 Comparative Analysis . . . . . . . . . . . . . . . . . . . . . . 56
3.2.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

3.3 Fall Detector . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59
3.3.1 Experimental Protocol and Dataset Generation . . . . . . . . 60
3.3.2 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . 62
3.3.3 Results and Comparative Analysis . . . . . . . . . . . . . . . . 65
3.3.4 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

4 Conclusions 69
4.1 Contributions: publications . . . . . . . . . . . . . . . . . . . . . . . 72
4.2 Future Works . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

EUSKARA I

1 Motibazioa eta helburuak 1
1.1 Motibazioa . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.2 Helburuak . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
1.3 Egitura . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2 Jarduera Fisikoak Detektatzea: artearen egoera 7
2.1 Jarduera fisikoa detektatzeko metodologiak . . . . . . . . . . . . . . 8

2.1.1 Ibiltzeko Laguntza Gailu (ILG) sentsorizatuen sentsoreak . . . 9
2.1.2 Sentsoreen posizioa . . . . . . . . . . . . . . . . . . . . . . . 14
2.1.3 Datuak irakurri eta komunikatzeko sistemak . . . . . . . . . . 15

2.2 Jarduera fisikoak sailkatzeko metodologiak . . . . . . . . . . . . . . . 16
2.2.1 Jarduera fisikoaren jarraipenari buruzko datuen segmentazioa

eta tratamendua . . . . . . . . . . . . . . . . . . . . . . . . . 16
2.2.2 Jarduera fisikoaren jarraipenari buruzko datuen sailkapena . . . 21

2.3 Erorikoak detektatzeko metodologiak . . . . . . . . . . . . . . . . . . 28
2.3.1 Erorikoak detektatzeko sentsoreak . . . . . . . . . . . . . . . 28
2.3.2 Erorikoak detektatzeko datuen prozesamendua . . . . . . . . . 31

b



2.4 Ondorioak . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

3 Jarduera fisikoa sailkatu eta erorikoak detektatzeko Punta sentsorizatua 37
3.1 Ibiltzeko Laguntza Gailurako Punta sentsorizatua . . . . . . . . . . . 37

3.1.1 Punta sentsorizatuaren prototipoa . . . . . . . . . . . . . . . 38
3.1.2 Neurketa-erroreen karakterizazioa . . . . . . . . . . . . . . . . 40
3.1.3 Gailuaren orientazioaren estimazioa . . . . . . . . . . . . . . . 43
3.1.4 Punta sentsorizatuaren bertsio berria . . . . . . . . . . . . . . 46
3.1.5 Ondorioak . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

3.2 Jarduera fisikoaren sailkatzailea . . . . . . . . . . . . . . . . . . . . . 49
3.2.1 Datuak atzemateko entseguak . . . . . . . . . . . . . . . . . 49
3.2.2 Datuen segmentazioa . . . . . . . . . . . . . . . . . . . . . . 49
3.2.3 Ikaskuntza automatikoan oinarritutako JFkoaren sailkatzaileak

diseinatzeko metodologia . . . . . . . . . . . . . . . . . . . . 51
3.2.4 Analisi konparatiboa . . . . . . . . . . . . . . . . . . . . . . . 56
3.2.5 Ondorioak . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

3.3 Erorikoen detektagailua . . . . . . . . . . . . . . . . . . . . . . . . . 59
3.3.1 Protokolo esperimentala eta datuak atzematea . . . . . . . . 60
3.3.2 Metodologia . . . . . . . . . . . . . . . . . . . . . . . . . . . 62
3.3.3 Emaitzak eta analisi konparatiboa . . . . . . . . . . . . . . . . 65
3.3.4 Ondorioak . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

4 Ondorioak 69
4.1 Ekarpenak: argitalpenak . . . . . . . . . . . . . . . . . . . . . . . . . 72
4.2 Etorkizuneko lanak . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

List of Tables/Taulen Zerrenda i

List of Figures/Irudien Zerrenda iii

Bibliography/Bibliografia vii

Appendix 1/1. eranskina xxxi

Appendix 2/2. eranskina liii

Appendix 3/3. eranskina lxvii

c







1 Motibazioa eta helburuak

Doktorego tesi hau Asier Brull Mesanzak garatu du Euskal Herriko Unibertsita-
tea/Universidad del País Vasco (UPV/EHU)ko Kontrol Ingeniaritza, Automatizazioa
eta Robotika Doktorego programan, eta Itziar Cabanes Axpe eta Asier Zubizarreta
Pico doktoreek gainbegiratu dute.

Doktorego tesian aurkezten den ikerketa Euskal Herriko Unibertsitatea/Universi-
dad del País Vasco (UPV/EHU)ko Bilboko Ingeniaritza Eskolako Sistemen Ingeniari-
tza eta Automatika saileko Virtual Sensorization (ViSens) Ikerketa Talderaen barnean
garatu da. Ikerketa hau, Euskal Herriko Unibertsitatea/Universidad del País Vasco
(UPV/EHU) ko PIF18/067 euskarri ekonomikoari esker eraman da aurrera.

Doktorego tesi hau, artikuluen bildumaren bidez aurkezten da. Zehazki, JCR-en
indexatutako zientzia aipamen altua duten aldizkarietan publikatutako hiru artikulu
aurkezten dira: Sensorized Tip for Monitoring People with Multiple Sclerosis that
Require Assistive Devices for Walking (1. eranskinean [28]), A Machine Learning
Approach to Perform Physical Activity Classification Using a Sensorized Crutch
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Tip (2. eranskinean [126]) eta Machine Learning based Fall Detector with a
Sensorized Tip (3. eranskinean [125]).

1.1 Motibazioa

Munduko Osasun Erakundea (MOE)ren arabera, lesio edo gaixotasun bat jasan on-
doren errehabilitazioak garrantzi handia du pertsonen osaera prozesuan [140, 78, 59].
Mundu osoan, 2,4 milioi pertsona inguruk, errehabilitazioa behar duen osasun ara-
zoren bat pairatzen dute [1]. Errehabilitazio premia handiena duten gaixotasunen
artean, muskulo-eskeletoaren nahasmenduak nabarmentzen dira, gaur egun, 1,7 mila
milioi pertsonek jasaten dute [41]. Azken 37 urteetan, pertsona hauek desgaitasu-
na jasaten duten urteen kopurua %66,2 hasi da [86]. Eta logikoa denez, desgaita-
sun denbora luzatzeak, errehabilitazio fisikoaren beharra handiagotzen du. Gainera,
errehabilitazio behar hori oraindik eta gehiago areagotzen da populazioaren bilakae-
raren ondorioz [78], izan ere, gero eta pertsona gehiagok dute funtzionamenduaren
narriadura, eta, horren ondorioz, errehabilitazio egokia behar dute. Bestalde, adine-
ko pertsonek erortzeko joera handiagoa dute, errehabilitazioa behar duen lesio bat
jasateko probabilitatea handituz [48].

Bizi kalitatea eta autonomia izateko faktore nagusietako bat beheko gorputz-
adarretan mugikortasun ona edukitzea da. Beharrezkoa den kasuetan, oso garrantzi-
tsua da mugikortasun hau berreskuratzeko errehabilitazio egoki bat egitea. Bestalde,
gaixotasun neurologikoek edo trauma lesioek, beheko gorputz-adarretan higidura gal-
tzea eragin dezakete, hauek pairatzen dituztenen bizitza pertsonala mugatuz. Egoera
honen aurrean, paziente bakoitzarentzako errehabilitazio-estrategia bat diseinatzera-
ko orduan, gorputzeko atal garrantzitsu honen funtzioen berreskuratze partziala edo
osoa lortzen saiatzea da helburu nagusietako bat da [63, 48, 82]. Mugikortasunean
eragina duten eta errehabilitazio egokia behar duten gaixotasun neurologiko horien
artean Esklerosis Anizkuna nabarmentzen da, 2,3 milioi pertsonari eragiten baitio,
eragin sozial eta ekonomiko handia sortuz [60].

Errehabilitazio interbentzioak ahalik eta eraginkorrenak izateko, pazienteen ezau-
garri indibidualera egokitu behar dira [101]. Gainera, ikerketa desberdinek erakutsi
dute nola errehabilitazioa etxean egiteak eraginkortasuna lagungarria izan daitekeela
pertsona bakoitzaren beharretara eta denboretara egokitzeko, errehabilitazioaren era-
ginkortasuna hobetuz [96, 184]. Gaixoaren egoera partikularrera egokitutako erreha-
bilitazio prozesu honek azkarrago hobetzen lagun dezake, egindako ariketak pazien-
tearen egoeraren araberakoak baitira. Terapiaren indibidualizazio hau pazientearen
egoera partikularraren araberakoa da, pazientearen eguneroko jarduerak egiteko gai-
tasunarekin lotura zuzena duena [43]. Adibidez, egunero kilometro pare bat egiteko
gai den paziente aktiboago batek horrelako jarduerarik egiten ez duenaren premia
desberdinak izango ditu. Beraz, egunean zehar egindako Jarduera Fisikoa (JF) modu
objektiboan kuantifikatzea tresna baliotsua izan daiteke terapia-plangintza eragin-
korra egiteko. Kuantifikazioa honek, pazientearen beharrizan funtzionalei hobekien
egokitzen zaien gailu lagungarria hautatzea ere ahalbidera dezake. Gaixoak bere kasa
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ibiltzeko gaitasuna galdu badu, gurpildun aulkia edo scooterra erabiltzea da aukerarik
onena, baina ibiltzeko gai den bitartean makuluak edo kanaberak erabiltzea da go-
mendagarriena. Horregatik, terapeutak pazientearen egoera aldizka egiaztatu behar
du, errehabilitazio prozesua eta gainerako beharrizanak bere egoerara moldatuz.

Gaixoaren egoera une oro indibidualizatu ahal izateko, ezin bestekoa da, pertsona-
ren egoera ulertzen lagun dezakeen etengabeko ebaluazio klinikoa egitea. Egiaztapen
hau, establezimendu klinikoetan egindako proben bidez bildutako datuak erabiliz egi-
ten da, normalean oso kontrolatuta daudenak. Maiz, ezarpen kliniko horiek ez dituzte
kontuan hartzen egunerokoan gerta daitezkeen aldagaiak, ondorioz, ebaluazioak ez
du islatzen pazienteak errealitatean duen egoera. Arrazoi honengatik, pazienteek
egunean zehar gauzatutako Jarduera Fisikoa (JF) motak kontrolatzea gero eta ga-
rrantzitsuagoa da pazienteen ebaluazio funtzionalean, JF honela definitzen delarik:
"Energia gastuetan sortzen diren muskulu eskeletikoek eragindako edozein gorputz-
mugimendu"[31]. JFren ikuskapen honek pertsonaren autonomia-maila ezagutzea
eta bere ebaluazio kliniko egokiagoa egitea ahalbidera dezake [90]. Gainera, pertso-
naren egoera orokorra zein den ezagutzen lagun dezakeen informazio garrantzitsua lor
daiteke mugitzeko moduari edo indarrari buruz. Osasunerako onurak ditu, eta, gai-
nera, gaixotasun ez-kutsakorrak prebenitzen laguntzen du [176, 22]. Bestalde, JFren
ikuskapenetik bildutako informazioaren bidez, aldian behingo proben emaitzak inter-
pretatu ahal izango dira, horrela, pertsonaren osatze-prozesuari laguntzeko gomendio
indibidualizatuak eta feedback-a egitea ahalbideratuz [19]. Hau ez da posible ohiko
ebaluazio klinikoaren bidez, pazientearen momentu bateko egoera bakarrik ezagutzen
baita [11, 151].

JFren etengabeko kontrolaren arazo nagusietako bat, terapeutak ezin egin ahal
izatea da, ezinezkoa baita terapeutak gaixoari etengabe jarraitzea. Tradizionalki, indi-
bidualizazio hori azterketa puntualen bidez egin da, eta tresna tradizional gehienek ez
dute JF ebaluatzen eguneroko bizitzan zehar [84]. Gainera, errenta ertaineko estatu
askotan, errehabilitaziorako gaitasuna duten 10 profesional baino gutxiago daude mi-
lioi biztanleko [1], indibidualtasuna zailduz. Hori dela eta, sentsore-teknologiaren alo-
rrean egin diren aurrerapenei esker, gaur egun, zaintza hau, sentsoreen bitartez egiten
hasi da, sentsoreak pazientearen eguneroko bizitzan txertatuz [174, 55]. Eguneroko
bizitza sentsorizatzeari esker, pazienteen ibilera behatu ahal izango da, ezagutza hau,
banakako errehabilitazioaren diseinuan faktore garrantzitsua delarik. Halaber, erabil-
tzaileak une oro zein egoera funtzional duen jakin daiteke, errehabilitazioaren indibi-
dualizazio hobetuz. Sentsore hauen erabilerak datu kuantitatiboagoak eman ditzake,
mugimenduari, indarrari eta abarri buruzko datuak eskainiz. Informazio kuantitatibo
honek pazientearen egoera une oro hobeto ulertzeko aukera ematen die errehabilita-
zioko langileei, egoera horretara moldatzea ahalbidetuz.

JFren ikuskapena mota askotako sentsoreak erabiliz egiten da, sentsore hauek,
jarduera desberdinak egiten direla jakiteko datu multzo bat ematen baitute. Sentsore
ezberdinak erabiltzeak, haiek nahastuz, JF detektatzeko aldagai esanguratsu ezberdi-
nak lortzeko gaitasuna ematen du, horrela gauzatzen ari den jardueraren deskribapen
zehatzagoa lortuz.

Zaintza kasuistikoaren barruan, Ibiltzeko Laguntza Gailua (ILG), hala nola bas-
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toiak edo makuluak, behar dituzten pazienteen zaintzan zentratutako soluzio multzo
bat dago. Sentsoreek gaixoaren egoera kuantifikatzeko duten potentzialtasuna eta
elementu desberdinetan txertatzeko gaitasunari esker, eguneroko laguntza gailuetan
integratzeko interesa nabarmen hasi da. ILG bat behar dutenek etengabe mugitzen
dira harekin, eta horrek erraztu egiten du eguneko aurrerapenei buruzko informa-
zioa lortzea. Eremu honetan, bastoiak edo makuluak sentsorizatzea proposatu dute
azterlan batzuek [25].

Hala ere, oraindik, ez da nahikoa sakondu, jarduera fisikoak identifikatzeko eta,
horrela, errehabilitazioan hobetzeko, ILGk sentsore eramangarri gisa erabiltzea. Ele-
mentu horien erabilera interesgarria da zeregin horietarako; izan ere, ILG sentsori-
zatuak erabiltzeak abantaila nabarmenak ditu gorputzean sentsore jantziak sartzeari
edo sentsoreak kameren antzera erabiltzeari dagokionez. Lehenik eta behin, sentsore
horiek ez dute zarata parasitorik izango, gune zurrunetan jarriko baitira. Bigarre-
nik, ILGan finko jarri daitezke, ez baitira jantzi eta erantsi behar, horrela sentsoreen
posizionamendua beti egokia izatea bermatuz. Azkenik, gorputzari erantsita ez doa-
zenez, sentsoreek eta eskuratze-sistemek ez dute eragozpenik sortzen erabiltzailearen
mugimenduan.

Banakoaren Sensorizazioak bi abantaila nagusi ditu. Alde batetik, Jarduera Fisikoa
kontrolatzeko erabil daiteke, horrela pertsonen errehabilitazio indibidualizatuan lagun-
duz. Bestalde, erorketa detektatzeko sistema gisa erabil daiteke, erorikoak ekidinez
eta errehabilitazioa behar dezaketen lesioak saihestuz.

Gorago esan bezala, jendea zahartu ahala, gero eta gehiago erortzen da. Per-
tsona heldu bat erortzeak edo arazo fisikoren bat izateak eragin handia izan dezake
pertsona hori pairatzen duenarengan [143, 73]. Erorketaren kasuan ekintza azkarra
funtsezkoa da, batez ere bakarrik bizi diren pertsonentzat, zenbat eta beranduago
erreakzionatu gertakariari, orduan eta handiagoa da erikortasuna edo hilkortasun tasa
[74, 192]. Horrek errehabilitazio beharra areagotu dezake, osasun arloko langileek
errehabilitazioa gauzatzeko beharra areagotuz.

MOEren arabera [199, 164], 64 urtetik gorako biztanleen %28k gutxienez erorke-
ta bat jasaten du urtean. Gainera, kontutan eduki behar da, talde hau, eroriko baten
ondorioak jasateko talde sentiberenen artean dagoela. Ikerketa desberdinen arabera,
erorikoak, lesio fisikoak eragin ditzake jasandako pertsonen %6an [179, 172], eta ho-
rietatik %14k zauri larriak izan ditzake [175]. Bestalde, erorketa batek ere ondorioak
izan ditzake adineko pertsonen funtzionamenduan [172], %15 murrizten baitu etxetik
kanpoko gizarte-jarduera.

Arrazoi hauengatik, oso garrantzitsuak dira bai erorketen prebentzioa, bai detekzio
goiztiarra, bai ekintza. Hala ere, sarritan ezinezkoa da erorikoa gertatzen denean
bizkor jokatzea. Kasu batzuetan, erorketak kontzientzia galtzea edo desorientazioa
ekar dezake, hori ezinezko bihurtuz. Gainera, jende asko bakarrik egoten da erortzen
den unean, eta ezin die inork lagundu. Bestalde, frogatuta dago ILGak erabiltzeak
mugikortasun arazoak dituzten pertsonen erorketa kopurua murriztu dezakeela [116].
ILGren erabilerak erortzeak murrizten baditu ere, pertsona hauek oraindik mugitzeko
zailtasunak dituzte, eta gainerako pertsonek baino erortzeko joera handiagoa dute
[158].
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Arrazoi hauengatik, beharrezkoa da erorketa bat atzeman eta horren arabera joka
dezaketen irtenbide egokiak bilatzea. Honen aurrean, eguneroko bizitzan txertatutako
sentsoreak gero eta gehiago erabiltzen ari dira, Adimen Artifiziala (AA)n oinarritutako
metodologiekin batera, erorketaren bat gertatu den detektatzeko. Modu honetan,
abisu goiztiarrak eman eta ekintza azkarrak har daitezke, horrela errehabilitaziora
bideratutako ondorio posibleak saihestuz.

Eguneroko bizitzan ILG bat erabiltzen duten pertsonen erorketak detektatzea ez
da asko sakondutako eremu bat. Hala ere, ikertzeko arlo garrantzitsu bat dela ikusten
da, ILG bat behar dutenek berrerortzeko aukera handiagoa izan ohi baitute.

Aipatu moduan, sentsoreek Jarduera Fisikoa kuantifikatu eta errehabilitazioaren
indibidualizazioan laguntzeaz gainera, erorketen detekzio goiztiarra ahalbidera deza-
kete. Gainera, beste sentsore mota batzuekin konparatuz, Ibiltzeko Laguntza Gailua
elementu sentsore gisa erabiltzearen abantailak kontuan hartu behar dira. Arrazoi
hauengatik, doktoretza tesi honek ILGra egokitzeko gai den sentsore-punta bat ga-
ratzea proposatzen du. Dispositibo honek, Machine Learning (ML) teknikak erabiliz,
pazienteen JF ezagutu eta erorketak detektatzea ahalbideratuko du.

Laburbilduz, errehabilitazioa indibidualizatzea faktore garrantzitsua da pa-
zienteen errehabilitazio prozesua hobetzeko. Indibidualizazio hau, Jarduera Fi-
sikoa kontrolatuz lor daiteke, fisioterapeutei pazientearen bilakaera ebaluatze-
ko aukera emanez, errehabilitazio espezifikoko errutina sortzeko, hau lortzeko
sentsoreak erabiltzea aukerarik onena delarik. Gaur egun, naiz eta desabantai-
la nabarmenak izan, horretarako erabiltzen diren sentsoreak sentsore jantziak
izan ohi dira. Honen aurrean ikusten da, ILGn sentsoreak erabiltzeak sentso-
re jantziek aurkezten dituzten arazo asko ezaba ditzakeela. Ikuskapen honek
pertsona baten eguneroko jardueraren ulermena eman dezake, baita gerta litez-
keen erorketak detektatu eta ohartarazi, horrela erabiltzaileen bizitza hobetzen
lagunduz.

1.2 Helburuak

Lehen aipatu den bezala, pertsonek egunean zehar egiten duten Jarduera Fisikoaren
ikuskapenak errehabilitazio prozesua hobetu dezake. Horretarako, egunean zehar egi-
ten den jarduera detektatzen duten sentsore eroso eta ez-inbaditzaileen multzo bat
behar da. Beraz, tesi honen helburu nagusia Jarduera Fisikoa kuantifikatzeko eta
erorketak detektatzeko gai den sentsore-sistema adimentsu bat diseinatzea da.

Helburu orokor hori azpihelburu hauetan banatzen da:

• Ibiltzeko Laguntza Gailua (ILG) ezberdinetara egokitzen de punta sentso-
rizatu bat diseinatu. Gorago aipatu denez, pazientearen datuak eman ditza-
keen sentsore multzo bat erabiltzea funtsezkoa da Jarduera Fisikoa kontrola-
tzeko. Horregatik, zeregin hori burutzeko proposatu diren metodoak analizatu
ondoren, ILGren puntan sartutako sentsore-sistema bat diseinatu behar da, en-
barazurik egin gabe egindako mugimenduak detekta ditzakeena. Gainera, punta
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sentsorizatu hau trukagarria da, beraz, ILGz alda daiteke inolako konplexutasu-
nik gabe.

• Punta sentsorizatuaren neurketetan oinarrituz Jarduera Fisikoa (JF) sail-
katzeko sistema diseinatu. Datuak neurtzeko gai den sistema garatu ondoren,
Jarduera Fisikoa behar bezala ikuskatu ahal izateko, jarduera horiek detektatze-
ko gai den sailkapen-tresna bat diseinatu behar da. Hau da, ILG erabiltzean
egiten diren oinarrizko jarduera fisikoen artean ezberdintzeko gai den sistema
bat diseinua behar da. Helburu hau lortzeko, Machine Learningren oinarritutako
sailkapena aztertuko da, Jarduera Fisikoaren beste sailkapen sistema batzuetan
arrakastaz erabili baita.

• Punta sentsorizatuaren neurketetan oinarrituz erorketa detektagailu bat
diseinatu. Pertsonen bizi kalitatea hobetzeko, errehabilitazioa indibidualizatzea
bezain garrantzitsua da erorketen aurrean azkar erreakzionatzea. Horregatik,
JF detektatzeko sentsoreen erabilera aprobetxatuz, erorketak detektatzeko gai
den sistema bat sortu da.

1.3 Egitura

Gainerako lana honela antolatuta dago: 2. kapituluak jarduera fisikoa sailkatzeko eta
erorikoak detektatzeko teknologia eta gailuen azterketa aurkezten du; tesia artiku-
luen bildumen bidez aurkeztu denez, 3. kapituluak artikuluen laburpena aurkezten
du (1. eranskina [28], 2. eranskina [126] eta 3. eranskina [125]); horietan Pun-
ta sentsorizatu bat diseinatu eta garatzen da, eta Jarduera Fisikoaren sailkatzaile
bat eta erorikoen detektagailu bat sortzen da, Machine Learning teknikak eta Punta
sentsorizatuak ematen dituen datuak erabiliz; azkenik, ondorio garrantzitsuenak, 3.
kapituluan aurkezten dira.
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2 Jarduera Fisikoak Detektatzea:
artearen egoera

Helburu nagusia ILG erabiltzaileen jarduera fisikoak sailkatzeko gai den punta sen-
tsorizatu bat garatzea denez, ezinbestekoa da erabilitako sentsore-sistemak eta haien
ezaugarriak eta jarduera fisikoak sailkatzeko eta erorketak detektatzeko erabiltzen
diren teknikak ezagutzea.

Arrazoi honegatik, 2.1. kapituluak ILGn erabiltzen diren sentsore-elementuen sa-
rrera bat aurkezten du. Ondoren, 2.2. kapituluan, jarduera fisikoen sailkapena egiteko
erabiltzen diren sistemak eta metodologiak aztertzen dira. 2.3. kapitulua erorketak
detektatzeko erabiltzen diren sistemen eta metodoen analisiari eskainia dago. Azke-
nik, 2.4. kapituluak artearen egoeraren ideia nagusiak laburbildu eta ondorio garran-
tzitsuenak azaleratzen ditu.
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Kapitulua 2. Jarduera Fisikoak Detektatzea: artearen egoera

2.1 Jarduera fisikoa detektatzeko metodologiak

Pertsonen jarduera fisikoa detektatzeko erabiltzen diren sentsoreak mota askotarikoak
dira [55]. Zuzenean aktibitate hau detektatzen duten sistemak aurki daitezke. Baina
beste batzuek, beste helburu batzuetako sortutako sentsoreen gaitasunak aprobetxa-
tzen dituzte lan hau egiteko.

Datuen irakurketa eta bilaketari dagokienez, irtenbide teknologiko desberdinak
proposatu dira [155]. Teknologia hauen erabilerari esker, posible da pertsonaren mu-
gimendua, indarra edo eguneroko jarduera ezberdinak identifikatzen laguntzen duten
beste parametro batzuk ezagutzea.

Jarduera fisikoa detektatzeko, ikusmenean oinarritutako hainbat sistema aurkitu
dira [178, 5, 147]. Hainbat autorek kameretan oinarritutako gailuak erabiltzea pro-
posatu dute. Horien artean, pertsona baten ibilera ezagutzea ahalbideratzen duten
Kinect kamerak dira erabilienak [81]. Beste batzuk, egunero bizitzeko jarduerak eza-
gutzeko gai dira, gela sentsorizatuen bidez [64]. Sistema mota hauek emaitza onak
lortu dituzten arren jarduera fisiko ezberdinak sailkatzean, arazoak sor ditzakete ka-
su batzuetan pribatutasuna hausteagatik [21]. Gainera, normalean, ez dira kontrolik
gabeko ingurunetan JF detektatzeko gai, ingurunean gertatzen diren aldaketen ondo-
rioz interkonexio asko sor baitezakete. Bestalde, eginkizun bererako erabil daitezkeen
beste sistemak baino garestiagoak dira.

Gaur egun, erabiltzen diren teknologia ezberdinen artean, ezagunenak gailu era-
mangarriak dira, hau da, gaixoaren gorputzera lotzen diren gailuak. Hauek, neur-
tu nahi den puntuan kokatu behar dira eta erabilienak Inertial Measurement Unit
(IMU) dira [194, 70]. Gailu hauek mugimendua neurtzen dute, adibidez IMU erabiliz,
[191, 72, 12, 16, 166, 127, 76, 190, 9, 187, 91, 110, 66, 118, 186, 139, 149, 188, 58]
(ikusi 2.1. irudia). Gailu mota honek azelerazioa eta/edo abiadura adierazten du,
uneoro egindako jarduera fisikoaren informazio eskainiz.

Irudia 2.1: IMU sentsorea (eskuina) eta gorputzean posizionamendua (ezkerra) [127].
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2.1. Jarduera fisikoa detektatzeko metodologiak

Gailu eramangarri guztiak ez dira IMUn oinarritzen, horien barruan aurki daitezke
jarduera fisikoaren datuak atzematen dituzten Electromyography (EMG) [133, 178]
bezalako seinale biomedikoak neurtzen dituzten gailuak ere. Seinale mota honek
aldaketa txikiak hautematen ditu giharren aktibitate elektrikoan, honela muskulu jakin
baten mugimendua lortuz eta pertsonaren jarduera ezagutuz.

Soluzio horiek, gorputz-adarretan zuzen kokatzea eta mugatzea eskatzen dute
ondo funtzionatzeko, eta honek, pazienteak hauek erabiltzera ukatzera eraman de-
zake. Desabantaila hauek murrizteko, smartwatch-etako eta telefono mugikorretako
sentsore integratuen erabilera proposatu da [4, 117, 106, 85, 120, 95]. Azken gailu
horiek ez dute kokapen espezifikorik izan behar, baina, kokatzeko malgutasun hori
eta mugimendu parasitoek sartutako aldagarritasuna kontuan hartu behar dira datuak
prozesatzerakoan.

Aplikatutako indarra irakurtzen duten elementuen erabilera gero eta ohikoagoa da
jarduera fisikoa detektatzeko orduan. Horien artean, ibilera mota ezberdinak detek-
tatzeko gai diren sentsore-matrizeetan oinarritutakoak daude [150]. Beste batzuek
erresistentziak erabiltzen dituzte helburu bererako [200]. Alde batetik, elementu ho-
riek une bakoitzean aplikatutako indarra neurtzeko aukera ematen dute, eta horrek
pisu-kargaren banaketa ezagutzea ahalbidetzen du. Bestalde, elementu horiek mugi-
tzeko zailak diren zeren eta espazio operatibo mugatua duten alfonbrak izaten dira.

Jarduera fisikoa antzemateko aipatutako gailu horien artean, hainbat tresna ko-
mertzial daude merkatuan, hala nola XSens [170], BioStampRC [173], Tracmor [76],
FlexiForce [130] edo BioCapture [178].

Amaitzeko, nahiz eta lehen aipatutako gailu guztiak gai izan JFren sailkapena-
ri irtenbidea emateko, guztiak ez dira egokiak egun osoko jarduera detektatzeko.
Horietako batzuek ezin dute egun osoan aktibitatea antzeman eta ez dira egokiak
kontrolik gabeko eremuetan erabiltzeko. Beste batzuk, hala nola sentsore eramanga-
rriak, datuak behar bezala neurtu ahal izateko kokatu beharreko eremuaren arabera,
gogaikarriak izan daitezke. Arrazoi hauegatik, JF detektatzeko konponbiderik one-
netakoa ibiltzeko laguntza gailu sentsorizatuak erabiltzea izan daiteke. Hauek behar
dituztenek egun osoan erabiliko dituzte, gainera ez dira deserosoak eta ez dute behar
etengabeko egokitasunik.

2.1.1 Ibiltzeko Laguntza Gailu (ILG) sentsorizatuen sentsoreak

Ibiltzeko Laguntza Gailua (ILG)k, giza gorputzaren mugimenduari laguntza ematen
dioten gailuak dira. Haien xedea, erabiltzailea zutik egotea eta mugitzeko gai izatea
da. Gailu hauek mota ezberdinetan sailka daitezke: makuluak, multipodaleko kanak
edo kanoak.

Azken urteetan, Ibiltzeko Laguntza Gailua (ILG) sentsorizatuei lotutako argital-
penen kopurua nabarmen hazi da (ikusi 2.1. taula). Gehienek eskema eragile berari
jarraitzen diote (ikusi 2.2. irudia), non sentsoreak ILGn txertatzen diren eta datuak
ordenagailu edo gailu mugikor batera bidaltzen diren irakurketa-sistema baten bidez.

Eremu honetan zentratzen diren lan gehienek Laguntza Gailuari aplikatzen zaion
indarra edo/eta mugimendua neurtzeko sistemak erabiltzea proposatzen dute [163,
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Kapitulua 2. Jarduera Fisikoak Detektatzea: artearen egoera

47, 100, 180, 77, 122, 121, 165, 33, 49, 61, 123, 159, 168] (ikus 2.3 irudia). Zehazki,
badira kirtenari aplikatutako indarra neurtzeko gai diren sentsoreak [124, 99, 132, 185,
123] edo objektuen hurbiltasuna detektatzeko gai direnak [185, 14].

DAQ

ILG

Data 
processing

unit

Force
sensor

Movement
sensor

Energy

Irudia 2.2: Sentsorizatutako ILGen eskema.

(a) F. Mekki et al (b) G. Merrett et al

Irudia 2.3: Galga estentsometrikoak dituzten ILG [122, 124].

Taula 2.1: ILGren diseinu instrumentatuari buruzko azterlanen alderdi nagusiak. (A
= Azelerometro, G = Giroscopio, M = Magnetometro, F = Indar).

Azterketa Sentsoreak Sentsoreen Kokapena

[13] 2x FSR
FSR puntan eta elektronika
kutxa batean kanaberan.

[14]
Ultrasoinu, Ur Sentsorea,
LDR, GPS

Kanaberan.

10



2.1. Jarduera fisikoa detektatzeko metodologiak

2.1. taularen jarraipena
Azterketa Sentsoreak Sentsoreek Kokapena

[33] F zelula
F puntan eta elektronika
makulu barruan.

[36]
2x galga, F zelula,
3-ardatz A, G, M

F puntan eta elektronika
kanaberan.

[47]
F zelula, 2-ardatz G,
3-axis A, M

F puntan eta elektronika eta
G, A, M kutxa batean kanaberan.

[49] 3x 3-ardatza A, G, M Kanaberan
[62] Uhin milimetrikoen radarra Kanaberan
[61] 5x 3-ardatz A, G, M Kanaberan

[65] 9x F zelula, 3-ardatz G
Kanabera barruan, era
F puntan.

[68, 69]
4x galga,
3-axis A, G, M

Heldulekuaren barruan

[77] 3x FSR, 3-ardatz A, G, M
FSR punta barruan eta A, G, M
eta elektronika kutxa batean.

[99] 2x F, 3-ardatza A, G
F bat puntan, bestea
heldulekuan, eta A, G eta
elektronika kutxa batean.

[100, 163] 3x galga, 3-ardatz A Kanaberan

[121] 3-ardatz A, FSR
Elektronika eta F
heldulekaun.

[122]
4x galga estesometrikoak,
3-ardatz A, G, M

F puntan eta elektronika eta
A, G, M kutxa batean.

[123] F zelula, 3-ardatz A
F heldulekuan eta elektronika
eta A kutxa batean.

[124]
FSR, Mintz zuzenaren
potentziometroa, 3-ardatz A

F heldukoan eta elektronika
eta A kanaberan.

[132] Galga, 3-ardatz A, G, M
F heldukoan eta elektronika
eta A, G, M kutxa batean.

[159] F Kanabera barruan.

[165] 4x F, 2-ardatz A
F heldukoan eta elektronika
eta A kutxa batean.

[168] F Kanaberan.

[180] G, 2x FSR
F puntan eta elektronika
eta G kutxa batean.

[185]
F zelula, 2x3-ardatz A
8x FSR (heldulekuan),
3-ardatz G, M, Ultrasoinu

F heldulekuan eta besteak
eta elektronika kanaberan.

[196]
GPS, Argi Sentsoreak,
Pultsu sentsorea

Kutxa batean.
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Kapitulua 2. Jarduera Fisikoak Detektatzea: artearen egoera

2.1.1.1 Indarraren neurketa

Laguntza gailuari aplikatzen zaion indar axialaren neurketa erlatiboki zuzena da, beraz,
lan gehienak neurketa hau barne hartzen dute. Literaturan, bi hurbilketa erabiltzen
dira: indar integratuko sentsoreak eta tentsio-neurgailuak (ikusi Taula 2.1).

Indar integratuko sentsoreak [33, 47, 185, 36, 65] gailu komertzialak dira, sen-
tsorean aplikatzen diren kargen neurketa axiala (edo triaxiala) ahalbidetzen dutenak.
Oro har, barne-betetasunaren presio aldaketa detektatzean edo zelulak kargatzean
oinarritu daitezke. Nahiz eta zehaztasun altua izan ohi duten, kostua ere altua izaten
da, eta seinale egokitzaileren bat behar izaten da normalean. Elementu hauen forma
zilindrikoaren ondorioz, laguntza teknikoko gailuetara egokitzeko gaitasun handiagoa
dute.

Irudia 2.4: Zurtoian galburu estentsometrikoak dituzten ILG [100].

Tentsio-neurgailuek [124, 180, 100, 77, 163, 122, 121, 165, 13, 159, 168], in-
darreko sentsoreek baino kostu eta zehaztasun baxuagoa dute. Neurketa hobetzeko,
askotan hainbat neurgailu sartzen dira dispositiboan, sistema konplexuagoa behar
delarik. Gainera, elementu hauek normalean aurrekoak baino irakurketa sistema lan-
duagoa behar dute, erresistentzia-balioaren aldaketa irakurtzeko gai den zirkuitu bat
eta anplifikazio-sistema bat behar baita, hornitutako seinalea nahi dena baino askoz
baxuagoa bada. Tentsioak lana neurtzen du efektu piezoresistikoari esker, zeinare-
kin elementu gidari baten deformazioa bere balio erresistenteari esker neur daitekeen.
Bestalde, elementu hauek oso xaflakorrak dira, eta horrek oso interesgarri bihurtzen
ditu indarrak neurtzeko, laguntza gailuaren egitura aldatu gabe. Literaturan, makulu
edo kanalen deformazioak neurtzeko erabili izan dira [100] (ikus 2.4 irudia), baita

12



2.1. Jarduera fisikoa detektatzeko metodologiak

laguntza gailuaren heldulekuari aplikaturiko indarra neurtzeko ere [124]. Xaflakorta-
sun hori ere oztopo izan daiteke kokapen egonkorrerako, errazago mugi edo desager
baitaitezke.

2.1.1.2 Mugimenduen neurketa

Indarra alde batera utzita, autore askok inkorporazio-sentsoreak erabiltzen dituzte
mugimendua neurtzeko.

Mugimendua neurtzen duten autore gehienek Inertial Measurement Unit (IMU)
[77, 47, 185, 122, 132, 68, 69, 61, 99, 49, 61] erabiltzen dute. Sentsore mota hauek
aeronautika, automatizazioa edo nabigazioa bezalako alorretan erabiltzen dira. IMU
gehienek azelerazio linealak eta abiadura angeluarrak neurtzen dituzte hiru ardatz es-
pazialetan, hiru ardatzetako bakoitzean azeleragailua eta giroskopioa badituzte. Sen-
tsorearen une bakoitzean abiadura eta azelerazioa ezagutzeko aukerari esker, gailu
lagungarriaren mugimendua jakin daiteke. IMU baten abantaila nagusia datu guztiak
fusionatu ahal izatea den arren, badira azeleragailuak [100, 163, 124, 121, 165, 123]
edo giroskopikoak [180, 65] bakarrik erabiltzen dituzten lanak. Hala ere, elemen-
tu horiek desabantailak dituzte, adibidez erabiltzean zuzendu behar diren deribak.
Bestalde, ILGekin ibiltzean egiten diren desplazamenduak ezagutzeko, beste autore
batzuek Global Positioning System (GPS) neurketa erabiltzen dute [195, 14, 2].

Kontuan izan IMUaren (edo azeleragailuen edo giroskopioen) erabilerak ez duela
zuzenean Ibiltzeko Laguntza Gailuaren orientazioa ematen, estimazio-teknika ezberdi-
nak aplikatu behar dira sistemaren orientazio absolutua lortzeko. Metodo sinpleeneta-
ko bat giroskopioak eskaintzen duen abiadura errotazionalaren integrazio zuzenean oi-
narritzen da, metatutako errorea aldizka zuzenduz [180]. Aurreko soluzioak denbora-
ren gaineko joera esanguratsua sortzen du, eta, beraz, beste autore batzuek ikuspun-
tu kuasi-estatiko bat erabiltzea proposatu dute, non orientazioa grabitate-bektoreak
ardatz bakoitzean duen proiekziotik zehazten den [100, 124, 163, 185]. Azken hur-
bilketak ez ditu aintzat hartzen aurrerapen eta inpaktu dinamiko egokiak. Kalman
iragazkietan oinarritutako soluzioak ere aurki daitezke [47, 88, 113]. Iragazki ho-
riek hainbat sentsoreren informazioa elkartrukatzeko gai dira, sistemaren barne-eredu
batean oinarritutako orientazio absolutuaren balioespena lortzeko. Kasu hauetan ira-
gazki mota honek giroskopio eta azeleragailuek ematen duten irteera konbinatuz lan
egiten du, baita magnetometro bat ere kobariantza multzo batekin batera. Horrela,
laguntza gailuaren orientazioa definitzen duten Euler angeluen estimazioa lor daiteke.
Azkenik, iragazki osagarrien erabileran oinarritutako azken soluzio multzo bat dago,
eta horien abantaila nagusia, Kalman iragazkiaren alde, kostu konputazional txikia da.
Iragazki honen adibide bat CAHRS da [51].

Amaitzeko, laguntza gailu gehienak gutxienez indar sentsore bat eta/edo sentso-
re inerte bat dute. Horrela, sentsore hauek pertsonaren mugimendua eta laguntza
gailuari aplikatzen zaion indarra zehazteko erabil daitezke. Indar sentsoreen kasuan,
tentsio neurgailuak eta karga zelulak erabiltzen dira. Tentsio neurgailuak arinagoak
eta merkeagoak diren bitartean, normalean kokapen zehatzagoak eta eskuratze sis-
tema konplexuagoa behar izaten dira. Indar sentsoreak, aldiz, astunagoak izanik,
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Kapitulua 2. Jarduera Fisikoak Detektatzea: artearen egoera

normalean sendoagoak eta errazagoak izaten dira gailu lagungarriei eusteko. Auto-
re ezberdinek erabiltzen dituzten mugimendu-sentsoreak aztertzen, gehienek IMUak
erabiltzen dituzte. Hau espazio berean sentsore ezberdinak edukitzearen ondorioz
gertatzen da.

2.1.2 Sentsoreen posizioa

Autore bakoitzak, sentsoreak Ibiltzeko Laguntza Gailuan posizio desberdinetan koka-
tzen ditu 2.1 taulan ikusten den moduan. Autoreetako batzuk, Ibiltzeko Laguntza
Gailuarentzat eraikitako kutxa batean jartzen dituzte [47, 77, 100, 122, 165, 132,
49, 13, 61]. Normalean kutxa hau makuluaren enborrari lotua egoten da eta zenbait
egoeratan baldarra izan daiteke (ikus 2.5 irudia). Beste autore batzuek, elektronika
enbor barruan sartu nahi izan dute, normalean hutsik dagoela aprobetxatuz. Inda-
rra neurtzen duten sentsoreen kasuan [47, 100, 124, 163], hauetako asko puntan
[77, 122, 165, 99, 13] edo egitura batean [185, 36] gehitzen dira. Sentsoreak modu
honetan kokatzearen arazo nagusia, laguntza gailu desberdinen artean trukatzea saila
dela da.

Irudia 2.5: ILG sistemak fabrikazio-kaxa propio dutenak [132].

Azken batean, sentsoreen kokapena garrantzitsua da ILG sentsore baten diseinuan.
Autoreen artean ez dago adostasun argirik sentsoreen kokapenari buruz, eta horrek
esan nahi du diseinatzailearen arabera leku ezberdinetan aurki daitezkeela. Gailu la-
gungarrietan dauden sentsore asko gerora kendu ezin diren lekuetan kokatzen dira, edo
ahalegin gehiago behar dute horretarako. Horrek esan nahi du, gorago aipatu bezala,
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2.1. Jarduera fisikoa detektatzeko metodologiak

sentsoreak Ibiltzeko Laguntza Gailua bakar eta berari lotuta daudela, erabiltzaileak
gailu batetik bestera erraz aldaraztea ezinezko eginez.

2.1.3 Datuak irakurri eta komunikatzeko sistemak

Aipaturiko sentsore guztiek modu desberdinetan bidaltzen dute informazioa. Balio
analogikoa bidaltzen duten sentsoreetatik abiatuz, Inter-Integrated Circuit (I2C) edo
Serial Peripheral Interface (SPI) bezalako komunikazio-metodo bat erabiltzen duten
sentsoreetaraino. Hori dela eta, irakurketa sistema bat, Data Acquisition System
(DAQ) bat, behar da datu hauek irakurri, egokitu, gorde edo/eta beste gailu batera
bidaltzeko. Gailu hauek, barne diseinukoak izan ohi dira [36, 165, 185, 100, 163].
Nahiz eta aukera ezberdinak egon, Arduinoa da erabiliena [122]. Honen abantaila
nagusiak, prozesadoreen kostu baxua eta programazioa errazten duten liburutegiak
edukitzea dira. Azkenik, prototipo azkarretan oinarritutako DAQak aurki daitezke
[122]. Hauek National Instrument edo beste enpresa batzuen sistema komertzialak
dira. Hauek, normalean kostu handia izaten dute, baina haien fidagarritasuna eta
gaitasuna besteena baino handiagoa izaten da sarri.

Irakurtze sistema hauek, normalean, datuak biltegiratzeko beste sistema batzue-
tara bidaltzen dituzte. Bi sistemen arteko komunikazioa gehietan haririk gabe egiten
bada ere, badaude kable bidez egiten dutenak ere [180, 165]. Haririk gabeko datu-
transferentziak egiteko erabiltzen diren metodoen artean, bi metodo nagusi aurkitzen
dira: Bluetooth [47, 100, 163, 185, 122, 132, 99], gehien erabiltzen den metodoa
dena, eta Wireless Fidelity (WIFI) [124, 36, 77]. Beste alde batetik, gailu batzuek
oroimen birtualari buruzko informazioa gordetzen dute, hala nola Secure Digital (SD)
txartelak [68, 69].

Laburbilduz, autoreen gehiengo zabalak, zalantzarik gabe, datuen eskuratze siste-
ma propioa diseinatzen du. DAQen diseinu honek asko errazten du laguntza gailuan
txertatzeko aukera, nahi diren neurrietara egokitzea ahalbidetuz.

Datuak bidaltzeko erabiltzen den metodoa Bluetooth da kasu gehienetan. Ko-
munikazio sistema honen erabilera justifika daiteke bere oinatz elektroniko txikiagatik
eta ez duelako behar antena handi bat martxan jartzeko. Horrez gain, Bluetooth-a
informazioa bidaltzeko gai da distantzia egokietan haririk erabili gabe, eta, beraz,
ez dago etengabe gailu hartzailetik hurbil egon beharrik eta handik metro batzue-
tara egon ahal izango da. Hala ere, teknologia honen eragozpen handienetako bat
interferentziak izaten dira.
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Kapitulua 2. Jarduera Fisikoak Detektatzea: artearen egoera

2.2 Jarduera fisikoak sailkatzeko metodologiak

Jarduera Fisikoa (JF) behar bezala monitorizatu ahal izateko, datuak atzematen di-
tuen gailu sentsore bat edo gailu sentsore multzo bat edukitzeaz gainera, neurtutako
datuak modu egokian landu behar dira. Hau da, proposatzen diren JFk bereizteko gai
den sailkatzaile bat diseinatu behar da. Horretarako, lehenik eta behin, sentsoreetatik
lortutako datuak prozesatu behar dira, sailkatzaileak sortzeko elementu gisa erabili
ahal izateko.

Normalean, Jarduera Fisikoa sailkatzeko metodologia bat erabiltzen da [11, 151]
(ikusi 2.6. irudia). Metodologia hori datuen egokitzapenetik abiatzen da, datuak
leihoetan banatuz edo segmentatuz eta datuen ezaugarri ateraz. Erabiliko diren
ezaugarriak identifikatu ondoren, garrantzitsuenak aukeratzen dira. Azkenik, jarduera
fisikoen sailkatzailea sortzen da (ikusi 2.2. taula).

Datuen
Segmentazioa

Ezaugarriak
Ateratzea

Erredukzio
Dimentsionala

Sailkapena

Sentsoreetako
sarrera Irteera

Irudia 2.6: Jarduera Fisikoak sailkatzeko egindako urratsen eskema.

2.2.1 Jarduera fisikoaren jarraipenari buruzko datuen segmentazioa
eta tratamendua

JFren sailkapena lortzeko, nahi diren datuak neurtu ondoren, modu egokian tratatu
behar dira erabili ahal izateko. Normalean, atzemandako datuak, denbora-tarte batez
bereizten diren bektoreak izaten dira. Datu horiek hobeto kudeatu eta ezaugarriak
lortzeko erabili ahal izateko, informazio-segmentu txikiagoetan banatu ohi dira.

2.2.1.1 Datuen segmentazioa

Osasun-diagnostikoko aplikazioetan soluzio teknologikoak inplementatzeko orduan,
funtsezkoa da sentsoreetatik ateratako datuak prozesatzea. Datuen tratamenduaren
helburua askotarikoa izan daiteke: ezaugarri jakin batzuk lor daitezke (abiadura azka-
rrena, indar handiena, distantzia...) [145, 30] edo datuak eskala kliniko estandarizatu
batekin lotu daitezke [98]. Oro har, sailkapena da ezaugarri guztien helburua, eta
hori interes bereziko eremua da pazienteen diagnostikoan, beraien egoera sailkatzea
ahalbideratzen baitu.

Sailkapen hori egin aurretik, literaturan ohikoa da aurre-prozesamenduko lehen
etapa bat egitea leiho tekniken edo segmentazioaren bidez. Teknika horietan, sen-
tsoreetatik lortutako seinaleak denbora-segmentu askoz txikiagoetan banatzen dira,
ILGren erabiltzaileak egindako ekintzak identifikatzen laguntzeko. Prozesamendu honi
esker, informazioa segmentatzen da sailkapena errazagoa izan dadin.
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Leiho horien sorrera, datuak osorik irakurri ondoren edo datu-bilketan zehar defini
daiteke, datuak denbora errealean tratatuz gero. Leihoak sortzeko beharren arabera,
horiek sortzeko metodo bat edo bestea erabiliko da.

Datuen sailkapenean, batez ere hiru leiho mota erabiltzen dira, bakoitza leihoak
sortzeko metodo desberdina duelarik.

Leihoka lortzeko lehen metodoa leiho irristakorra da. Leiho mota honetan, atze-
mandako seinalea leiho finkoetan banatzen da, eta ez da leiho horien arteko espaziorik
existitzen. Sailkapenaren beharren arabera, leiho tamaina desberdina erabili daitezke,
hau da, denbora luzeagoa edo laburragoa izan dezakete [83, 15, 11, 151, 188, 127,
166]. Leiho irristakorrek ez dute seinalea prozesatzen; beraz, ezin hobeak dira denbo-
ra errealean erabiltzeko. Zatiketa mota hauek seinalearen maiztasuna oso konstantea
denean erabil daitezke; zatitu beharreko seinaleek maiztasun konstantea ez badute,
leihoak hainbesteraino bana daitezke, aztertu beharreko daturen bat leihoetatik kanpo
geratzea probokatuz.

Bigarren metodoa ekitaldi-leihoak dira. Ekitaldi-leihoek aldez aurreko prozesa-
mendua behar dute gertaera espezifiko bat aurkitzeko. Ekitaldiak leihoaren hasiera
definitzen du, eta leihoak ez du tamaina zehatzik. Leihoaren amaiera bi modutara defi-
ni daiteke: gertaera beraren hurrengo errepikapen bat erabiliz, gertaera horrek egungo
leihoaren amaiera eta hurrengoaren hasiera markatuz; edo hasierako gertaeratik inde-
pendentea den beste gertaera mota bat erabiliz. Leihoaren hasiera markatzen duen
gertaera lortzeko, beste sentsore bat erabil daiteke, adibidez lurraren aurkako inpaktua
edo beste gertaera garrantzitsu bat detektatzeko gai den sentsorea [15, 190, 202].
Leiho horiek erabiltzeak, haien barruan datu multzo bat kapsulatzen laguntzen du.
Datuak neurtzean gerta daitezkeen egoeretara egokitzeko duen gaitasunari esker,
teknika hau da gehien erabiltzen dena leihoetan segmentatzeko. Adibidez, martxari
buruzko datuak hartuz gero, nahiz eta pertsonak ibiltzeko erritmoa aldatu, leihoek
pauso bana izaten jarraituko dute metodologia honi esker.

Erabilitako hirugarren leiho-teknika jarduerek zehaztutakoa da. Leihoak jarduerak
bereizten diren puntuen arabera definitzen dira [138]. Teknika mota hori da leihoak
sortzeko gutxien erabiltzen dena.

Laburbilduz, sentsoreekin neurtutako datuen segmentazioa garrantzi handiko fak-
torea da. Horretarako leihoak erabiltzea aukera egokia da, eta denbora errealean lan
egin nahi bada, gertaeretan oinarritutako leihoak dira egokienak. Datuen segmen-
tazioak, datuen dimentsionaltasuna murrizten laguntzen du; gainera, leihoak egiteak
esanahi garrantzitsua izan dezake, adibidez, ibilbide-ziklo bakoitzerako leihoak bereiz-
tea ahalbidera dezake.

2.2.1.2 Ezaugarriak ateratzea

Ibiltzeko Laguntza Gailuak ematen dituen datu gordinak segmentatu ondoren pro-
zesatu egin behar dira, jarduera hobeto sailkatzeko. Lan batzuek, datu gordinak
erabiltzen dituzten zuzenean, baina hauek gutxiengoak dira, ezaugarriak ateratzeko
erabiltzen den aurreprozesamenduaren bidez sailkapena egiten dutenen aldean (ikusi
2.7. irudia).
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Datuen
Segmentazioa

Ezaugarriak
Ateratzea

Erredukzio
Dimentsioanala

Sailkapena

Sentsoreetako
sarrera Irteera

Datu gordinak

Teknika
konplexuagoak

behar dira
(CNN, RNN…)

Estadistikan
oinarritutako
ezaugarriak

Frekuentzian
oinarritutako
ezaugarriak

Ezaugarriak ateratzeko
metodo esberdinak

Irudia 2.7: Ezaugarriak ateratzeko erabiltzen diren metodo ezberdinak.

Oro har, datu gordinak erabiltzen dituztenek, algoritmo konplexuagoak eta kostu
konputazional handiagokoak behar dituzte, hala nola Convolutional Neural Network
(CNN) [72], Recurrent Neural Network (RNN) [44] edo ezkutuko geruza ugari dituz-
ten Multilayer Perceptron (MLP) sare neuronal tradizionalak [190]. Hori dela eta, ez
da ohikoa zuzenean datu gordinak erabiltzea.

Hala ere, aurreko paragrafoan aipatu bezala, badira datu gordinak erabiltzen dituz-
ten lanak, baina, dimentsionaltasuna murrizteko asmoz, badira leihoetan banatutako
datuetan oinarrituta ezaugarriak ateratzen dituzten lan asko ere [11, 151, 152, 70].
Hauen artean daude kalkulu estatistikoetatik edo maiztasunean oinarrituta lortuta-
koak.

Arestian aipatu bezala, ezaugarri horiek kalkulu estatistikoetatik lor daitezke. Pro-
zesamendu estatistikoen artean, ohikoenak hauek dira: segmentatutako leiho ba-
koitzeko datuen batez besteko karratuak, leihoetan aurkitutako gehieneko balioak,
desbideratze estandarra edo punta-puntako balioa [9, 70, 188, 83, 149, 58]. Bes-
talde, badira ohikoenekin batera erabiltzen diren datu estatistiko konplexuagoak ere
[151, 76, 127, 120, 166], hala nola, zurrosia, kuartilen arteko tartea edo pertzenti-
lak. Datu mota hori, leiho bakoitzean datuek nola jokatzen duten adierazten duen
informazio-balio bat izan daiteke, eta, beraz, aztertu beharreko ekintzen azterketa
argiagoa izan daiteke.

Ezaugarriak ateratzeko beste modu bat maiztasunean oinarritutako datuak erabil-
tzea da [200, 111, 193, 83, 127], hala nola leiho bakoitzaren batez besteko oszilazio-
zikloa kalkula daiteke. Analisia fasean erabiltzen dutenak [16] edo ezaugarri heuristiko
batzuk sortzen dituztenak ere badaude [54]. Hala ere, ezaugarri hauek ez dira esta-
tistikoak bezain ohikoak, beraien interpretazioa konplexuagoa baita.
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Literaturan, ibilera aztertzen laguntzen duten hainbat ezaugarri ere zehaztu dira,
hala nola, distantzia jakin bat egiteko beharrezko urratsen kopurua, batez besteko
abiadura edo urratsen arteko denbora [171]. Horrelako datuek pertsona bat zein
abiaduratan mugitzen den adieraz dezakete, honela, pertsona hori nola mugitzen den
zehatzago ezagutuz.

Indar axiala neurtzen duten Ibiltzeko Laguntza Gailuaetan zentratuz, hauek, pa-
zientearen pisuarekiko karga maximoan [159, 168] edo karga ertainean [168] oinarri-
tutako ezaugarriak sortzen dituzte. Analisi hau pertsona bakoitzarentzat egiten da,
pertsona guztiek ezin baitute karga bera egin, pisutsuagoek pisu gutxiagokoek baino
gehiago kargatuko dute.

Laburbilduz, jarduera sailkatzeko erabili beharreko ezaugarrien hautaketan barie-
tate handia dagoen arren, orokorrean ohikoenak eta ezartzeko errazenak estatistikan
oinarritutakoak dira. Hauek, jatorrizko datuen interpretazio erraza eta egokia eskain
dezakete.

2.2.1.3 Ezaugarri garrantzitsuen hautaketa

Jarduera fisikoaren sailkapena egiterakoan ez da egokia sarrera gisa lor daitezkeen
ezaugarri guztiak erabiltzea. Horregatik, leiho bakoitzeko ezaugarriak kalkulatu ondo-
ren, horien artean garrantzitsuenak aukeratu behar dira [11, 151]. Hau da, erredukzio
dimentsional bat egin behar da (ikusi 2.8. irudia).

Datuen
Segmentazioa

Ezaugarrien
Ateratzea

Erredukzio
Dimentsionala

Sailkapena

Sentsoreetako
sarrera Irteera

SVM RF PCA

Erredukzio dimentsionala
egiteko metodo esberdinak

Relieff
…

Irudia 2.8: Ezaugarri garrantzitsuenak hautatzeko erabiltzen diren metodo ezberdinak.

Kasu batzuetan, ezaugarri garrantzitsuenak modu bisualean hauta daitezke, da-
tuak datu-basean nola banatzen diren begiratuz. Hala ere, erabilera hori ez dago oso
zabalduta, oso zaila baita sailkapenari lagun diezaioketen aldagaien arteko erlazioak
aurkitzea, eta aldagai askoren kasuan, azterketa hori egiteko behar den denbora oso
handia da.

Horregatik, helburu hori lortzeko aukera aurreratuagoak existitzen dira. Lan des-
berdinetan proposatutako aukera eta soluzioen aniztasuna oso handia da, eta meto-
dologia askotan oinarritutako irtenbideak aurki daitezke [39]. Aukera horietako bat
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Relieff-en oinarritutako ezaugarrien hautaketa da [12, 127, 93, 38]. Relieff-ek pisuak
esleitzen dizkio ezaugarri bakoitzari, eta, horretarako, klase berdinetako eta desberdi-
netako datu-puntuak zein ondo bereiz ditzakeen balioesten du. Bi kasuetan, ezaugarri
bakoitzerako pisu bat lortzen da, eta haren balio altuenak esan nahi du ezaugarriak
garrantzi handiagoa duela.

Proposatutako beste aukerak dira Support Vector Machine (SVM) [105, 188], K-
Means Clustering (KMCA) [83], Correlation based Feature Selection (CFS) [120, 39]
edo Forward-Barckward Sequential Search sistemetan oinarritutako sistemak erabil-
tzea [149]. Horiek guztiek ezaugarrien dimentsionaltasuna nabarmen murriztea lor-
tzen dute.

Beste aukera bat Random Forest (RF) algoritmoen erabilera da [177, 39]. RF,
Decision Trees edo erabaki-zuhaitz ezberdinetatik abiatuta, sailkatzaile bat edo erre-
gresio bat eraikitzeko metodo bat da. Zuhaitz bakoitza ausazko ezaugarrien bektore
batek osatzen du. Eta erabaki-zuhaitza une jakin batean hartutako erabaki batetik
sor daitezkeen gertaera guztiak irudikatzeko modu grafiko eta analitikoa da. Decision
Trees horiek erabaki posible batzuen artean erabakirik onena hartzen laguntzen dute.

Hainbat metodo aurki daitezke RF-ren barruan. Metodo horien artean Decision
Forest delakoa dago [89], hainbat Decision Trees konbinatuz funtzionatzen duena.
Horrek sailkapen zehatzago bat edo atzera egiteko gai den sistema bat sor deza-
ke. Teknika honen bidez, neurri handiagoan orokortu daiteke entrenamendu-datuen
zehaztasuna mantenduz.

RF atalean sar daitezkeen beste teknika bat Bagging da [79, 23]. Teknika hori
hainbat Decision Treesk osatzen dute; emaitza globala arbola guztien batez bestekoa
eginda lortzen da.

Bagging-aren oso antzeko teknika da AdaBost-en teknika [154]. Berezitasun na-
gusia, entrenamendu multzoak ausaz ez aukeratze da, kasu honetan pisu-multzo bat
erabiltzen dute entrenamendu-multzoko lagin bakoitzerako. Pisua zenbat eta han-
diagoa izan, orduan eta handiagoa izango da laginaren eragina. Sailkapen-akatsa ere
pisu horien araberakoa izango da.

Teknika horiek guztiek, arazoak dituzte errorea orokortzeko [52]. Horregatik, ara-
zo hori arintzeko gai diren teknika berriak proposatu dira, hala nola Random Forest-RI
[24]. Metodo hori lehen aipatutako Bagging metodoan oinarritzen da, baina ausaz
egiten da zuhaitz bakoitza eraikitzea, ordezkapen-laginen ausazkotzeaz gain, ezau-
garriak ordeztu gabe. Metodo honek bi helburu izan ditzake: ausazko zuhaitz bat
sortzea entrenamendukoak ez diren laginak sailkatzeko edo datu-base baten ezauga-
rrien arteko garrantzi erlatiboa neurtzeko.

Ezaugarriak murrizteko metodologiak erabiltzeaz gain, ezaugarriak eraldatzeko
metodoak ere proposatu dira [11]. Teknika mota horietan dimentsionaltasuna murriz-
ten da ezaugarri kopuru txikiagoaren bidez. Teknika mota honen adibide bat Principal
Component Analysis da [198, 112, 66, 64, 110, 150]. Metodo honek datu-multzorako
koordenatu-sistema berri bat aukeratzen du, sistemaren dimentsionaltasuna sinplifi-
katuz. Sortzen diren aldagai berriak datuen bariantzetatik lortzen dira.

Lehen aipatu bezala, teknika honek ezaugarrien arteko korrelazioaren eragina eza-
gutzea ahalbidetzen du eta, beraz, ezaugarri bakoitzak rankingean duen pisua hobeto
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ezagutzea.
Ondorioz, ez dago adostasun orokorrik ezaugarri garrantzitsuenak identifikatze-

ko erabilitako metodologiaren aukeraketari buruz. Planteatutako metodo guztiek,
ezaugarri garrantzizkoenak identifikatzen laguntzen dute, horrela arazoaren dimen-
tsionaltasuna murriztuz eta sailkapen hobea ahalbidetuz.

2.2.2 Jarduera fisikoaren jarraipenari buruzko datuen sailkapena

Datuak segmentatu eta ezaugarri garrantzizkoenak hautatu ondoren, datuen sailkapen
teknikak erabili ohi dira jarduera fisikoa sailkatzeko [11, 151] (ikusi 2.9. irudia).

Datuen
Segmentazioa

Ezaugarriak
Ateratzea

Erredukzio
Dimentsionala

Sailkapena

Sentsorretako
sarrera Irteera

K-NN NB ANN

Sailkapena egiteko
metodo esberdinak

SVM
…

RNN, CNN… 

Irudia 2.9: Sailkatzeko erabiltzen diren metodo ezberdinak.

Machine Learning (ML) tekniken erabilera gero eta hedatuago dago medikun-
tzaren eta errehabilitazioaren arloan [42]. Aplikazio desberdinetan erabiltzen diren
era guztietako teknikak aurki daitezke. Sistema hauek, datu homogeneoetan talde
atipikoak detektatzeko, pneumoniaren larritasuna 4 hantura-markatzaileren arabera
sailkatzeko, farmako jakin batzuen eraginkortasuna aurreikusteko edo paziente batek
bihotzekoa izateko duen arriskua aurreikusteko erabiltzen dira. Zeregin hauetarako
hainbat ML teknika desberdin erabiltzen dira, Artificial Neural Networktik K-Nearest
Neighborsra.

Teknika horiek, Jarduera Fisikoa (JF) sailkatzeko eta errehabilitazioan laguntzeko
ere erabili dira [11, 151]. Jarduera Fisikoaren eremuan, erabilitako sailkapen-sistemek
ondorengo informazioa ematen dute: eskailerak igotzen edo jaisten ari diren, pertsona
oinez ari den edo geldirik dagoen, aldapan dabilen ala ez, etab. Eguneroko bizitzako
jardueren sailkapen mota horrek, pazientearen portaera ulertzen lagun dezake. Por-
taera hori ezagututa, errehabilitazioko profesionalari informazio kuantitatiboa eman
dakioke diagnostiko egokia egin edo/eta errehabilitazioa indibidualizatzeko.

21



Kapitulua 2. Jarduera Fisikoak Detektatzea: artearen egoera

Literaturan, sailkapena egiteko hainbat irtenbide aurki daitezke, estatistika-tekniken
erabileratik teknika adimendunen erabileraraino aldatuz [161, 11, 151]. Kasu gehie-
netan, sailkapen sistemarako erabiltzen diren sentsoreak gorputzaren beheko gorputz-
adarretan jartzen dira.

Sailkatzaileak diseinatzeko orduan, metodo estatistikoak asko erabili dira ingenia-
ritzaren hainbat arlotan. Metodo estatistikoen artean atalasetan oinarritutako me-
todoak daude (thresholding). Teknika honek atalase jakin bat edo zenbait atalase
erabiltzen ditu jarduera bat edo beste egiten ari den adierazteko. Sailkapen-mota
honekin emaitza onak lortu dira erorikoak hautemateko [139, 46].

Erabilitako beste metodo estatistiko bat metodo hierarkikoak dira. Sailkapen hie-
rarkikoko eskema bat aplikatzen dute, non egitura beste nodo batera eramaten duten
erabaki bitarretan oinarritzen den. Elkarren segidako nodo batzuen bidez, kasuan
kasuko erabakia hartzen da. Martxaren karakterizazioari dagokionez, metodo hau
hainbat jarduera sailkatzeko erabiltzen [58], hala nola, eskailerak igotzen edo jaisten
ari den detektatzeko. Decision Treesek, edo erabakitzeko zuhaitzek, metodo hie-
rarkikoetan oinarritutako sailkapen-sistema bat erabiltzen dute. Egitura mota honek
erabakiak hartzeko prozesua automatizatzen duten algoritmo zorrotzak eta arau mul-
tzo bat erabiltzen ditu, nodoetan erabakia konplexuagoa eginez [58, 120, 166, 111].
Kasu hierarkikoetan bezala, erabakitzeko zuhaitzek nahiko ondo funtzionatzen dute
eguneroko martxako jarduerak sailkatzeko, hala nola, oinez ibiltzea edo aldapak igo-
tzea. Hala ere, sistema hauekin lortutako emaitzak ez dira onenak, %70 zehaztasuna
lortuz [166].

Jarduera fisikoa sailkatzen dituzten Naive Bayes (NB)n oinarritutako sistemak ere
aurki daitezke [150, 120, 15, 193]. Naive Bayes (NB), Bayesen teoreman oinarritzen
den sailkatzaile probabilistiko bat da. Aztertutako lanetan emaitza onak lortu dira,
[150]-ren kasuan bezala, zehaztasuna %94 izanik.

Sailkatzeko sistemen beste multzo handia Adimen Artifizialako tekniketan oina-
rritzen da. K-Nearest Neighbors (K-NN) Adimen Artifiziala barruan aurki daitekeen
tekniketako bat da [127, 120, 150, 186, 166, 15, 38, 93, 108, 111, 149]. Metodo
honek, ezaugarri multidimentsionalak dituen espazio bat eraikiz egiten du sailkapena.
Entrenamendu-datu multzo batetik abiatuta, ezaugarrien espazioa sortzen da, eta
hori erabiltzen da datuak entrenamendu-fasean markatutako kasuen artean sailkatze-
ko. Kasu honetan, JF sailkatzeko lortutako emaitzak askotarikoak dira: %73 [186],
%80 [166] edo %90 [127], baina kontuan hartu behar da emaitza horiek erabilitako
datuen araberakoak direla.

Aurki daitekeen beste Adimen Artifiziala teknika bat Support Vector Machine
(SVM) da [66, 150, 107, 157, 64, 76, 17, 118, 188, 198, 105, 12, 38, 39]. Tek-
nika hau, sailkatzaile linealen kategorian sar daitekeen gainbegiratutako ikaskuntza-
algoritmo bat da. Entrenamendu-puntuen multzo bat edo horietako bakoitza kate-
goria posibleetako batekoa dela kontuan hartuta, puntu berri bat talde batekoa edo
bestekoa den iragartzeko gai den eredu bat eraikitzen da teknika hau erabiliz. Me-
todo honek, laginak espazioan dituen puntuak irudikatzen ditu, banaketa-hiperplano
baten bidez klaseak bi espazio ahalik eta zabalenetan banatuz. Datu berriak sar-
tzen direnean, dagokien planoaren arabera, mota batean edo bestean sailkatzen dira.
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K-NN-en emaitzen kasuan bezala, SVM-en emaitzak asko aldatzen dira erabilitako
datuen arabera, JF sailkatzeko, %80 [107, 118] edo %98-ren [157] inguruko emaitza
aurki daitezke.

Pertsona batek egiten duen jarduera fisikoa sailkatzeko erabiltzen den beste AAren
metodoetako bat Fuzzic Logic (FL) da [162]. Metodo honek, gizakiok erabakiak
hartzeko dugun modua imitatzen du, informazio zehaztugabea edo anbiguoa erabiliz.
Teknika horri esker, zehaztasun falta handia duen informazioarekin lan egin daiteke.

Azkenik, teknika adimendunen artean, Artificial Neural Network (ANN) teknikak
daude [80, 151, 76, 117, 81, 178, 17, 190, 72, 9, 187, 91, 110, 200, 150, 169,
133, 95, 148, 44, 188, 58, 157, 39, 149, 62]. Gaur egun gehien erabiltzen diren
teknikak dira, mota honetako aplikazioetan emaitzarik hoberenak ematen dituztenak
baitira. Teknika hauek, potentzialtasun handia dute diagnostikorako osasunaren ar-
loetan [8], eta horregatik, nabarmen hazi dira azken urteotan [146]. Teknika hauen
helburua, animalien nerbio-sistemaren funtzionamendua simulatzea da. Elkarrekin ko-
nektatutako neurona talde batzuk dira (ikusi 2.10. irudia). Emandako sarreraren eta
aurreko entrenamenduan lortutako esperientziaren arabera, irteera-balio bat ematen
dute. Adibidez, EMG sentsore batetik lortutako datuak eta Artificial Neural Network
erabiliz, oin baten berme-faseak identifika daitezke (berme- eta kulunkatze-fasea)
[133].

Input Output

Hidden Layers

...
......

Irudia 2.10: ANN baten egitura.
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ANN barietate handia dago, horien artean jarduera fisikoa sailkatzeko gehien era-
biltzen dena Artificial Neural Network Multilayer FeedFordward edo Multilayer Per-
ceptron (MLP) da [133, 108, 178, 95, 148, 188, 58, 157]. ANN mota hau gain-
begiratutako entrenamendu-sareen taldearen barruan dago. MLP sareek sarrera eta
irteera multzo bat dute, eta horiek elkarri konektatuta daude ezkutuko geruzen no-
doen bitartez. Horrela, irteera-balioa, geruzen barruko transferentzia-funtzioaren eta
nodoei esleitutako haztapenaren arabera lortzen da. Horrelako egiturek emaitza onak
izaten dituzte: %90 [108] edo %97 [178] baino handiagoak.

Sailkapen mota hauek eguneroko bizitzako jarduerak sailkatzeko erabil daitezke.
Adibidez, autore batzuek eguneroko jarduera konplexuak (jatea, lan egitea, eros-
tea, etab.) ezagutzeko erabili dituzte [117]. Sailkapen mota hori egiteko, hainbat
neurona-sareren egitura konplexua erabiltzen da. Sare neuronal horien irteerek hona-
ko hau elikatzen dute: Convolutional Neural Network (CNN) [72, 61] eta Recurrent
Neural Network (RNN) [44]. Metodo hauek, jarduera konplexuak sailkatzen dituz-
telako erabiltzen dira; sistema horiek ez dira erabiltzen, oinez ibiltzea edo eskailerak
igotzea bezalako eguneroko bizitzako jarduera sinpleagoak sailkatzeko.

Neurona-sareak gainbegiratuta "ikas"dezan, entrenamendu-algoritmo egokia behar
da. Artificial Neural Network entrenamendurako erabilitako algoritmoen artean, Back-
Propagation nabarmentzen dira [91, 190, 9, 187, 150, 148, 58, 157]. Halaber, ikas-
kuntza errazteko, aldaketak aplikatzen dira, adibidez, kasu batzuetan, sarearen pisua
aldez aurretik abiarazten da [9].

Nahiz eta kasu gehienetan ezkutuko geruza bakarra izan, aplikazioaren arabera,
geruza ezkutuen kopurua eta geruza bakoitzeko neuronen kopurua aldatu egiten da.
Sarrera- eta irteera-geruzetako neuronak, berriz, aztertu beharreko datu-kopuruaren
eta lortu nahi diren emaitzen araberakoak dira. Neurona kopuru txiki bat duten barne-
geruzak erabil daitezke [9], baita neurona kopuru handi bat duten ezkutuko geruzak
ere [72, 190].

Sailkatzeko erabili diren beste sare neuronal mota batzuk, memorian gordeta-
ko ereduak erabiltzen dituzten ANN probabilistikoak edo Spiking Neural Network
(SNN)ak [183] dira. Hauek, informazioa sare neuronal biologikoen antzera proze-
satzeko gai dira, baina abiadura handiagoa eskaintzen dute eta sarrera bitarrak onar-
tzeko diseinatuta daude.

ANNrekin lortutako emaitzak, oro har, oso onak dira JFk sailkatzeko, erabilitako
datuen arabera aldatzen direla kontuan hartuta. Oro har, %90-tik gorako balioak
lortzen dira [76, 81, 178].

Azterlan batzuek hainbat tekniken arteko konparaketa egin dute. Adibidez, [150]
kasuan, ANN, SVM, K-NN eta Naive Bayesen emaitzak alderatzen dira. Kasu hone-
tan, emaitzarik onenak SVMk eta ANNk emandakoak dira, %90,6 eta %92 hurrenez
hurren, beste kasuetan baino sentikortasun eta espezifikotasun handiagoarekin. SVM,
K-NN eta DT lortutako emaitzen artean egindako beste azterlan konparatibo bat ageri
da [166]n. Hemen ere, emaitzarik onenak SVMarekin lortzen dira, arrakasta-ehunekoa
%89 delarik. Beste batek K-NN, RF, Logistic Regression (LR), Naive Bayes, ANN
eta SVMren emaitzak alderatzen ditu [157], eta oso emaitza onak lortzen ditu ANN
eta SVMrekin, %95tik gorakoak izanik. Beste lan batzuek ANN, SVM eta RF kon-
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paratzen dituzte, kasu guztietan antzerako emaitzak lortuz [39]: %88 ANNrentzat,
%87,5 SVMrentzat eta %86,9 RFrentzat.

Sailkapen-sistemen artearen egoera aztertu ondoren, ondoriozta daiteke gaur egun
batez ere Artificial Neural Network metodoa erabiltzen dela. Gehien erabiltzen den
sistema izan arren, sailkatzeko beste Machine Learning sistema batzuk ere badau-
de, SVM adibidez. Pertsonen Jarduera Fisikoaren sailkapenari dagokionez, azterlan
gehienek Jarduera Fisikoa normala sailkatzen dute, eta ez dute makulu edo makila
gisa ILG erabiltzen. Bestalde, aztertutako ia lan guztiek, inbaditzaileak izan daitez-
keen sentsore eramangarriak erabiltzen dituzte. Hau, makulua bezalako eguneroko
elementuetan sentsoreak sartuz konpondu nahi da.

Beraz, egindako lanen emaitzek argi erakusten dute, errehabilitazioaren eta pa-
zientearen egoeraren kuantifikazioaren esparruan, sailkatzaile gisa, teknika horiek du-
ten ahalmena.

Taula 2.2: JF sailkatzeko buruzko azterlanen alderdi nagusiak. (A = Azelerometro,
G = Giroskopio, M = Magnetometro, F = Indarra).

Azterketa Sentsoreak
Dimentsionaltasuna

Murrizteko
Metodoa

Sailkatzeko
Metodoa

[6] 3-ardatz A, GPS RF
[9] 4x A ANN
[12] A, G CFS, FCBF, Relieff SVM

[15] 5x 3-ardatz A
Decision Tree, NB,
K-NN, Decision Table

[16] 3-ardatz A, G, M LDA, PV, PV+CS
[17] Bideo Sistema SVM, ANN

[32] 3-axis A
Murrizketa etaineko
ezpurutasunen pruba,
Greedy selekzioa

RF, Threshold

[38] 3-ardatz A Relieff K-NN, SVM

[39] A
Relieff, RF, One-R,
SFS, CFS
eta abar

ANN, SVM, RF

[44] 3-ardatz A, G, M RNN
[45] 3-ardatz A, G RLE test
[46] 2x A Threshold

[58] 3-axis A, GPS
Decision Tress, ANN,
Hybrid modelua

[61]
Mukulu
sentsorizatua

CNN

[64]
A, M, Kamera
eta abar

PCA SVM
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2.2. taularen jarraipena

Azterketa Sentsoreak
Dimentsionaltasuna

Murrizteko
Metodoa

Sailkatzeko
Metodoa

[66] A, G PCA SVM
[71] 3-ardatz A, G RF
[72] 5x 3-ardatz G, A CNN

[76] 3-ardatz A
Decision Trees,
ANN, SVM,
Gehiengoz bozkatzea

[81] Kinect Sentsorea ANN
[83] 3-ardatz A K-means
[54] 3-ardatz A Threshold
[91] 3-ardatz A ANN

[93] B, 3-ardatz A, G
Relieff,
Rand Features

K-NN

[94] 3-ardatz A Decision Trees
[95] Smartphone A ANN

[103] A
RF, Gradient
Boosting

[108] Bisio sentsoreak K-NN
[110] A, G PCA ANN
[109] A Threshold

[111]
3-ardatz A,
Mikrofonoa,
Argi Sentsorea

K-NN,
Decision Tree

[112] 3-ardatz A PCA Bayesian
[118] 3x 3-ardatz G, A SVM

[120] eWatch (A)
Correlation
based, CFS

Decision Trees, NB,
K-NN, Bayes Net

[117]
Multimodal
sentsoreak

CNN ANN

[127]
5x ReSense
eramangarria
(P, A, G)

Relieff K-NN

[133] EMG ANN

[138] 1-ardatz A

Rand-en zuzenean
espazio korrelazioa,
onden koefiziente
diadiko diskretua

[139] A, B Threshold
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2.2. taularen jarraipena

Azterketa Sentsoreak
Dimentsionaltasuna

Murrizteko
Metodoa

Sailkatzeko
Metodoa

[148]
Smartphone
(A, G, M)

[149]

2-ardatz A, G, F,
Argi sentsorea,
Bihotz erritmoa
sentsorea,
3-ardatz A

Atzera eta aurrera
bilaketa

K-NN, ANN

[150] F alfonbra PCA
ANN, SVM,
K-NN, NB

[157] 3-ardatz A SVM

[159]
Makila
sentsorizatua

Metodo
estadistikoak

[162] 2-ardatz A Fuzzy Logic

[166] 3-ardatz A
Decision tree,
K-NN, Ensemble
metodoa

[169] Bision, F ANN
[178] EMG, Bideo kamerak ANN
[188] A SVM ANN, SVM
[187] 3-ardatz A ANN
[186] A LDA K-NN
[190] A, Oin etengailua ANN
[193] A, G, ECG NB
[200] F RBF sareak
[202] 3-ardatz A Threshold
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2.3 Erorikoak detektatzeko metodologiak

Eroriko baten ondorioz gerta daitezkeen lesioek, errehabilitazio beharra sor dezakete.
Hau prebenitzeko asmoarekin, gero eta ohikoagoa da eguneroko bizitza monitoriza-
tzen duten sentsoreak erabiltzea (ikusi 2.3. taula). Sentsore hauei esker, erorketa
bat gertatu dela detektatu eta osasun langileei edo senitartekoei abisatzen zaie, fun-
tsezkoa izan daitekeen erreakzio azkar bat eraginez.

2.3.1 Erorikoak detektatzeko sentsoreak

Erorikoak detektatzeko, hainbat detekzio-gailu erabil daitezke. Gailu hauek, alarma-
seinale bat sortzen dute eroriko gertatu dela zaintzaileei abisatzeko.

Literaturan aurki daitezkeen detekzio-sistemen artean, neurtzen dituzten alda-
gaien arabera 3 gailu-multzo bereiz daitezke [144, 129, 154]: 1) ikusmen-sistemak;
2) ingurunea detektatzeko sistemak; eta 3) sentsore jantzietan oinarritutako siste-
mak.

Erorketak detektatzeko sentsoreen lehen kategoriaren barruan, ikusmen-sistemetan
oinarritzen direnak daude. Elementu horiek erorikoen detektagailu gisa erabiltzea
nahiko zabalduta dago, eta zeregin hori egiten duten gailu ugari aurki daitezke [18,
50, 108, 115, 137, 156, 67, 167, 75]. Normalean, merkatuan aurki daitezkeen ohiko
kamerak erabiltzen dira. Kasu batzuetan gauez (edo ilunetan) funtzionatzeko ego-
kitzen dira. Neurketa egin ondoren, datu horiek prozesatu beharra dago [50, 115]
(ikusi 2.11. irudia). Ikusmenean oinarritutako sistemek, arrakasta-tasa altua dute,
%91 [156] eta %96 [50] bitartekoa, erorketen detekzioan. Gainera, eroritako per-
tsonaren irudi bat eman diezaiokete abisua jasotzen duenari, erori den pertsonaren
egoera aldez aurretik ezagutzeko aukera emanez. Hala ere, sistema horiek hainbat
eragozpen dituzte. Eragozpen aipagarriena, kameraren irismen txikia da (normalean
gela jakin batera mugatzen da), honek detektagailu hauen aplikagarritasuna muga-
tzen baitu. Sistemaren irismena handitu daiteke sentsore kopurua gehituz, baina
horrek sistemaren prezioa eta konplexutasuna handituko lituzke. Gainera, etengabe
aktibo dauden ikusmen sistemak edukitzeak pribatutasun arazoak eta haienganako
mesfidantza eragin ditzake [108, 21].

Irudia 2.11: Ikusmenean oinarritutako erorikoak detektatzeko sistema [50].

Erorikoak detektatzeko gailuen bigarren multzoan, ingurumen-seinaleen aldaketan
oinarritzen diren sistemak daude [129]. Sistema hauek hainbat seinaleren neurketan
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oinarritzen dira: irrati-seinaleak [87, 189, 160], soinu-seinaleak [34, 201, 56] edo
lurzoruaren bibrazioak [7].

Lehen taldea, abiadura-aldaketa bat dagoenean islatutako irrati-seinalearen maiz-
tasunean izandako aldaketetan oinarritzen da [87]. Gailu hauek, erorketen %97a
baino gehiago detektatzeko ahalmena dute. Beste ikuspegi komun bat, gorputza-
ren posizioa triangelatzeko irrati-seinaleak erabiltzea da (ikusi 2.12. irudia) [189].
Maiztasun-aldaketak detektatzen dituzten sentsoreen kasuan bezala, emaitza onak,
%94 ingurukoak, lortzen dira erorikoak hautematean. Erorikoak behar bezala detek-
tatzeko gai diren arren, erorketa bat beste ekintza mota batzuekin, adibidez posizio
aldaketa batekin, nahastu dezakete, positibo faltsu ugari sortuz.

Irudia 2.12: Irrati bidezko posizionamendu-sistema [189].

Bigarren taldean, soinuan oinarritutako sistemek daude [34, 201]. Sentsore mota
honen erabilerak %98 inguruko arrakasta-tasa dauka [34]. Gainera, sistema hauen
inplementazioa nahiko erraza da eta mikrofono kopuru txikia eskatzen du. Hala ere,
inguruneko eta kanpoko zaratek eragin diezaiokete, erorketen detekzioaren zehazta-
suna txikituz. Gainera, ikusmen-sistemek bezala, pribatutasun-arazoak sor ditzakete.

Azkenik, bibrazioan oinarritutako sistemak, lurzoruko bibrazio-patroiak identifika-
tzen dituzte [7]. Sistema hauek, egoera kontrolatu batean izandako erorketen %100
detektatzea lortzen da. Gainera, ez du aurreko irtenbidearen pribatutasun-arazorik,
baina kanpoko zaratek eta bibrazioek haren eraginkortasuna mugatzen dute.

Ingurumeneko seinaleak hautematean oinarritutako detektagailuek, ikusmenekoek
baino kostu txikiagokoak izan arren, hauek ere, espazio espezifikoetara mugatuta
daude.

Aurreko bi soluzioen arazoa konpontzeko, hirugarren soluzio multzo handia sen-
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tsore jantziak edo eramangarriak dira. Beraien tamaina txikiari esker, gorputzeko ia
edozein ataletan jar daitezke. Multzo honetako gailu gehienak sentsore inertziale-
tan oinarritzen dira, bereziki azelerometroetan [197, 35, 37, 53, 57, 181, 182, 114,
97, 142, 10, 67, 131]. Era berean, lan batzuek IMUak erabiltzea proposatzen du-
te. Informazio gehiago lortzeko, beste sentsore batzuekin konbinatzen dira, hala nola
giroskopioekin edo magnetometroekin, [153, 136, 141, 44] (ikusi 2.13. irudia).

Irudia 2.13: Sentsore eramangarrietan oinarritutako sistema: posizio bakoitzeko
arrakasta-tasa [141].

Soluzio gehienak aurreko gailuetan oinarritzen badira ere, egile batzuek beste
soluzio batzuk proposatu dituzte, hala nola, barometroen [20] edo smartphone eta
smartwatchetan integratutako azelerometroen eta giroskopioen erabilera [3, 92, 119,
104, 128], edo mikrofonoarena [34].

Sentsore jantzien ezaugarririk garrantzitsuenetako bat pertsonak soinean eraman
behar dituela da, eta horrek neurtzeko gaitasuna handitzen du. Hala ere, kontutan
izan behar da, sentsoreak kokatzen den posizioak garrantzi handia duela, jasotako
seinaleak posizio erlatibo horren arabera aldatuko baitira.

Egileen artean adostasun argirik ez dagoen arren, gehienek sentsoreak gerrian
jartzea erabaki dute [35, 53, 114, 182, 20, 54]. Hala ere, badira eskumuturrean
[197, 181, 67], oinean [57] eta bizkarrean [136] erabiltzea proposatzen duten auto-
reak ere. Azken ikerketetan, sentsoreen kokapen optimoa definitzen ahalegindu dira,
orkatilekin, bularrarekin eta gerriarekin lotutako posizioak ebaluatuz [37], eta horiei
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burua, eskumuturrak eta izterra gehituz [141]. Bi ikerketek ondorioztatzen dute, ero-
rikoak detektatzeko egokiena sentsorea gerrian kokatzea dela, nahiz eta emaitza ezin
hobeak lortzen diren sentsorea bularrean jarrita ere [37, 10].

Smartphone-ak sentsore gisa erabiltzea proposatzen dutenek ere [44], aztertu dute
erorketen detekziorako zein den posizio egokiena [3]. Kasu honetan, smartphone-a
gerrikoan edo poltsikoan jartzea aztertu dute, kasu bietan antzeko emaitzak lortuz.

Laburbilduz, sentsore jantzien abantaila nagusia irismena da, berain erabilera ez
baitago eremu jakin batera mugatuta. Hala ere, kokapenaren arabera, erabiltzailea
gogaitu dezake, batez ere adinekoa bada. Gainera, sor daitezkeen zarata parasi-
toak ezabatzeko, kasu gehienetan, posizionamendu egokia eskatzen dute. Adibidez,
Smartwatch eta smartphonen kasuan, gailuen mugimendu parasitoak poltsikoan edo
eskumuturrean iragaztea oraindik irekita dagoen ikerketa-eremu bat da.

Bestalde, erorikoak detektatzeko asmoarekin, pixkanaka-pixkanaka sentsoreak ibil-
tzeko laguntza gailuetan gehitzen ari dira [195, 65, 99]. Horien artean daude makil
instrumentatuetan [99, 195, 40] edo makuluetan [65] sentsoreak dituztenak. Ho-
rrelako elementuetan, askotan sentsore bat baino gehiago erabiltzen da erorikoak
detektatzeko. Konbinazio tipikoen barruan sartzen dira indar-sentsoreak eta sentsore
inertzialak erabiltzea [99, 65], edo GPSa duten sentsore inertzialak eta bihotz-sentsore
bat konbinatzea [195]. Hauen abantaila nagusia, sentsoreak gailuan kokatuta dau-
dela da, beraz, ILGaren erabiltzaileak ez litzateke posizionamendu zuzenaz arduratu
beharko.

Laburbilduz, aipatutako gailu guztiak erorikoak detektatzeko gai diren arren, ba-
koitzak bere abantaila eta eragozpenak ditu, testuinguruaren eta erabiltzailearen ara-
bera egokiagoak edo desegokiagoak egiten dituztenak. Ikusmen-sistemetan edo ingu-
rumen seinaleetan oinarritutakoak, lan eremutik (gela kontrolatutik) aterata, eragina
izateari uzten diote, gailu gehiago instalatzea eskatuz, eremu handiak estaltzeko. Gai-
nera, berain erabilera, barnealdeetara mugatuta dago. Bestalde, ingurumen-seinaleen
aldaketak detektatzen dituzten sistemei, zarata moduko kanpo perturbazioek eragin
diezaiekete.

Zentzu horretan, sentsore jantziek erabilera eremua handiagoa dute, baina beraien
inbasioa handiagoa da eta erabiltzaileei traba egin diezaiokete. Hori bereziki kritikoa
da mugitzeko makuluak edo makilak behar dituzten pertsonentzat. Gailu hauen era-
bilera ezinbestekoak denez, erorikoak detektatzeko edo beste monitorizazio-jarduera
batzuk egiteko sentsoreak hauetan kokatu daitezke. Modu honetan, erabilera ere-
mua handitu daiteke, erabiltzaileri enbarazurik egin gabe. Abantaila ugari izan arren,
oraindik irekita dagoen potentzial altuko ikerketa eremu bat dela ikusten da.

2.3.2 Erorikoak detektatzeko datuen prozesamendua

Erorikoak detektatzeko, aipatutako sentsoreek emandako datuak modu egokian pro-
zesatu behar dira. Horretarako, bi ikuspegi nagusi daude. Lehenengoa, sentsoreek
neurtutako datu gordinak erabiltzean datza [197, 181]. Datu horiek sare neurona-
letan sartzean dira zuzenean. Planteamendu honek, kostu konputazional handiagoa
du, eta soluzio suboptimoak eta ez oso interpretagarriak eskaintzen ditu.
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Bigarren ikuspegia, denborazko seriearen informazioa metriketan definitzea eta
arazoaren dimentsionaltasuna murriztea ahalbidetzen duten, ezaugarri garrantzitsue-
nak aukeratzean datza [57, 135, 141, 182, 119, 142, 102]. Ezaugarri gehienak
denbora-leihoei estatistikoak aplikatuz lortzen dira (batez bestekoa, bariantza, zu-
rrosia, autokorrelazioa...).

Datuak zatitu eta ezaugarri garrantzitsuenak definitu ondoren, sailkatzaile bat
diseinatu behar da, eroriko bat egon den ala ez zehazteko. Sailkatzaile hau diseina-
tzeko, Machine Learning teknika aplikatu izan dira [134]. Teknika horien barruan,
sailkatzaileak definitzeko teknika ugari aurki daitezke [154].

Erorikoak detektatzeko gehien erabiltzen den tekniketako bat Artificial Neural
Network da [5, 136, 181, 182, 197, 141, 18, 34, 53, 114, 135, 137, 119, 87]. Arti-
ficial Neural Networkak hainbat motatakoak izan daitezke. Sare neuronalen soluzio
klasikoenen artean MLP topologia da erabiliena [136, 135, 53, 181, 182, 141]. Tekni-
ka honetan, batez ere, sentsoreetako seinaleetatik ateratako ezaugarrietatik abiatuta
sailkatzen dira erorketak. Neurona-sareen eraginkortasuna entrenamendu-prozesuaren
araberakoa den arren, MLPen bitartez erorketen %98a detektatu daitekela frogatu
da [182]. Ikerketa horretan, 11 erabiltzailek 11 erorketa desberdin simulatu dituzte.
Neurketak egiteko erabiltzailen gerrian azelerometro triaxial bat kolokatu da.

Autore batzuek, erorikoak detektatzeko teknika konplexuagoak erabiltzen dituzte
[87, 197, 119, 114, 137, 67, 160]. Horien artean dago RNN, azelerometroen neur-
ketekin oinarrituz, erorikoak detektatzen dituena [114, 119]. Sistema mota honek,
datu ugariko datu-basea behar du entrenatzeko. Gainera, lehen aztertutakoak ez
bezala, neuronen irteerako datuen atzeraelikaduran oinarritzen dira, denbora-tarte ja-
kin batean sailkapena lortzeko. Erabilitako beste teknika konplexuetako bat CNN da
[137, 67, 160]. Teknika mota horretan oinarritutako sareak irudiak ezagutzeko era-
biltzen dira normalean. Irudiak sarreratzat hartzen dituzte, eta irudietako elementu
batzuei pisu bat ematen zaie. Honela, sareen ezkutuko geruzak irudiaren elementu
horiek ezagutzeko gai dira. Geruza bakoitza ezagutza-mota batean espezializatzen
da; horrela, ezkutuko geruza guztiak konbinatuz, forma konplexuagoak ezagutzeko gai
da. Sare konplexu horiek denbora eta kontsumo konputazional handia eskatzen dute.
Mota horretako sistemek, erorketen %94 [137] edo %100 [197] detekta ditzakete.

Neurona-sareez gain, Machine Learning teknikek, SVM moduko sailkapenera bide-
ratutako beste teknika batzuk ere badituzte [136, 37, 57, 119, 141, 201, 97, 20, 142,
128, 56]. Teknika horiek, sailkatu beharreko klaseak dauden eskualdea mugatzen
duten, bektoreak eraikitzen dituzte. Bektore horiek lortzeko, mota desberdinetako
puntuak ematen dituzten entrenamenduak behar dira. MLP sareetan oinarritutako
sistemen kasuan bezala, batez ere seinale prozesatuen ezaugarriekin lan egiten dute.
Teknika hauekin oso arrakasta ona lortu dute, %98-tik gorakoa [57].

K-NN teknikak, saikapenerako asko erabili izan ohi diren beste Machine Learning
teknika bat dira [50, 108, 142]. Teknika honek, SVMaren antzeko aplikazioa du, eta
%96-ko asmatze-tasak lortu ditu erorketen detekzioan [50].

Azkenik, erorikoak detektatzeko gutxiago erabiltzen diren beste teknologia batzuk
aurki daitezke. Besteak beste, erorketak detektatzeko, Thresholds, erorketak detek-
tatzen dituzte parametroetako batek edo batzuek muga bat gainditu dutela detekta-
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tzen duena [7, 35, 153, 195, 104]; Naive Bayes, gainerakoen ezaugarrietako bakoitza
independizatuz sailkatzen duena [119, 3, 141, 142]; Fuzzic Logic aldagaiak proze-
satzeko ikuspegia duena [53]; Decision Trees [3, 99] eta Random Forest [189, 142]
arauetan oinarritutako sistemak [92], Logistic Regression [18, 142] edo LSM oinarri-
tutakoak [34, 141] erabiltzen dira.

Oro har, ez dago adostasunik teknika baten eta bestearen arteko egokitasuna-
ri buruz. Ildo horretan, zenbait autorek konparazioak proposatu dituzte tekniken
eraginkortasuna ebaluatzeko. [3]n egileek K-NN, Decision Trees eta Naive Bayes
alderatzen dituzte, eta emaitzarik onena DTk ematen duela erakusten dute, nahiz
eta Naive Bayesk lortutako emaitzak antzekoak izan. [119]n SVM, Naive Bayes eta
RNN alderatzen dituzte, eta emaitzarik onenak azken horretan lortu dituzte (%100),
SVMren %93,45rekin alderatuta. [141]n hainbat teknologia konparatzen dira, sinuen
posizionamendua eta K-NN, SVM, gutxieneko karratuak, erabaki bayestarrak hartzea,
denbora-distortsio dinamikoa eta ANN. Emaitzarik onena K-NN erabiliz lortzen da,
baina kasu guztietan zehaztasuna %90 baino handiagoa da.

Ondorioz, erorikoak detektatzeko erabiltzen diren tekniketan barietate handia da-
goen arren, ANN edo SVMn oinarritutako sistemak erabiltzeko joera dago. Oro har,
erorketak detektatzeko erabiltzen diren teknologia guztiek %90etik gorako arrakasta
dute. Nahiz eta, RNN bezalako teknika batzuekin %100eko asmamena lortzen du-
ten, teknika horiek kostu konputazional handiagoa dute eta lagin gehiago behar izaten
dituzte ondo funtzionatzeko, detektagailu horien garapena garestituz.

Teknologia horiek beste arlo batzuetan erabili ohi dira, eta horrek ezagunagoak
egiten ditu. Gainera, teknologia horiek aplikatzeko errazak dira eta ez dute datu-base
handiegirik behar.
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Taula 2.3: Erorketen detekzioari buruzko azterlanen alderdi nagusiak. (A = Azelero-
metro, G = Giroskopio, M = Magnetometro, F = Indarra).

Azterketa Sentsoreak
Sentsore
Posizioa

Detekzio
Metodoa

[4] Smartphone A Poltsiko, Gerriko
Decision Trees,
K-NN, NB

[5] Bideo ANN
[10] A, G Bular Threshold
[18] Bideo SVM, ANN, LR

[34]
Smartphone
audioa

Poltsiko
K-NN, SVM,
LSM, ANN

[35] A Gerria Threshold
[37] 3-ardatz A Poltsiko, Bular, Gerria SVM
[44] Smartphone IMU Poltsiko RNN
[50] Bideo K-NN
[53] A Gerria Fuzzy logic, ANN
[57] A Oina SVM
[61] IMU Makulu sentsorizatua Threshold, Gertaera
[65] F, 3-ardatz G Makulu sentsorizatua Threshold
[87] Radar Deep Learning
[92] Smartwatch Eskumutur Threshold
[99] F, 3-ardatz A, G Makulu sentsorizatua Threshold
[108] Bideo K-NN
[114] A Gerria RNN

[115] Bideo
Fluxu optikoaren
aldaketa

[119] Smartwatch A Eskumutur SVM, NB, DL
[136] 3-ardatz A 2x G Sorbalda, Gerriko ANN, SVM
[137] Bideo CNN

[141]
6x 3-ardatz
A, G, M

Burua, Orkatila, Gerria,
Eskumutur, Bular, Izter

K-NN, SVM, LSM,
BDM, ANN, DTW

[142]
Sentsore
Inertziala

Sorbalda
SVM, K-NN, LR,
NB, RF

[153] A, G ANN, Threshold
[181] 3-ardatz A Eskumutur ANN
[182] 3-ardatz A Gerria ANN
[189] Radio seinalea SVM, RF

[196]
GPSG, G, Bihotz
erritmo sentsorea

Makulu
sentsorizatua

Angulu
identifikazioa

[197] 3-ardatz A Eskumutur ANN
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2.4 Ondorioak

Kapitulu honetan aipatu den bezala, Jarduera Fisikoa sailkatzeko eta erorikoak de-
tektatzeko sentsoreak erabiltzeak abantaila ugari ekar ditzake. Ikerketa-arlo honetan
aurrerapen nabariak egin badira ere, oraindik hobetu beharreko hainbat alderdi daude.

2.1. kapituluan adierazi den moduan, sentsore mota jakin batzuen erabilerak
eragozpen asko izan ditzake. Gehien erabiltzen diren sentsoreak, sentsore jantziak
eta ikusmenean oinarritutakoak, erabiltzaileentzako ezerosoak dira edo pribatutasun-
arazoak dituzte. Nahiz eta sentsore jantziak emaitza onak lortu helburu jakin bate-
rako erabiltzen direnean, behar bezala jartzeko zailtasunak neurketan akatsak eragin
ditzake. Gainera, zarata parasitoak sor ditzakete, arropa edo gorputzaren gainean
jartzen direlako, eta horrek sailkapen okerra eragin dezake. Egoera honen aurrean,
sentsoreak ILG kokatzeak onura nabarmenak ekar ditzakeela ikusi da. Sentsoreak
ILGn integratzea erabaki duten ikertzaileek, hainbat sentsore mota erabiltzen dituz-
te. Gehienek, sentsore inertzialak erabiltzen dituzte egindako mugimendua neurtzeko,
eta erabiltzaileak egindako indarra, indar-sentsoreen bidez neurtzen dute.

Laguntza gailu sentsorizatu asko aurki daitezkeen arren, gehienak ILGren menpe
daude, hau da, erabiltzaileak ILG bat bera erabili behar du aldioro. Hau arazo bat
izan daiteke, pertsona bakar batentzat egokia den Ibiltzeko Laguntza Gailuak ez baitu
zertan beste pertsona batentzat funtzionatzen duenaren berdina izan behar. Gainera,
Ibiltzeko Laguntza Gailuako sentsore askok inpraktikoak egiten dituzte erabiltzeko.
ILGra egokitzeko gai diren sentsore-sistemak erabiltzea ustiatu gabeko eremua da.
ILGra egokitzeko moduko sentsore-sistemak diseinatzea azterketa-eremu interesga-
rria da, aukera ematen baitu sentsoreak erabiltzailearentzat erosoena den ILGra ego-
kitzeko. Horregatik, doktore tesi honetan, ILGen artean egokitzeko eta trukatzeko
gai den punta sentsorizatu bat diseinatzen da.

2.2. kapituluan azaldu denez, lortutako datuen tratamendua eta sailkapenerako
erabilitako metodologia ere garrantzi handikoa da. Jarduera fisikoak sailkatzeko ja-
rraitutako metodologia honela banatu ohi da: datuak egokitzeko fasea, ezaugarriak
sortzeko fasea, ezaugarriak murrizteko fasea eta, azkenik, sailkapen-fasea. Aztertuta-
ko lan gehienek egitura hori jarraitzen duten arren, horretarako erabilitako metodoak
askotarikoak dira. Datuen egokitzapenaren kasuan, leihoak zatitzean oinarritutako
metodologiak aurkeztu ohi dira, leiho mota kasu bakoitzaren beharren arabera alda-
tuz. Ezaugarriak sortzeko prozesua aztertuz gero, gehienek kalkulu estatistikoetan
oinarritutako ezaugarriak erabiltzen dituzten arren, beste ezaugarri batzuk erabiltzen
dituzten lanak ere aurki daitezke. Ezaugarrien dimentsionaltasuna murrizteari dago-
kionez, estrategia ugari erabiltzen dira, ia guztiak emaitza onak ematen dituztelarik.
Sailkapenerako erabilitako metodologiak aztertuta, barietate handia aurki daiteke,
baina kasu gehienetan Machine Learning oinarritutako metodologiak erabiltzen dira,
SVM, K-NN edo ANN bezala. Horregatik guztiagatik, doktorego-tesi honek, ILGari
akoplatutako punta sensorizatuak neurtutako datuetan oinarrituta, Jarduera Fisi-
koakoa sailkatzaileko sistema adimenduna garatzea proposatzen du.

2.3. kapituluan adierazi den moduan, esan behar da erorikoak detektatzeko era-
biltzen diren elementu gehienak sentsore eramangarriak direla. Sentsore hauek ingu-
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rune desberdinetan erorikoak detektatzeko gai badira ere, eragozpen ugari dituzte,
beti behar bezala kokatuta egon behar dira eta gogaikarriak izan daitezke erabiltzai-
leentzat. Nahiz eta gaur egunean gutxi landutako alor bat izan, irtenbide praktiko
eta egokienetako bat Ibiltzeko Laguntza Gailuan erorikoak detektatzeko gai diren
sentsoreak gehitzea izan daiteke. Horregatik, doktorego-tesi honek, punta sentsori-
zatua erabiliz erorikoen detektagailu bat diseinatzea proposatzen du, eroriko baten
ondorioengatik errehabilitazio beharra murrizteko. Bestalde, erorikoak detektatzeko
gehien erabiltzen diren metodoak Machine Learning sistemetan oinarritzen dira, batez
ere ANN eta SVM sistemetan.

Hurrengo ataletan tesian egindako garapenak azalduko dira. Hau da, kapitulu
honetan aztertu eta hauteman diren arazoei irtenbide berriak emango zaizkie.
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3
Jarduera fisikoa sailkatu eta

erorikoak detektatzeko Punta
sentsorizatua

Kapitulu honetan, Jarduera Fisikoa (JF) monitorizatzeko/kuantifikatzeko eta erorke-
tak detektatzeko punta sentsorizatu adimenduna garatzeko egindako lanaren laburpe-
na aurkezten. Doktorego tesi hau, artikuluen bildumaren bidez aurkezten denez, atal
honetan, 1. eranskinean [28], 2. eranskinean [126] eta 3. eranskinean [125] egindako
lanak laburbiltzen dira. Artikulu horietan aurkitu daiteke egindako lanaren inguruko
informazio zehatzagoa.

3.1 Ibiltzeko Laguntza Gailurako Punta sentsorizatua

Atal honetan, Jarduera Fisikoa monitorizatzeko diseinatutako punta sensorizatu al-
dagarriaren diseinua laburbiltzen da. Atal honen azalpen zehatza 1. eranskinean [28]
aurki daiteke. Artikulu hau, Sensors izeneko sarbide irekiko aldizkarian argitaratu da.

2.1. kapituluan, jarduera fisikoa detektatzeko Ibiltzeko Laguntza Gailua (ILG)
desberdinetan txertatutako sentsoreak aztertu ondoren, Punta sensorizatu bat gara-
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tzea erabaki zen. Punta sensorizatu honen garapenaren helburua ILG bat daramaten
pertsonen Jarduera Fisikoa neurtu ahal izatea da. Hainbat ILGetara egokitu daite-
keen Punta sensorizatu baten bidez, gaur egunean JF monitorizatzeko erabiltzen diren
sentsoreen arazo nagusie erantzuna eman nahi zaie.

3.1.1 Punta sentsorizatuaren prototipoa

Puntu sentsorizatu hau osatzen duen sistemak bi elementu nagusi ditu (ikusi 3.1.
irudia): 1) sentsoreak eta sentsoreetatik lortutako datuak prozesatzeko eta bidaltzeko
elektronika dituen Punta sensorizatua; 2) Punta sentsorizatuaren elektronika guztia
elikatzen duen 5V -ko USB bateria estandar bat. 2.1. kapituluan aipatutako beste
ILG sensorizatu ez bezala, Punta sensorizatu hau edozein ILG-i (makulu, makila...)
akoplatzeko diseinatuta dago, atxikitze-sistema sinple baten bidez.

Irudia 3.1: Sistemaren elementuak eta erreferentzia-ardatzak.

Punta Sentsorizatuaren egitura, diseinu propiokoa da (patentearen zain), eta bar-
nean, sentsoreak, datu-prozesadorea eta bidalketa-sistema ditu. Egitura hau alumi-
nioz diseinatuta dago eta pisua baxukoa da. Punta sensorizatuaren pisua (sentsoreak
barne eta kanpoko bateria kontutan eduki gabe) 180g da. Bere luzera (0,06m), maku-
luaren altuera doitzeko hautatu da, izan ere, makulu estandar batean, hiru posizioren
arteko distantzia 0,06m baita. Punta Sentsorizatuaren egiturak 5 zati ditu (ikusi
3.2. irudia): makuluaren euskarria; sentsore gehienak eta prozesadorea ILGren zur-
toinera lotzen dituen euskarria; indar-sentsorea eta honen euskarria; indar-sentsoreari
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indar axiala transmititzen dion indar-transmisorea; eta indar-sentsoreari eusten dion
euskarria.

FORCE 
TRANSMITTER

TIP 
SUPPORT

FORCE 
SENSOR

FORCE 
SENSOR 

SUPPORT

CRUTCH 
SUPPORT

SENSORS AND 
ELECTRONICS

(a) (b)

Irudia 3.2: Punta sentsorizatuaren egitura mekanikoa.

Punta Sensorizatuak JFko hainbat aldagai neurtzen dituzten sentsore desberdi-
nak ditu. 2.1. kapituluan aipatu bezala, aldagai garrantzizkoenak ILGren mugimen-
dua eta erabiltzaileak ILGn aplikatutako indarra dira. Lan desberdinetan erabilitako
elementuak kontuan hartuta, kasu honetan, 3 ardatzeko azelerometroa, 3 ardatze-
ko giroskopioa eta 3 ardatzeko magnetometroa dituen, X-Sens Inertial Measurement
Unit (IMU) MTi-1 bat inplementatuko da. IMU horrek, adierazitako sentsoreen da-
tuez gain, Roll-Pitch-Yaw angelu absolutuen balioa ere ematen du. Bestalde, indar
axiala neurtzeko, HBMko C9C sentsorea erabiltzen da. Indar-sentsore horren irteera-
seinalea egokitzeko, seinalea anplifikatzeko zirkuitu bat gehitu da. Azkenik, Boshek
garatutako BMP280 sentsore barometrikoa du.

Sentsore horiek neurtutako datuak prozesatzeko unitate baten bitartez irakurtzen
dira. Unitate horrek, datuak prozesatu eta Bluetooth bidez datuak eskuratzeko kan-
poko sistema batera bidaltzen ditu. Datuak prozesatzeko unitate hau, nRF52 IC
prozesadore batean oinarritutako BLE Nano v2 bat da. IMUak eta barometroak I2C
komunikazioaren bidez bidaltzen dituzte datuak BLE Nanora; indar-sentsoreak, berriz,
BLE Nanoaren sarrera analogikoetako bat erabiltzen du. BLE Nano prozesadoreak,
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eskuratutako datuak Bluetooth Low Energy (BLE) bidez bidaltzen ditu. BLEren
energia-kontsumo txikiari esker, punta sentsorizatuak ez du bateria asko kontsumi-
tzen. Zehatzago esanda, energia-kontsumoa 0,225Wkoa da 5V ra.

Taula 3.1: BLE paketeen datuak

Lehenengo Paketea 20 Bytes Bigarren Paketea 20 Bytes
Bits Zenbakia Bits Zenbakia

Iterazioa 4 Iterazioa 4
Indarra 16 Azelerometroa 45
Altuera 32 Y ardatza 20
Euler Anguluak 78 Z ardatza 25

Roll 26 Giroscopio 60
Pitch 26 X ardatza 20
Yaw 26 Y ardatza 20

Azelerometro 30 Z ardatza 20
X ardatza 25 Magnetometro 48
Y ardatza 5 X ardatza 16

Y ardatza 16
Z ardatza 16

BLE Nanok sentsoreetatik eskuratutako datuak Bluetooth bidez ordenagailu edo
smathphone batera bidali eta bertan gordetzen dira. Bidali beharreko datuak bi pa-
ketetan sartu eta 50Hz-ko maiztasunarekin bidaltzen dira. 3.1. taulan agertzen den
moduan, guztira 40 byte bidaltzen dira laginketa-aldi bakoitzean.

3.1.2 Neurketa-erroreen karakterizazioa

Puntu sentsorizatuaren zehaztasuna ezagutzeko, atal honetan, erabilitako sentsoreen
errorea analisatzen da.

X-Sens sentsoreak emandako Eulerren angeluak baliozkotzeko, Punta sentsori-
zatuak neurtutako datuak, UPV/EHUn instalatutako 3D VICON mugimendua atze-
mateko sistemak emandakoekin alderatzen dira. Sistema honek, 4x4 m-ko eremua
estaltzen duten 8 kamera ditu (ikusi 3.3a. irudia). Kamera-sistema honekin neurtu
ahal izateko, 6 markatzaile islatzaile gehitzen dira Punta sensorizatuarekin erabiltzen
den makuluan (ikusi 3.3b. irudia).

Eulerren angeluak baliozkotzeko hainbat proba desberdin diseinatu dira. Bost
ibilbide hartu dira kontuan (ikusi 3.3a. irudia): lerro zuzenean 4m egiteko hiru pro-
ba, makuluaren heldulekuaren orientazio desberdinekin (gutxi gorabehera 0◦, 45◦ eta
90◦ errotaziokoak) (ikusi 3.3c. irudia); sigi-sagako ibilbide bat (0◦ errotaziokoa) eta
ibilbide zirkular bat (0◦ errotaziokoa).

Probak egin ondoren, emaitzek erakusten dute, Punta sentsorizatuak 1,5◦-tik
beherako errorea duela Roll eta Pitch angeluetan (ikusi 3.2. taula). Yaw angeluaren
kasuan errorea handiagoa 4,3◦ (ikusi 3.2. taula). Balio horiek literaturan proposatu-
takoen antzekoak dira, beraz, aplikazio honetarako onargarriak direla esan daiteke.
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MCS Cameras 
Influence Area

(4x4m)

Circle Test 
Route

Straight Test Route

ZigZag Test 
Route

MCS Cameras

(a)

1

2

3

4

5
6

(b)

(c)

Irudia 3.3: (a) 3Dko mugimendua neurtzeko laborategiaren eskema kamerekin,
neurtze-eremua eta definitutako proba-ibilbideak. (b) Markatzaile islatzaileen bana-
keta erabilitako makuluan (markatzaileak zenbakiekin identifikatzen dira). (c) Maku-
luaren heldulekuaren posizioa aitzinamendu-planoarekiko, X-Sens sistemak emandako
Eulerren angeluak baliozkotzeko probetan.
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Taula 3.2: X-Senseko Eulerren angeluen estimazio-errorea.

RMS Errorea

Froga
Helduleku
Orientazioa Roll (◦) Pitch (◦) Yaw (◦)

Ibili 4 metro zuzen 0◦ 0.5439 1.0971 2.3457
Ibili 4 metro zuzen 45◦ 0.8482 0.7325 2.1725
Ibili 4 metro zuzen 90◦ 0.5429 1.0984 2.3404

Sigi-saga 0◦ 0.6736 0.8693 4.3096
Zirkulua 0◦ 0.935 1.5278 4.3099

Batezbesteko 0.7267 1.0777 3.4688

VICON sistema bera erabiliz, X-Sensen sentsore azelerometrikoaren zehaztasuna
balioztatzen da. Horretarako, 4m-ko proba erabiltzen da (0◦-ko orientazioa). Lor-
tutako emaitzen erroreak 1,4m/s2-tik beherakoak dira 3 ardatzetan. 3.4. irudian
ikus daitekeenez, VICON sistemak eta X-Sens sentsoreak neurtutako kurba oso an-
tzekoak dira, lurzoruaren aurkako inpaktu bat jasaten denean izan ezik, efektu horrek
azelerazio handiagoa baitu.

Irudia 3.4: X-Sens eta Vicon bidez neurtutako azelerazioen konparaketa.

X-Sens sentsoreekin amaitzeko, 3 ardatzeko giroskopioa baliozkotzen da. Horre-
tarako, Punta sentsorizatuta birarazten da serbomotor batekin. 3 abiadura desberdi-
netan birarazten da: 100◦/s, 200◦/s eta 300◦/s. Errorea handitu egiten da moto-
rraren errotazio-abiadura handitu ahala. Hala ere, egiaztatu da pertsona osasuntsu
baten ILGaren abiadura angeluarra 180◦/s-tik beherakoa dela x eta y ardatzetan eta
220◦/s-tik beherakoa z ardatzean. Beraz, abiadura-tarte horretan, akatsa 1◦/stik
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beherakoa izango da.
Erabilitako C9C indar-sentsorea baliozkotzeko, Bertec 4060-15 indar-plaka batek

neurtutako datuekin alderatzen da. Lehenik eta behin, kurbaren funtzioa kalkulatzen
da, puntari pisua gehituz kg-ko gehikuntzetan.

y = −230.71x2 + 797.3736x − 285.6619 (3.1)

Funtzio hori lortu ondoren, indar axial desberdinak egiten dira eta sentsorearen
neurriak indar-plataformaren emaitzekin alderatzen dira. Ateratzen diren kurbak 3.5.
irudian ikus daitezke. Lortutako emaitzak onargarriak dira mota honetako aplikazioe-
tarako (21.1N RMS errorearekin).

Irudia 3.5: Kalibrazio ondoren indar-sentsoreak ematen dituen datuak eta baskulatik
neurtutako datuak.

Azkenik, BMP280 barometroaren zehaztasuna egiaztatzen da. Horretarako, pro-
ba erraz bat egin da erreferentzia gisa eskailera multzo bat erabiliz. Proba, 12 eskaile-
rako (2,04m-ko) lau zatitan banatu da. Denbora-bilakaeran eskailera-tarte bakoitzari
lotutako eremu lauak kontuan hartuta, RMS errorea 0,2716m lortzen da, eta batez
besteko errorea, berriz, -0,0466m da. Kontuan izan fabrikatzailearen datuekin bat
datorrela, 0,12hPa-ko zehaztasun erlatiboa ematen baitu.

3.1.3 Gailuaren orientazioaren estimazioa

Erabilitako gailuaren kasuan, Kalman-iragazki batean oinarritutako algoritmo propio
baten bidez, Mti-1 sentsore integratuak, Eulerren orientazio-angeluak ematen ditu.
Angelu hauek, Punta sensorizatuaren erreferentzia lokala, Stip(x, y , z), erreferentzia
globalarekin, SG(X, Y, Z), erlazionatzen dute.

43
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(a)

(b)

Irudia 3.6: (a) Angelu Anteroposteriorra eta Lateromediala. (b) Erreferentzia oroko-
rreko, gorputzeko eta punta sentsorizatuko ardatzak.
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3.1. Ibiltzeko Laguntza Gailurako Punta sentsorizatua

Hala ere, aplikazio honetan, pazientearen gorputzarekiko Ibiltzeko Laguntza Gai-
luaren mugimendu erlatiboa behar da. Hau da, angelu Anteroposteriorra eta Latero-
medialak, 3.6a. irudian ikusten den bezala.

Angelu horiek kalkulatzeko, bi urrats egin behar dira. Lehenik eta behin, sentso-
reak emandako datuetatik abiatuta, gorputzaren erreferentzia-sistema eta aurrerapen-
planoa lortzen dira. Bigarrenik, angelu Anteroposteriorra eta Lateromedialak kalku-
latzen dira.

Gorputzaren erreferentzia-sistema, MTi-1 sentsoreak sortzen duen erreferentzia-
sistema globalaren Z ardatzarekin lerrokatutzat hartzen da. Bere X ′ ardatzak gor-
putzaren mugimenduaren norabidean apuntatzen du, honela, X ′Z′ aurrerapen-planoa
definituz. Beraz, erreferentzia globala eta gorputzaren erreferentzia sistema, Z ar-
datz globalarekiko θ-ren errotazioaren bidez erlazionatuta daude (ikusi 3.6b. iru-
dia). Erreferentzia-sistema hori lortzeko, mugimenduaren norabidea definitu behar da
erreferentzia-sistema globalaren planoan (XY ). Horretarako, kontuan izan behar da
MTi-1en erreferentzia-esparru globalak Z ardatza baino ez duela finkatzen, eta ILG
erabiltzen duten pertsonek angelu ugariko heldulekua har dezaketela.

Horrela, aurrerapen-planoa ezagutzeko, lehenik eta behin, indar-sentsorea era-
bilita, urratsen faseak definitzen dira (euskarri-fasea eta kulunka-fasea). Fase ho-
riek ezagututa, laguntza-fasearen prozesuan Eulerren angeluak biltegiratzen dira eta
ILGaren 3D orientazioa irudikatzen da (ikusi 3.7. irudia). Neurtutako Euler-angeluen
multzo bakoitzerako, detekzio-puntaren erreferentzi-sistema lokala eta MT i − 1en
erreferentzi-sistema globala erlazionatzen dituen, errotazio-matrize bat defini daite-
ke. Punta Sentsorizatuaren Z ardatz lokala Punta Sentsorizatuaren ardatzarekin
lerrokatuta dagoenez, posible da Z ardatz lokalari lotutako Guz bektore unitarioaren
irudikapena definitzea hirugarren zutabe globalaren esparruan Rrpy.

Irudia 3.7: Sentsorizatutako puntaren 3D orientazioa eta planoaren proiekzioa (XY ).
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Puntu Sentsorizatuaren sentsoreen kasuan bezala, proposatutako algoritmoa egiaz-
tatzen da. Kasu honetan, heldulekuaren orientazioa aldatzen duten hainbat ibilbide
egiten dira. Lortutako emaitzak konparatu ahal izateko, proba horiek VICON inguru-
nean egiten dira. Lortutako errorea 5◦ baino txikiagoa da kasu guztietan, zirkuluetan
ibiltzen denean izan ezik, non errorea 8◦ ingurukoa den (ikusi 3.8. irudia). Errore
hori mugimendu zirkularraren ezaugarriengatik gertatzen da, kasu honetan ez baita-
go aurrerapen-plano finkorik urratsetan zehar. Hala ere, 3.8. irudian ikus daitekeen
bezala, kalkulatutako aurrerapen-planoak egindako ibilbide zirkularrera nahiko ongi
hurbiltzen dira.

Irudia 3.8: Proba zirkularreko aurrerapen-planoaren kalkulua (eszenatoki okerrena)
eta benetako ibilbidearen konparaketa.

Azkenik, angelu Anteroposteriorra eta Lateromediala kalkulatzen dira. Horre-
tarako, Sentsorizatutako puntaren erreferentzia-ardatzetako z ardatzaren proiekzioa
erabiltzen da, gorputzaren erreferentzia-ardatzekiko.

3.1.4 Punta sentsorizatuaren bertsio berria

Indar-sentsorearen zehaztasuna hobetzeko eta ILGn egindako indar axiala modu errea-
listagoan transferitu ahal izateko, Punta sentsorizatuaren diseinu mekanikoa hobetu
da (ikusi 3.10. irudia). Aldaketak bakarrik Punta sentsorizatuaren egitura mekanikoan
egin dira, hau da, gainerako elementuak aurreko bertsioko berdinak dira.

Egin den aldaketetako bat, ILGra Punta sentsorizatua finkatzeko sistema aldatzea
izan da. Lehengo bernoetan oinarritutako sistema, besarkaderetan oinarritutako sis-
temagatik aldatu da. Hobekuntza horrek Punta sensorizatuaren finkatzea errazagoa
eta sendoagoa izatea ahalbideratzen du.
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3.1. Ibiltzeko Laguntza Gailurako Punta sentsorizatua

Irudia 3.9: Punta sentsorizatu berria.

Irudia 3.10: Sentsorizatutako punta berriaren indar-sentsorearen kalibrazio-kurba eta
indar baskulatik lortutako datuak.
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Bestalde, indar-sentsorera transmititzen duen pieza aldatu da. Diseinu berriare-
kin, puntaren elementu desberdinen arteko marruskadura txikitu da. 3.10. irudian
ikus daitekeenez, indar-sentsoreak neurtutako kurba eta baskulak emandakoak ia ber-
dinak dira. Ikusten denez, aurreko bertsiorekin alderatuta (3.5. irudia), askoz ere
zehaztasun handiagoa du bertsioa berri honek (11.4N RMS errorearekin).

3.1.5 Ondorioak

Atal honetan, edozein ILG-i egokitu dakiokeena Punta sensorizatu bat aurkezten da.
Punta sensorizatu honek, ILG erabiltzen duten pertsonen jarduera monitorizatzeko
gaitasuna du. Integratu zaizkion sentsoreei esker, ILGren mugimendua eta erabiltzai-
leak egindako indarra neurtzeko gai da. Gainera, Bluetooth bidez datua transmititzeko
eta ahalik eta gutxien pisatzeko diseinatu da.

Proba desberdinen bidez, Punta sentsorizatuaren errorea kalkulatu da. Horretaz
gainera, ILGren angelu lateromediala eta anteropostiorra kalkulatzeko algoritmo bat
diseinatu da. Lortutako emaitzek erakusten dutenez, lortutako erroreak txikiak eta
onargarriak dira. Beraz, diseinatutako Punta sensorizatua egokia da ILG erabiltzen
duten pertsonen jarduera monitorizatzeko.

Gainera, gailuaren bertsio berri bat diseinatu da, lortutako emaitzak hobetzeko.
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3.2. Jarduera fisikoaren sailkatzailea

3.2 Jarduera fisikoaren sailkatzailea

Atal honetan, Jarduera Fisikoaren sailkatzailearen diseinua laburbiltzen da. Sailkatzai-
le hau, Punta sentsorizatuaren sentsoreek neurtutako datuetan oinarrituta garatu da.
Diseinuaren informazioa zehatzagoa 2. eranskineko [126] artikuluan aurkitu daiteke.
Artikulu hau, sarbide irekiko IEEE Access aldizkarian argitaratu da.

Jarduera Fisikoa monitorizatzeko gai den Punta sentsorizatua garatu ondoren,
egindako jarduera fisikoak sailkatzeko gai den metodologia bat behar da. 2.2. kapitu-
luan aipatu den bezala, JF sailkatzeko sistema gehienek metodologia bera jarraitzen
dute. Sentsoreen bitartez datuak bildu ondoren, datuak segmentu txikiagoetan ba-
natzen dira; ondoren, ezaugarriak identifikatzen dira; ostean, sortutako ezaugarriak
murrizten dira garrantzitsuenak aukeratuz; eta, azkenik, sailkatzailea diseinatzen da.
2.2. kapituluan pausu bakoitzerako teknika desberdinak analizatu dira.

3.2.1 Datuak atzemateko entseguak

Punta sensorizatuan oinarritutako JFren sailkatzaile bat garatzeko, lehenik eta behin,
datu-base bat sortu behar da. Horretarako, zer jarduera sailkatu nahi diren hautatu,
eta jarduera horiek dituzten entsegu desberdinak egin behar dira. Kasu honetan, 5
jarduera fisiko desberdin sailkatuko dira:

• Lerro zuzenen 30m ibili abiadura arruntean.

• Lerro zuzenen 30m ibili normaletik gorako abiaduran (gutxi gorabehera %30
azkarrago).

• 10 segundo inguru geldirik egon.

• 11 mailako eskailera igo.

• 11 mailako eskailera jaitsi.

Entseguak 11 pertsona desberdinek egin dituzte (ikusi 2. eranskinean datu zeha-
tzagoak), eta partaide bakoitzak hiru aldiz errepikatu ditu proba guztiak.

3.2.2 Datuen segmentazioa

Entseguen bidez datuak neurtu ondoren, datuak segmentatu behar dira. Segmenta-
zio hori egiteko, 2.2. kapituluan ikusitako aukera desberdinak aztertu dira eta leihoak
ekitaldien arabera sortzea erabaki da. Leiho bakoitzak, ILGaren erabilera ziko edo
fase oso bat (oreka-fasea eta kulunka-fasea) izango du (ikusi 3.11. irudia). Zati-
keta hori lortzeko, Punta sentsorizatuan integratutako indar-sentsorea erabiltzen da.
Leihoaren hasiera oreka-fasearen hasierak definitzen du, eta leihoaren amaiera, be-
rriz, kulunka-fasearen amaierak. Aurreko entseguetan lortutako leihoen kopurua 3.3.
taulan laburbiltzen da.

JFaren sailkatzailea garatzeko, datuak bi multzotan banatzen dira, bata MLn oina-
rritutako sistemen entrenamendurako erabiliko da eta bestea sortutako sakailatzaileak
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Kapitulua 3. Jarduera fisikoa sailkatu eta erorikoak detektatzeko Punta sentsorizatua

Irudia 3.11: ILG baten erabilera-zikloa eta haren faseak. Leihoetan datu segmenta-
zioa, indar-sentsoretik eskuratutako datuak erabilita.
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Taula 3.3: Jarduera Fisikoa (JF)ko datuen leiho kopurua. Entrenamendurako eta
testerako datuak.

JF Mota Leiho Kopurua Entrenamendu Datuak Test Datuak
Normal Ibili 724 254 123
Azkar Ibili 528 264 118
Eskailerak Igo 360 251 109
Eskailerak Jaitsi 357 251 106
Geldirik Egon 329 218 111

Guztira 1238 567

ondo funtzionatzen duela egiaztatzeko edo testatzeko. Zatiketa hori egiteko, datuen
%70 inguru entrenamendurako erabiltzen dira, eta gainerakoak testatzeko uzten dira
(ikusi 3.3. taula).

3.2.3 Ikaskuntza automatikoan oinarritutako JFkoaren sailkatzaileak
diseinatzeko metodologia

Datuak leihoetan banatu ondoren, datu-basea egokitzen da, eta azkenik, JFkoaren
sailkatzailea garatzen. 2.2. kapituluan aipatutako metodologiari jarraituz (ikusi 3.12.
irudia), datuak zatitu ondoren, ezaugarri potentzialen multzo bat sortu behar da.
Ostean, ezaugarrien dimentsionaltasuna murriztu behar da garrantzitsuenak hautatuz.
Azkenik, jarduera fisikoak bereizteko sailkatzailea garatzen da.

Potential Feature
Set Generation

Feature Selection
using Random

Forest approach

Optimal
Hyperparameter

selection
(for each set of n 
input features)

ML-based PA 
classifier training

Classifier
Evaluation & 

Analysis

Training Set Test Set

Sensor Raw data
from sensorized tip
(17 data sources)

Operators
(statistical, motion

and time-based)

Set of 
Potential
Features

(176)

Related Works & clinical
know-how

Relevance-
ordered

n-feature
sets 

Optimal
hyper-

parameters
(for each n-
feature set)

Trained ML-
based PA 
classifiers

(for each n-
feature set)

Irudia 3.12: Jarduera Fisikoa sailkatzailea sortzeko jarraitutako metodologia.

3.2.3.1 Ezaugarri potentzialen sorkuntza

JFren sailkatzailea garatzeko lehen urratsa leiho bakoitzaren ezaugarri potentzialak
sortzea da. 2.2. kapituluan aipatu den bezala, egindako lan gehienetan kalkulu es-
tatistikoetan oinarritutako ezaugarriak erabiltzen dira. Doktorego-tesi honetan, esta-
tistikan oinarritutakoez gainera, mugimenduan eta denboran oinarritutako ezaugarri
batzuk erabiltzea proposatzen da. Ezaugarri horiek, sentsoreetatik lortutako 17 neu-
rriei aplikatzen zaizkie, leiho bakoitzeko 176 ezaugarri lortuz (ikusi 3.4. taula).
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Taula 3.4: Sentsorizatutako puntak emandako datuetatik sortutako ezaugarriak (R
= Roll, P = Pitch, Y = Yaw, A = Anteroposterior, L = Lateromedial).
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Mean X X X X X X X X
Standard Deviation X X X X X X X X
Variance X X X X X X X X
Kurtosis X X X X X X X X
Corr. Coef. XY X X X
Corr. Coef. XZ X X X
Corr. Coef. YZ X X X
Corr. Coef. RP X
Corr. Coef. RY X
Corr. Coef. PY X
Corr. Coef. AL X
25th Percentile X X X X X X X X
50th Percentile X X X X X X X X
75th Percentile X X X X X X X X
Area X X X X X X X X
Interquartile Range X X X X X X X X
Stance Start Value X
Value at Max. Force X
Stance End Value X
Amplitude X
Cycle time X
Stance Ph. % X
Ezaugarri Kopurua 30 30 30 30 27 9 9 11
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3.2.3.2 Ezaugarri garrantzitsuenak hautatzea

Leiho bakoitzaren 176 ezaugarriak JFren sailkatzailea garatzeko erabil daitezkeen
arren, baliteke garapen horretarako ezaugarri guztien erabilera oso eraginkorra ez
izatea. Ezaugarri guztiak erabiltzeak, sailkatzailearen kostu konputazionala handitu-
ko luke, eta gainera, litekeena da sailkapenaren eraginkortasunean eragin negatiboa
izatea. Horregatik, ezaugarrien dimentsionaltasuna murrizteko metodologia bat pro-
posatzen da.

2.2. kapituluan aipatu bezala, dimentsionaltasuna murrizteko metodologia des-
berdinak erabili dira. Dimentsionaltasuna murrizteko moduetako bat hautatutako
ezaugarrien analisi bisuala egitea da. Metodologia hau egokia izan daiteke, jardueren
sailkatzaile sinpleago batentzat, adibidez, 3 JFko bakarrik sailkatzen diren kasuetan.
[26] modu horretan murrizten da ezaugarrien dimentsionaltasuna. Kasu honetan, 3
jardueren bereizketa, ezaugarrien banaketa histografikoa aztertuz egiten da. Horrela,
histogramaren banaketan alderik handiena hauteman den ezaugarriak (6) erabiltzen
dira (ikusi 3.13. irudia).

[29] jarduera fisikoen sailkatzaile bera proposatzen da, baina kasu honetan, [26]
hautatutako ezaugarriak erabiltzeaz gain, beste hiru gehitu dira (zikloko denbora, ziklo
bakoitzeko laguntza-fasearen ehunekoa eta z ardatzaren azelerazio ertaina).

Ezaugarrien dimentsionaltasuna bisualki murriztu badaiteke ere, aukeratutako ezau-
garriak ez dira zertan egokienak izan. Gainera, ezin dira bistara ikusi ezaugarrien
arteko korrelazio posibleak. Horregatik, kasu honetan Random Forest (RF) erabil-
tzea proposatzen da helburu hori lortzeko (metodologia hau, 2. eranskinean [126]
eta [27] erabili da). Horretarako, entrenamendu-multzoko datuak bakarrik erabiltzen
dira. Proposatutako RF ondorengo hiperparametroak kontuan hartuta inplementatu
da, esperimentalki hautatua:

• Basoko zuhaitzen kopurua 5000ra egokitu da.

• Ordezpen-estrategia duen lagin bat hautatu du.

• Nodo baten tamaina zehaztu zen.

• Zatiketa bakoitzean ausaz aukeratutako aldagaien kopurua (mtry)
√
M-ra doitu

da, non Maldagaien guztizko kopurua den.

• Ezaugarri korrelatiboek eragindako asaldurak saihesteko, erabilitako aurresarea
interakzio-kurbadura izan da.

3.5. taulak garrantzitsuentzat jotako lehen 30 ezaugarrien emaitzak erakusten
ditu. Kontuan izan behar da RFk esleitutako ezaugarri bakoitzak duen pisua ema-
ten duela; horrela, lortutako balioa zenbat eta handiagoa izan, orduan eta garrantzi
handiagoa izango du ezaugarri horrek jardueraren sailkapenean. Lortutako emaitzak
aztertuta, Random Forestren arabera, Yaw-angeluaren kurbaren azpiko eremua da
ezaugarririk garrantzitsuena.
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(a) (b)

(c) (d)

(e) (f)

Irudia 3.13: Ikusizko analisitik lortutako ezaugarri garrantzitsuenen histograma.
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Taula 3.5: Ezaugarrien garrantzia eta pisu erlatiboa, Random Forest prozeduraren
arabera. (Magne = Magnetometroa, Accel = Azelerometroa, AUtC = Kurbaren Az-
piko Area, 25P = 25th Pertzentila, 50P = 50th Pertzentila, 75P = 75th Pertzentila,
IR = Kuartien Arteko Tartea, SD = Desbideratze Estandarra, Corr. Coef. = Korre-
lazio Koefizientea, Antero = Anteromedial Angulua, Latero = Lateromedial Angulua,
WoF = Iragazki Gabe, WF = Iragazkiarekin, n = Posizioa).

n Ezaugarria Pisua n Ezaugarria Pisua
1 AUtC Yaw 2.276 16 Antero SD 1.213
2 Cycle Time 2.242 17 Antero Variance 1.178
3 Accel SD X 2.216 18 Accel 25P Z 1.159
4 Accel Variance X 2.002 19 Gyro IR Y 1.131
5 Magne 75P X 1.992 20 SD Pitch 1.126
6 Gyro 25P Y 1.978 21 Accel SD Z 1.103
7 Antero IR 1.766 22 Variance Pitch 1.087
8 Magne Mean X 1.698 23 Accel Variance Z 1.078
9 Accel Mean Z 1.671 24 Gyro 75P X 1.063

10 IR Pitch 1.635 25 Accel IR Y 1.060
11 Magne AUtC X 1.582 26 Accel AUtC Z 1.022
12 Accel IR Z 1.527 27 Accel 50P X 1.021
13 Accel 25P Y 1.507 28 Accel Mean X 1.003
14 Magne 50P X 1.503 29 Gyro 50P Y 0.966
15 Magne 25P X 1.402 30 Accel 75P X 0.942

3.2.3.3 Sailkatzaileak sortzea

Ezaugarriak jarduera fisikoa sailkatzeko duten garrantziaren arabera ordenatu ondo-
ren, dagokion sailkatzailea diseinatzen da. Sailkatzailearen helburua jarduera fisikoak
bereiztea da. [26] eta [29] kasuan, 4 jarduera fisikoren artean bereizteko (ibiltzea,
eskailerak igotzea, eskailerak jaistea eta geldirik egotea) sailkatzaile bat diseinatu da.
Bestalde, 2. eranskinean [126], 5 jarduera fisiko desberdin detektatzen dituen sailka-
tzaile bat proposatzen da: normal ibiltzea, azkar ibiltzea, eskailerak igotzea, eskailerak
jaistea eta geldirik egotea.

[26] eta [29] sortutako sailkatzailearen kasuan, 4 irteera desberdin izango dituz-
te. Eta 2. eranskinaren [126] kasuan, sailkatu beharreko jarduera fisikoen gorakada
dela eta, 5 irteera izango ditu sailkatzaileak, hau da, aipatutako jarduera bakoitzari
lotutako irteera bat.

Hiru sailkatzaileen sarrera-kopurua aldatu egiten da. [26] kasuan, bisualki hauta-
tutako 6 ezaugarri baino ez dira erabiltzen. [29], 3 ezaugarri gehiago gehitzen zaizkie
aurretik hautatutako 6 ezaugarriei. Azkenik, 2. eranskinean [126], sarreren kopurua
aldatzen joan da, erabiliko diren ezaugarrien kopuru optimoa aurkitzeko. Horrela, sa-
rrera kopurua aldatuz, ezaugarrien kopurua adina sailkatzaile garatu dira. Lehenengo
sailkatzailea, sarrera bakarra erabiliz diseinatu da, sarrera hori, RFren arabera ezau-
garririk garrantzitsuena dena izan da (Yaw angelu-kurbaren azpiko eremua). Bigarren
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sailkatzaileak, bi sarrera izan ditu, hauek, RFren arabera pisurik handiena duten bi
ezaugarriak izan dira. Hirugarren sailkatzailean, hiru ezaugarri garrantzitsuenak era-
bili dira sarrera gisa. Eta metodologia hau erabiliz, sailkatzaile desberdinak garatu
dira, aurretik proposatutako n ezaugarrietara iritsi arte.

Doktorego-tesi honetan sailkapena egiteko, Machine Learning (ML)n oinarritutako
metodologiak erabili dira. Kasu honetan, 2.2. kapituluan aztertutako metodologieta-
tik, ohikoenak aukeratzea erabaki da, K-Nearest Neighbors (K-NN), Support Vector
Machine (SVM) eta Artificial Neural Network (ANN). [26] eta [29], ANNetan oinarri-
tutako sailkatzaileak inplementatu dira. Gainera, [29] kasuan zehatzean, sailkatzailea
bi urratsetan sortu da (ikusi 3.14. irudia). Bertan, eskailerak igotzen edo jaisten,
geldirik edo oinez ari den sailkatzen da lehendabizi, eta ondoren ANN sailkatzaile bat
erabiltzen da eskailerak igotzearen eta jaistearen artean bereizteko.
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Irudia 3.14: 4 Jarduera Fisikoa sailkatzeko, ANNn oinarritutako bi urratseko sailka-
tzailea.

Bestalde, MLn oinarritutako sailkatzaile bakoitzerako hiperparametroen azpimul-
tzo optimoa aurkitu behar da. Horretarako, K-fold baliozkotze gurutzatuko ikuspegi
bat proposatzen da K = 5-rekin. Ikuspegi horri esker, MLn oinarritutako hainbat
ereduren ebaluazio eraginkorra egin daiteke. SVM eta K-NN kasuan, Matlab Toolbox
Static and Machine Learning erabiltzen da sailkatzaile bakoitzerako hiperparametro-
rik onenak hautatzeko. ANNren kasuan, ezkutuko geruza bakarra duen Multilayer
Perceptron (MLP) sare bat erabiltzea aukeratzen da. Lehen aipatu den bezala, irtee-
rako neuronen kopurua 5 da, eta sarrerako neuronen kopurua n izango da. Bestalde,
ezkutuko geruzetako neurona kopuru optimoa hautatzeko, sare desberdinak entre-
natu dira, 1 eta 10 arteko neurona kopuruarekin, eta emaitza onenak eman dituena
aukeratu da.

3.2.4 Analisi konparatiboa

Atal honetan, aurreko atalean proposatutako metodologia aplikatzetik lortutako emai-
tzen analisi konparatiboa egiten da.

[26] eta [29], proposaturiko 4 jarduera fisikoen artean bereizteko gai diren sailka-
tzaileak lortzen dira. [26] kasuan, %90 inguruko arrakasta-tasa lortzen da 4 jarduerak
sailkatzerakoan, baina eskailerak igotzen edo jaisten ari den desberdintzeko garaian,
%80 soilik igarri dira. Hala ere, [29] proposatutako bi urratseko sailkatzaileari esker,
emaitzak %97 igo dira.
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Emaitzak hobetzeko, 2. eranskinean [126] jarraitutako metodologia erabili da da.
Lehen aipatu bezala, saikatzailea garatzeko orduan, 3 ML ikuspegi desberdin erabil-
tzen dira (SVM, K-NN eta ANN). Denetan hoberena zein de jakiteko, 3 tekniketatik
lortutako emaitzak konparatu dira. Gainera, lehen aipatu bezala, entrenamendua sa-
rrera kopurua handituz egiten da (RFk emandako ordenaren arabera); horrela, ikuspegi
bakoitzean, ezaugarri kopuru optimoa zein den aztertuz.
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Irudia 3.15: K-NN, SVM eta ANNn oinarritutako sailkatzaileen arrakasta-tasa, RFren
arabera ordenatutako n ezaugarri garrantzitsuennei dagokionez.

3.15. irudian lortutako emaitzak ikus daitezke, non sailkatzaile bakoitzaren arrakasta-
tasa globala adierazten den. Ikus daitekeenez, 7 ezaugarri garrantzitsuenak erabiliz
gero, arrakasta-tasa %90etik gorakoa da hiru kasuetan (%92,8 K-NN, %97 SVM eta
%96,8 ANN). Arrakasta-tasarik onena 66 ezaugarrirekin lortzen da K-NNren kasuan
(%98,4), 87 ezaugarrirekin SVMren kasuan (%99,1) eta 174 ezaugarrirekin ANNren
kasuan (%99,6).

3.15. irudian ikus daitekeen bezala, SVM eta ANNren kasuan, 7 ezaugarri baino
gehiago erabiltzen badira ere, arrakasta-tasa ea ez da handitzen. Hortik ondoriozta-
tzen da ezaugarriak behar bezala hautatu direla. Kasu zehatz honetan, esan daiteke
7 ezaugarri garrantzitsuenak erabiliz, %95etik gorako arrakasta-tasa duten emaitzak
lortuta kostu konputazional txikiarekin.

Beste alde batetik, lehen aipatu bezala, ANNrako neurona kopuru egokia ezagu-
tzeko, ezkutuko geruzan 1etik 10era bitarteko neuronak dituzten sailkatzaileak garatu
dira. Emaitzak aztertuta, ikusten da emaitzarik onenak 9 neuronekin lortzen direla.

Ezaugarrien garrantziaren aukeraketa zuzena egiaztatzeko, aurreko prozedura erre-
pikatzen da, baina kasu honetan ezaugarriak garrantzi txikienekotik garrantzitsuene-
raino ordenatuz. Hau da, 176 ezaugarriko multzo bat aztertzen da berriro: lehenik,

57



Kapitulua 3. Jarduera fisikoa sailkatu eta erorikoak detektatzeko Punta sentsorizatua

0

10

20

30

40

50

60

70

80

90

100

1 21 41 61 81 101 121 141 161

Su
cc

e
ss

 R
at

e 
(%

)

Number of Input Features (n)

K-NN SVM ANN

Irudia 3.16: K-NN, SVM eta ANNn oinarritutako sailkatzaileen arrakasta-tasa, RFren
arabera ordenatutako n ezaugarri ez garrantzitsuenari dagokionez.

garrantzi gutxien duen ezaugarria sarrera gisa erabiliz, gero garrantzi gutxien duten
bi ezaugarriak sartuz, eta horrela hurrenez hurren. Emaitzak 3.16. irudian azter dai-
tezke, eta horrek erakusten du arrakastaren ehunekoa nola handitzen den Random
Forestren arabera ezaugarri garrantzitsuagoak gehitu ahala.

3.2.5 Ondorioak

Atal honetan, Punta sentsorizatua erabiliz JF desberdinak detektatzeko gai den sail-
katzaile bat aurkezten da. Sailkatzaile hori garatzeko, Machine Learningn oinarritu-
tako metodologia bat erabili da. Sailkapena egin aurretik, hurbilketa bat proposatzen
da, non entseguetatik lortutako datuak zatitu eta ezaugarri multzo bihurtzen diren.
Dimentsionaltasuna murriztu eta lortutako ezaugarriak garrantziaren arabera ordena-
tzeko, RFn oinarritutako teknika bat aplikatu da.

Erabilitako metodologia baliozkotzeko, ML oinarritutako hiru teknika desberdin
erabiliz, SVM, K-NN eta ANN, JFko hiru sailkatzaile desberdin garatu dira. Kasu
guztietan, %92 eta %97 arteko arrakasta-tasa lortu da, RFren arabera aukeratutako
7 ezaugarri garrantzitsuenak erabiliz.
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3.3 Erorikoen detektagailua

Atal honetan, diseinatutako Punta sentsorizatuan oinarrituta garatu den erorketen de-
tektagailua laburbiltzen da. Garapen honen inguruko informazio zehatzagoa, sarbide
irekiko IEEE Access aldizkarian argitaratutako 3. eranskinean [125] aurki daiteke.

Erorikoak goiz detektatu eta erantzun berantiar baten ondorioak saihesteko, eror-
keten detektagailu bat garatu da. 2.3. kapituluan aipatu den bezala, erorketak detek-
tatzeko, posizio desberdinetan kokatzen diren mota askotako sentsoreak aurki daitez-
ke. Ikerketa honetan, merkatuan aurki daitezkeen sentsoreen desabantailei erantzuna
eman nahian, erorketen detektagailua diseinatzeko, garatu den Punta sentsorizatua
erabiltzea aukeratu da. Bestalde, 2.3. kapituluan, erorketak detektatzeko erabilitako
metodologiak aztertu ondoren, detekzio era desberdinak daudela ikusi da. Kasu ho-
netan, JFren sailkatzailea garatzeko jarraitutako metodologiaren antzeko prozedura
bat proposatzen da.

Doktorego-tesi honetan, erorketen detektagailua garatzeko, bi modulutan oinarri-
tuta prozesura bat erabiltzea proposatzen da (ikusi 3.17. irudia). Lehenengo modulua
ILGaren erorketa hautemateaz arduratzen da; bigarren moduluak, berriz, erorketen
datuak erabiltzen ditu erabiltzailea ILGarekin batera erori den edo ez ebaluatzeko.
Bigarren modulu hau, ILGaren erorketen ondorioz sortu daitezkeen positibo faltsuak
saihesteko diseinatuta dago.
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Irudia 3.17: Bi modulutan banatutako erorikoak detektatzeko metodologia.

Modulu bakoitzean, datu-multzo desberdinak erabiltzen dira. Lehen modulu-
ko datu multzoa, ILGarekin erabiltzaileak izandako erorketek eta ILGarekin eginda-
ko jarduera fisikoen multzo batek osatzen dute. Bigarren moduluak, erabiltzaileak
ILGarekin izandako erorikoen datuak (lehen moduluan erabilitakoak), erabiltzailerik
gabeko ILGaren erorketekin konbinatzen ditu.

Jarduera Fisikoaren sailkatzailean bezala, behar diren datuak aukeratu ondoren,
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metodologia bati jarraitzen zaio. Lehenik eta behin, erorketak zehazteko ezaugarri
multzo bat sortzen da. Bigarrenik, ezaugarrien dimentsionaltasuna murrizten da. Az-
kenik, Machine Learningn oinarritutako erorketa-detektagailua sortzen da, zehatzago
esateko, SVMn oinarritutako detektagailua. Proposatutako ikuspegia ebaluatzeko,
emaitzak datu-multzoekin alderatuko dira.

Diseinatutako erorketa detektagailua egiaztatzeko, Punta sentsorizatutik lortuta-
ko emaitzak, sentsore jantziekin lortutakoekin konparatzen dira. Horretarako, esku-
muturrean, gerrian, bizkarrean eta poltsikoan kokatutako, 4 GENEActiv azelerome-
tro erabiltzen dira. Sentsore hauek, erorketak simulatzerakoan ez ezik, beste hainbat
jarduera fisikotan erabiltzen dira. GENEActivetik neurtutako datuekin erorikoen de-
tektagailu bat garatu da, Punta sensorizatuaren eta GENEActiven lortutako emaitzak
alderatzeko.

3.3.1 Protokolo esperimentala eta datuak atzematea

Erorketen detektagailua garatzeko, datu-base egokia behar da. Datu horiek lortzeko,
12 pertsona osasuntsuk esperimentu desberdinak egin dituzte (3. eranskinean infor-
mazio gehiago aurki daiteke). Esperimentu horiek Bolognako Unibertsitateko 149960
Etika Batzordearen onespenarekin egin dira. Erorikoen ondorioz sortu daitezkeen le-
sioak saihesteko, koltxoi bat erabili da.

Lehen aipatu den bezala, 3 datu-multzo desberdin sortu dira: 1) Erabiltzailea ILG
baliatuz erortzea (erabiltzailearen erorketen datu-multzoa); 2) ILG erabiliz jardue-
ra fisiko desberdinak egitea (erabiltzailearen Jarduera Fisikoaren datu-multzoa); 3)
Erabiltzailerik gabe ILG erortzea (ILGren erorketen datu-multzoa).

Erabiltzailearen erorketen datu-basearen kasuan, pertsonen erorketen simulazioak
ILG erabiliz egiten dira. Databrary datu-baseko bideoen erorketak aztertu ondoren,
16 agertoki desberdin hartzen dira kontuan:

1. Geldi egonda, pauso bat ematen saiatu eta ILGarekin estropezu egin eta eror-
tzea.

2. Aurrerantz erortzea.

3. Atzeraka erortzea, zorabio bat simulatuz.

4. Atzerantz erortzea.

5. 90º eskuinera biratu eta eskuinerantz erortzea.

6. Eskuinerantz erortzea.

7. 90º ezkerrera biratu eta ezkerrerantz erortzea.

8. Ezkerrerantz erortzea.

9. Koltxoirantz doala, ILGarekin estropezu egin eta aurrerantz erortzea.

10. Koltxoirantz doala, objektu batekin estropezu egin eta aurrerantz erortzea.
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11. Koltxoirantz doala, objektu batekin estropezu egin eta ezkerrerantz erortzea.

12. Koltxoirantz doala, objektu batekin estropezu egin eta eskuinerantz erortzea.

13. Koltxoirantz doala, objektu batekin estropezu egin eta atzerantz erortzea.

14. Oreka galdu, metro batzuk aurrera eginez berreskuratzen saiatu eta aurrerantz
erortzea.

15. Oreka galdu, metro batzuk atzera eginez berreskuratzen saiatu eta bizkarrez
erortzea.

16. Joan etorrian dabilela eta atzerantz erotzea.

Erabiltzailearen Jarduera Fisikoaren datu multzoaren kasuan, 7 jarduera fisiko des-
berdin simulatzen dira:

1. Erritmo normalean ibiltzea: definitutako zirkuitu batetan, lerro zuzenean ibil-
tzeaz gainera, bira desberdinak egin dira, norabide desberdinetan ibiliz.

2. Azkar ibiltzea: aurretik egindako zirkuitu bera errepikatzen da, baina abiadura
%30 azkartuz.

3. Zutik egotea: 30 segundoz geldirik egotea.

4. Eskailerak igo eta jaistea: eskailerak behin eta berriz igo eta jaitsi dira.

5. Aulki batean eseri eta jaiki: makuluaren laguntzaz, aulki batetik altxatu eta
aulki berean eseri; hau, 30 segundoz errepikatu da.

6. Objektu bat lurretik jasotzeko gelditu eta zutik jarri; hau, 30 segundoz errepi-
katu da.

7. Oreka-galera laburra (ia erorita), oreka 4 aldiz berreskuratu da.

Azkenik, zenbait proba egiten dira ILG erabiltzailerik gabe erortzen utziz:

1. Makulua lurrean posizio estatiko desberdinetan jarrita edo leku batean berma-
tuta.

2. Erabiltzailea geldirik dagoela edo oinez doala makulua erortzea. Makuluaren 80
erorketa egingo dira (40 kasu bakoitzeko).

Guztira, ILGren erabiltzaileen 192 erorketa lortzen dira; boluntario bakoitzeko,
9 minutuko jarduera fisikoa atzematen da; eta erabiltzaile bakoitzeko, 5 minutuko
tartean egindako ILGren posizio estatiko desberdinetik erortzeak eta makuluaren 80
erorketa neurtzen dira.
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3.3.2 Metodologia

Datu-multzoak sortu ondoren, 3.17. irudian proposatutako bi modulutan banatutako
algoritmoak diseinatzen dira. Lehen aipatu bezala, lehen modulua (ILGaren erorke-
ten detektagailua) erorketak detektatzeko diseinatuta dago, eta bigarren moduluak
(erabiltzailearen eta ILGaren erorketen detektagailua) ILGarekin batera erabiltzailea
erori den zehazten du. Lehen esan bezala, bi moduluek sarrera-datu desberdinak era-
biltzen dituzte. Hala ere, bi moduluak diseinatzeko erabilitako metodologia antzekoa
da; metodologia honek 3.18. irudian azaldutako egiturari jarraitzen du.
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Irudia 3.18: Machine Learningn oinarritutako erorketak detektatzeko moduluak disei-
natzeko jarraitutako metodologia.

3.3.2.1 ILGren erorketa-detektagailuaren garapena

Modulu hau, ILGren erorketak detektatzeaz arduratzen da. Modulu honetan, era-
biltzailearen erorketari buruzko datuak eta erabiltzailearen Jarduera Fisikoako datu-
multzoa erabiltzen dira.

Taula 3.6: Datu-multzoaren banaketa eta datu-kopuruaren doikuntza.

Leihoak
Train Test Guztira

Partaideak 8 4 12

Erorketen
Detektagailuaren
Datuak

Ez
Estutua

Erorketak 2770 1216 3986
Ez Erorketak 5805 2600 8405

Estutua
Erorketak 759 382 1141
Ez Erorketak 866 433 1299

Pertsonen Erorketa
Detektatzeko Datuak

Pertsonen Erorketak 128 64 192
ILG Erorketak 50 30 80

Lehenik eta behin, datuak leiho irristakorretan banatzen dira. Leihoen tamaina
100 laginekoa da (2s), eta leihoen hasiera 20 laginek banatzen dute (0,4s). 100eko
leiho-tamaina aukeratu da, egindako esperimentuak aztertzetik ondorioztatu delako,
hau dela pertsona batek erortzeko behar duen batez besteko denbora-tartea. Seg-
mentazio hori egin ondoren, lortutako leihoetatik zeintzuk diren erorketei dagozkionak
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adierazi da, erorketarik ez dituztenak kenduz (%50 inguru). Lortutako datuak entre-
namenduko datu multzo batean eta probako edo testeko datu multzo batean banatu
dira, entrenamendurako 8 boluntarioren datuak eta probarako beste 4renak erabiliz
(ikusi 3.6. taula).

Bigarrenik, datuak leihoetan segmentatu ondoren, leiho bakoitza definitzen du-
ten ezaugarriak hautatu dira. Kasu honetan, estatistika-operadoreetan oinarritutako
ezaugarriak aukeratu dira:

• Batez bestekoa (MEAN).

• Desbideratze estandarra (STD).

• Bariantza (VAR).

• Kurtosia (KUR).

• Kuartilen arteko ibiltarte (IR).

• Kurbaren azpiko seinalea (AUS).

• Leihoaren gehienezko balioa (MAX).

• Leihoaren gutxieneko balioa (MIN).

Estatistika operazio horiek, datu-multzoaren leiho bakoitzari aplikatu zaizkio. Leiho
bakoitza sentsoreen datu hauek osatzen dute: Punta sentsorizatuaren indar-sentsorea,
Punta sentsorizatuaren giroskopioa (x , y , z), Punta sentsorizatuaren azelerometroa
(x , y , z) eta Punta sentsorizatuaren inklinazio-angelua (α). Kasu honetan, leiho
bakoitzeko 64 ezaugarri lortzen dira guztira.

Hirugarrenik, ezaugarririk garrantzitsuenak hautatzen dira, dimentsionaltasuna
murriztuz. Dimentsionaltasun-murrizketa hori, ezaugarri bakoitzari esleitutako pisu
bat ematean datza. 2.3. kapituluan aipatu bezala, literaturan metodologia desberdin
asko daude zeregin honetarako. Lan honetan, Relief eta RF ikuspegien arteko alde-
raketa egiten da, ordenarik onena ematen duena aukeratzeko. Garrantziaren ordena
eta 15 ezaugarri garrantzitsuenen pisuak 3.7. taulan ikus daitezke.

Azkenik, erorikoen detektagailua sortzen da. Kasu honetan, sarrera-kopurua al-
datzen joan da, sarrera-kopuru optimoa zehazteko. Horrela, lehenik eta behin, detek-
tagailu bat egiten da sarrera bakar batekin, hori ezaugarririk garrantzitsuena izanik;
gero, beste detektagailu bat sortzen da, bi sarrerarekin; bi ezaugarri garrantzitsue-
nak erabiliz, eta horrela hurrenez hurren, ezaugarri guztiak sartu arte. Erorketen
detektagailua SVM ikuspegi batekin egin da, eta hiperparametroak K-Fold balidazio
gurutzatua erabiliz optimizatuko dira, K = 10 batekin.
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Taula 3.7: RF eta Relief emandako ezaugarrien pisua. (α = IGL inklinazio angelua,
accel = azelerometroa, gyro = giroskopioa)

Random Forest Relieff
n Ezaugarria Pisua n Ezaugarria Pisua

1 α MAX 3.587 1
Punta indarra
AUS

0.086

2
Punta gyro
MIN Z axis

2.803 2
Punta gyro
KUR X axis

0.057

3
Punta gyro
KUR X axis

2.788 3 α MAX 0.048

4 α MEAN 2.631 4
Punta accel
AUS Y axis

0.038

5
Punta gyro
MIN X axis

2.545 5
Punta accel
AUS X axis

0.028

6 α STD 2.485 6
Punta accel
MEAN X axis

0.026

7
Punta gyro
KUR Y axis

2.395 7
Punta accel
KUR Z axis

0.016

8 α VAR 2.380 8 α STD 0.015

9 α AUS 2.348 9
Punta indarra
MIN

0.014

10
Punta accel
MEAN Z axis

2.342 10 α MEAN 0.013

11
Punta gyro
MIN Y axis

2.168 11 α AUS 0.013

12
Punta accel
AUS Z axis

2.165 12
Punta gyro
KUR Y axis

0.010

13
Punta accel
MAX Z axis

2.095 13
Punta gyro
MAX Y axis

0.010

14
Punta accel
KUR Z axis

1.947 14 α KUR 0.008

15
Punta indarra
MEAN

1.915 15
Punta gyro
MEAN Y axis

0.006

3.3.2.2 Erabiltzailearen erorketa-detektagailuaren garapena

Modulu hau, ILG erabiltzailearekin edo erabiltzailerik gabe erori den detektatzeaz
arduratzen da. Erabilitako metodologia lehenengo moduluaren antzekoa da. Hala ere,
modulu honetan, leihoen banaketa modu desberdinean egin da. Aurreko moduluan
ILG erori dela detektatu den eremua baino ez da erabiltzen leiho gisa. Horren ondorioz,
erabiltzailearekin 192 erorketa eta erabiltzailerik gabeko ILGren 80 erorketa erabili dira
(ikusi 3.6. taula).

Hautatutako ezaugarri-multzoa, lehen moduluko bera da, baita dimentsionaltasu-
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na murrizteko metodoa ere. Azkenik, beste moduluan bezala, detektagailua sortzeko
K-Fold balidazio gurutzatua duen SVM erabili da.

3.3.3 Emaitzak eta analisi konparatiboa

Atal honetan, aurretik azaldutako metodologiari jarraituta lortutako emaitzak azter-
tzen dira. Gainera, Punta sentsorizatuan oinarritutako detektagailuarekin lortutako
emaitzak, beste sentsore batzuekin lortutakoekin konparatzen dira. Lau sentsore tal-
de desberdin erabiltzea konparatu da (ikusi 3.8. taula): 1) Punta sentsorizatu; 2)
GENEActive sentsore jantziak; 3) Azelerometro posible guztiak (Punta sentsorizatua-
ren barne-azelerometroa eta lau GENEACtiv azelerometro); eta 4) Sentsore guztiak.
Konparaketa egokia egin ahal izateko, lau ikuspegietan metodologia berbera jarraitu
da.

Taula 3.8: Sentsorearen sarrera kontuan hartuta aztertutako kasuak. (Accel = Aze-
lerometro, Gyro = Giroscopio, α = Inklinazio Angulua)

Device Sensors Analisiak egiteko modu desberdinak
Sensorized

Tip
GENEActiv

Sensors
Accel.
Sensors

All
Sensors

Sensorized
Tip

α X X
3 axis
Gyro.

X X

Force
Sensor

X X

3 axis
Accel.

X X X

4x GENEActiv
Accel.

3 axis
Accel.

X X X

3.3.3.1 ILGren erorketa-detektagailuaren ebaluazioa

3.7. taulan lortutako ordenan oinarrituta, aurretik azaldutako prozedura jarraituz,
detektagailu desberdinak garatu dira, emaitza onena ematen duena zein den auke-
ratzeko. Bi metodoekin antzeko emaitzak lortzen diren arren, apur bat hobeagoak
dira Random Forestk hautatutako ezaugarriekin. Beraz, teknika hori erabili da lau
kasuetarako.

Dimentsionaltasuna murrizteko metodoa hautatu ondoren, konparatuko diren 4
kasuei aplikatu zaie. Punta sentsorizatuaren sentsoreak bakarrik erabiliz gero, ezauga-
rririk garrantzitsuena gehieneko inklinazio-angelua da. GENEACtiv sentsoreek eman-
dako emaitzei erreparatuz, ezaugarri garrantzitsuena gehieneko inklinazio-angelua de-
la eta hiru ezaugarri garrantzitsuenak erabiltzailearen bizkarrean dagoen sentsoretik
eratortzen direnak (bereziki X ardatza, bertikala) direla ikusi da. Azelerometro erabil-
garri guztiak kontuan hartzen badira (GENEACtiv eta Punta sentsorizatuaren azele-
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rometroa), Puntaren azelerometroa eta bizkarraren GENEACtiv sentsorea dira ezau-
garririk garrantzitsuenak. Sentsore guztiak erabiltzen direnean, berriz ere egiaztatzen
da ezaugarririk garrantzitsuena inklinazio-angelu maximoarekin erlazionatutakoa dela.

Ezaugarrien garrantzia ezagutu ondoren, SVMn oinarritutako detektagailua sor-
tzen da. Lehen esan bezala, sarrera-ezaugarrien kopurua handituz entrenatuko dira,
RFk emandako ordenaren arabera.

Taula 3.9: SVMn oinarritutako erorikoen detektagailuetan aztertutako kasuen emai-
tzak (No. In = Sarrera zenbakia sailkatzaile bakoitzeko, P = Zehaztasuna, Sp =
Espezifikotasuna, Se = Sentsibilitatea, F = F-score).

Punta sentsorizatua GENEActive
No. In P SP Se F P SP Se F
1 0.982 0.984 1.000 0.991 0.941 0.945 0.984 0.962
2 0.986 0.988 1.000 0.993 0.956 0.960 1.000 0.978
3 0.980 0.982 1.000 0.990 0.957 0.960 1.000 0.978
4 0.982 0.984 1.000 0.991 0.957 0.961 1.000 0.978
5 0.983 0.985 1.000 0.991 0.953 0.957 0.999 0.976
6 0.983 0.984 1.000 0.991 0.969 0.972 1.000 0.984
7 0.987 0.988 1.000 0.993 0.978 0.980 1.000 0.989
8 0.982 0.983 1.000 0.991 0.971 0.973 1.000 0.985
9 0.982 0.984 1.000 0.991 0.970 0.973 0.999 0.985
10 0.982 0.984 1.000 0.991 0.974 0.977 0.997 0.986

Azelerometroak Sentsore Guztiak
No. In P SP Se F P SP Se F
1 0.979 0.982 0.979 0.979 0.970 0.972 1.000 0.985
2 0.979 0.982 0.981 0.980 0.986 0.988 1.000 0.993
3 0.982 0.984 0.989 0.985 0.986 0.988 1.000 0.993
4 0.984 0.985 1.000 0.992 0.982 0.984 1.000 0.991
5 0.980 0.982 1.000 0.990 1.000 1.000 1.000 1.000
6 0.990 0.991 1.000 0.995 1.000 1.000 1.000 1.000
7 0.997 0.998 1.000 0.999 1.000 1.000 1.000 1.000
8 0.981 0.983 1.000 0.991 1.000 1.000 1.000 1.000
9 0.984 0.986 1.000 0.992 0.992 0.993 1.000 0.996
10 0.982 0.983 1.000 0.991 0.989 0.991 1.000 0.995

Emaitza horiek aztertuta, ikus daiteke, Punta sentsorizatua soilik erabilita 0,99tik
gorako F-Score lortzen dela kasu guztietan (ikusi 3.9. taula). Gainera, kasu hone-
tan ezaugarrien kopurua ez da garrantzitsua, emaitza onak lor baitaitezke ezaugarri
bakarra erabilita ere. Hala ere, emaitzarik onenak bi ezaugarri erabiliz lortzen dira.

Punta sentsorizatuko sentsore guztiak erabiltzen ez diren bi kasuetan, emaitza
txarragoak lortzen dira, nahiz eta onak izaten jarraitzen duten. GENEACtiv baka-
rrik erabilita, emaitzarik onena 0,989ko F-Score da eta 7 ezaugarri garrantzitsuenak
erabiliz lortzen da (ikusi 3.9. taula). Bestalde, azelerometro guztiak erabiliz, 7 ezau-
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garrirekin ere, 0,999ko F-Score lortzen da (ikusi 3.9. taula). Emaitzarik onenak,
sentsore guztiak erabiltzean lortzen dira, 5 ezaugarri dituen 1eko F-Score batekin
(ikusi 3.9. taula). Hala ere, esan daiteke aztertutako 4 kasuekin emaitza oso ona
lortzen direla, kasurik txarrenean ere, 0,98 F-Scorea baino balio handiagoa lortuz.

3.3.3.2 Erabiltzailearen erorketa-detektagailuaren ebaluazioa

Aurreko detektagailuak, ILGren erorketa bat hautematen badu, ILGrekin batera era-
biltzailea erori den edo ez esaten duen detektagailua erabili behar da. Lehen aipatu
bezala, detektagailu honen garapenerako erabilitako datu-multzoa ez da aurrekoa be-
zalakoa, ondorioz, dimentsionaltasuna murriztu da berriro. Horretarako, lehen bezala
RF aplikatu da; kasu honetan, 5 ezaugarri garrantzitsuenak Puntaren indar-sentsoreari
lotutakoak dira. Izan ere, pertsona bat ILGarekin erortzen denean, ez erortzen saia-
tzen da indar gehiago eginez.

Ezaugarrien garrantzi-ordena lortu ondoren, lehen SVMa kalkulatzeko erabilitako
metodologia bera aplikatzen da. Emaitzak 3.10. taulan laburbiltzen dira. Kasu
guztietan, 0,89tik gorako F-Score balioak ikusten dira, emaitzarik onena 6 ezaugarri
garrantzitsuenak erabiliz lortzen direlarik.

Taula 3.10: ILG erabiltzailearekin edo gabe erori den hautematen duen detektagailua-
ren emaitzak (No. In = Sarrera zenbakia detektagailu bakoitzeko, P = Zehaztasuna,
Sp = Espezifikotasuna, Se = Sentsibilitatea, F = F-score).

No. In P Sp Se F
1 0.876 0.717 0.936 0.905
2 0.880 0.733 0.917 0.898
3 0.888 0.757 0.906 0.897
4 0.880 0.737 0.906 0.893
5 0.940 0.867 0.984 0.962
6 0.943 0.873 0.984 0.963
7 0.940 0.867 0.984 0.962
8 0.930 0.843 0.969 0.949
9 0.926 0.833 0.967 0.946
10 0.943 0.873 0.981 0.962

3.3.4 Ondorioak

Atal honetan, ILG desberdinetara akoplatu daitekeen Punta sentsorizatu bat erabil-
tzen duen erorikoen detektagailu bat garatu da. Erorikoak detektatzeko, bi modulutan
oinarritutako metodologia inplementatu da. Lehenengo modulua ILGren erorikoak
hautemateaz arduratzen da. ILGren erorikoa detektatzen badu, bigarren modulua,
ILGrekin batera erabiltzailea erori den edo ez detektatzeaz arduratuko da. Bi mo-
duluak SVMn oinarrituta daude. Gainera, RF erabili da ezaugarri garrantzitsuenak
aukeratu eta dimentsionaltasuna murrizteko.
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Erorketa-detektagailutik, oso emaitza onak lortu dira, ILGen erorketen detekta-
gailuak 0.993 F-Scorea du eta erabiltzaileen erorketen detektagailuak 0.963 F-Scorea.
Gainera, sentsore eramangarriak erabiliz, sentsore desberdinen konparazio bat egin da
(ikusi 3.9. taula). Punta sentsorizatuarekin emaitza hobeak lortuz eta sarrea gutxiago
behar izanez. Punta sentsorizatuarekin bakarrik bi sarrerarekin 0.993 F-Scorea lortzen
da, eta sentsore eramangarriekin, 0.989 F-Scorea ematen du 7 sarrera aukeratuta.
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4 Ondorioak

Atal honetan, doktorego-tesi honen barnean garatutako lanaren ondorioak aurkezten
dira, egindako ekarpen teknologikoak azpimarratuz. Garatutako lanaren argitalpe-
nak ere zehazten dira (eragin handiko JCR aldizkarietan eta nazioarteko biltzarretako
Springer liburuetan argitaratutako artikuluak). Euskal Herriko Unibertsitatea/Univer-
sidad del País Vasco (UPV/EHU)ko doktorego-legerian definitzen den bezala, argi-
talpen hauei esker, tesi hau argitalpenen bilduma gisa aurkeztu da. Azkenik, atal
honetan, etorkizuneko lanak adierazten dira, doktorego-tesi honen eremuan etorkizu-
nerako irekita egon daitezkeen ikerketa-ildoak erakutsiz.
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Azken hamarkadetan, errehabilitazioa behar duten pertsonen bizi-kalitatea hobetu
nahian, errehabilitazioaren indibidualizazioa areagotu da. Sentsorizazioaren arloko au-
rrerapenei esker, eta bereziki giza sentsorizazioari esker, errehabilitazio prozesu horre-
tan laguntzeko gai diren sentsore-sistemak proposatzen hasi dira. Hala ere, sentsore
mota horiek eragozpen ugari dituzte. Eragozpen horiei irtenbidea eman nahian, azken
aldian, ikerketa desberdinek, sentsoreak ILGetan ezartzea proposatu dute. Hala ere,
ILGk sentsorizatzea ez da lan erreza, eta aurki daitezkeen lan gehienak fabrikatuta
dauden ILGetara baino ez dira egokitzen. Horretaz gainera, errehabilitazioaren indi-
bidualizazio hori lortzeko, oso garrantzitsua da pertsona batek zer Jarduera Fisikoa
egiten duen jakitea. Hori dela eta, pertsonen eguneroko bizitzan sentsore desberdi-
nak integratzen hasi dira, beraien jarduera fisikoak ezagutzeko. Bestalde, pertsonen
sentsorizazioa aprobetxatuz, lan askok erorikoak detektatzea proposatzen dute, ero-
riko baten eraginez errehabilitazio gehiago behar ez izateko. Egoera horren aurrean,
doktore tesi honek ILGren sentsorizazioan sakondu nahi du.

Erronka hori lortzeko, tesia hiru ekarpen nagusitan egituratu da.
Lehenengo ekarpena, merkatuko ILG desberdinetara egokitzeko gai den Punta

sentsorizatua diseinatzean eta baliozkotzean oinarritzen da. Bertan, JF ezagutzeko
neurtu beharreko aldagai garrantzitsuenak aztertu ondoren, aldagai horiek neurtzeko
sentsore egokiak hautatu dira. Ondoren, Punta sentsorizatuaren egitura egokia di-
seinatu da, sentsoreak ILGetan txertatu ahal izateko. Ondoren, datuak eskuratzeko
sistema programatu da, Bluetooth Low Energy (BLE) bidez sentsoreen datuak bil-
tzeko. Horrela, hainbat ILGetara egokitzeko gai den Punta sentsorizatu bat lortu da.
Punta sentsorizatu hori, ILGari aplikatutako indarra, dagoen altuera eta ILGaren mu-
gimenduak neurtzeko gai da. Azkenik, erabilitako sentsoreak VICON kamera-sistema
batean baliozkotu dira, oso emaitza onak lortuz.

Punta sentsorizatu bat garatu da, merkatuan dauden Ibiltzeko Laguntza
Gailua (ILG)etara egokitzeko gaitasuna duena (makuluak, makilak...). Puntu
sentsorizatu hau garatzeko, metodologia honi jarraitu zaio. Lehenik eta behin,
neurtu beharreko aldagai garrantzitsuenak aztertu dira. Analisi honek sentsoreen
konfiguraziorik onena identifikatzen laguntzen du, hau da, indar axiala neurtzen
duen indar-sentsore bat, Punta sentsorizatuaren mugimendua neurtzen duten 3
ardatzeko azelerometro bat, 3 ardatzeko giroskopio bat eta 3 ardatzeko mag-
netometro bat, eta altitude-aldaketak neurtzen laguntzen duen barometro bat.
Bigarrenik, puntaren egituraren diseinua optimizatu da, baita datuak bildu eta
biltegiratuko dituen elektronikaren programazioa ere. Diseinatzerako orduan,
kontuan hartu da ahalik eta arinena izan dadila eta ILG desberdinen artean
trukagarria izatea. Autonomia handia izateko, eskuratze-sistemaren eta sen-
tsoreen datuak biltzen dituen prozesadorearen arteko komunikazioa Bluetooth
Low Energy (BLE) bidez egin da. Hirugarrenik, hainbat algoritmo garatu dira
pertsonaren aurrealdeko planoa ILGaren bidez balioetsi eta angelu anteroposte-
riorrak eta lateromediala lortzeko. Azkenik, hainbat proba esperimental egiten
dira garatutako Punta sentsorizatua baliozkotzeko helburuarekin.

Beraz, ondorioztatu daiteke, proposatutako metodologiarekin garatutako
Punta sentsorizatua egokia dela Jarduera Fisikoa monitorizatu eta erorikoak
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detektatzeko.

Bigarren ekarpena, diseinatutako Punta sentsorizatuan integratutako 5 jardue-
ra fisiko desberdinen sailkatzaile bat garatzea izan da. Sailkatzaile hau, Adimen
Artifizialaren teknikak erabiliz garatu. Jarduera Fisikoaren sailkatzaile hori lortzeko,
ILG bat erabiliz, jarduera horiek simulatzen dituzten hainbat proba diseinatu dira.
Lortutako datuekin, datuak egokitzeko eta ezaugarri estatistikoak ateratzeko prozesu
bat egin da. Ondoren, lortutako datuekin, ezaugarri garrantzitsuenak aukeratu eta
dimentsionaltasuna murrizten da, Random Forestn oinarrituta. Azkenik, 3 sailkatzaile
ezberdin inplementatzen dira, K-NN, SVM eta ANN oinarrituta.

Sailkatzailearen garapenerako metodologia hau jarraitu da. Lehen urratsa,
sailkatu beharreko jarduerak hautatzea da: ibiltzea, azkarrago ibiltzea, eskaile-
rak igotzea, eskailerak jaistea eta geldirik egotea. Jarduera horiek simulatzeko
hainbat esperimentu egin dira Punta sentsorizatua integratuta duen ILG bat
erabiliz. Bigarren urratsa, entseguetatik lortutako datuak zikloak irudikatzen
dituzten leihoetan zatitu, eta leiho bakoitzerako ezaugarriak lortzean datza. Hi-
rugarren urratsean, Random Forest bidez, Jarduera Fisikoaren sailkapena egin
ahal izateko ezaugarri garrantzitsuenak hautatzen dira. Azkenik, MLn oina-
rritutako sailkatzaileak garatu da. Kasu honetan, 3 metodologia erabili dira:
K-NN, SVM eta ANN. Eta erabilitako 3 sailkapen-metodologien artean lortu-
tako emaitzak alderatu dira. Analisi honetatik frogatu da, RF bidez lortutako
dimentsionaltasun-murrizketa egokia dela. 7 ezaugarri garrantzitsuenak erabiliz,
%96tik gorako arrakasta-tasa lortu da SVM eta ANNrekin.

Beraz, ondorioztatu daiteke, Machine Learning erabiliz eta Punta sentsoriza-
tuan oinarrituta garatu den Jarduera Fisikoakoaren sailkatzailea egokia dela
definitutako 5 jarduera desberdinak bereizteko.

Azkenik, doktorego-tesiaren hirugarren ekarpena diseinatutako Punta sentsoriza-
tuan oinarritutako erorketa detektagailu adimentsu bat garatzea izan da. Erorketa-
detektagailu hori SVMn oinarrituta dago, eta ILGa sentsorizatua erabiltzailearekin
edo gabe erortzen den detektatzen du. Zenbait proba esperimental egin, eta ho-
rietatik lortutako datuak egokitu dira. Datu horietatik abiatuta, hainbat ezaugarri
lortu eta beraien dimentsionaltasuna murriztu da. Azkenik, Machine Learningn oina-
rritutako, bi modulutan banatutako erorketen detektagailu berritzailea inplementatu
da.

Erorikoen detektagailu berriak metodologia hau jarraitu du. Lehenik eta
behin, erorketa eta jarduera fisiko desberdinak simulatzeko esperimentuak disei-
natu dira. Entsegu hauek, diseinatutako Punta sentsorizatua integratuta duen
Ibiltzeko Laguntza Gailua bat erabiliz egin dira. Bigarrenik, Machine Learningn
oinarritutako, bi modulutan banatutako, detektagailua garatu da. Lehenengo
moduluak, ILGa erori den detektatzen du. Bigarrenak berriz, ILGa erabiltzailea-
rekin edo erabiltzailerik gabe erori den detektatzen du, hau da, positibo faltsuak
detektatzen ditu. Bi moduluak, SVMn oinarritutako detektagailua dira, eta
horiek diseinatzeko Jarduera Fisikoaren sailkatzailean jarraitutako metodologia
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bera erabili da. Azkenik, lortutako emaitzak, sentsore eramangarrietan oina-
rritutako erorketa-detektagailu batekin konparatu dira. Lehen moduluan, 0,99
F-Score baino emaitza hobeak lortu dira. Bestalde, bigarren moduluan, 0,96
F-Score-ko emaitzak eskuratu dira.

Beraz, ondorioztatu daiteke, garatutako Punta Sentsorizatuan oinarrituta,
ILGa erabiltzailearekin edo erabiltzailerik gabe erori den detektatzeko gai
den, erorketen detektagailu bat diseinatu dela.

4.1 Ekarpenak: argitalpenak

Doktorego-tesi honetan deskribatutako ekarpenen ondorioz, hainbat emaitza argita-
ratu dira. Lan hauek, eragin-indize altua duten aldizkarietan eta ikerketa-arloan os-
pe handia duten nazioarteko kongresuetan aurkeztu dira. Egindako lanek argitalpen
hauek ekarri dituzte.

JCR aldizkarietan publikatutako artikuluak (argitalpenen bilduma gisa era-
biltzen dira):

• Asier Brull, Asier Zubizarreta, Itziar Cabanes, and Ana Rodriguez-Larrad. Sen-
sorized Tip for Monitoring People with Multiple Sclerosis that Require Assistive
Devices for Walking. Sensors, 20(15):4329, aug 2020.

doi: https://doi.org/10.3390/s20154329 JCR2020: 3.576 (Q1)

1. eranskina

• Asier Brull Mesanza, Sergio Lucas, Asier Zubizarreta, Itziar Cabanes, Eva
Portillo, and Ana Rodriguez-Larrad. A Machine Learning Approach to Per-
form Physical Activity Classification Using a Sensorized Crutch Tip.IEEE Ac-
cess,8:210023–210034, 2020.

doi: https://doi.org/10.1109/ACCESS.2020.3039885 JCR2020: 3.367 (Q2)

2. eranskina

• Asier Brull Mesanza, Ilaria D’Ascanio, Asier Zubizarreta, Luca Palmerini, Lo-
renzo Chiari, and Itziar Cabanes. Machine Learning based Fall Detector with a
Sensorized Tip. IEEE Access, pages 1–1, dec 2021.

doi: https://doi.org/10.1109/ACCESS.2021.3132656 JCR2020: 3.367 (Q2)

3. eranskina

Springer Booksen nazioarteko konferentzien aktetan argitaratutako lanak:

• Asier Brull, Aitor Gorrotxategi, Asier Zubizarreta, Itziar Cabanes, and Ana
Rodriguez-Larrad. Classification of Daily Activities Using an Intelligent Tip for
Crutches. Advances in Intelligent Systems and Computing, 1093 AISC:405–416,
nov 2019.

doi: https://doi.org/10.1007/978-3-030-36150-1_33
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4.2. Etorkizuneko lanak

• Asier Brull, Asier Zubizarreta, Itziar Cabanes, Jon Torres-Unda, and Ana Rodriguez-
Larrad. A Smart Crutch Tip for Monitoring the Activities of Daily Living Based
on a Novel Neural-Network Intelligent Classifier. pages 113–122. Springer,
Cham, sep 2021.

doi: 10.1007/978-3-030-57802-2_11

• Asier Brull, Sergio Lucas, A. Zubizarreta, Eva Portillo, and Itziar Cabanes. A
Random Forest Based Methodology for the Development of an Intelligent Clas-
sifier of Physical Activities. Biosystems and Biorobotics, 28:85–89, oct2020.

doi: https://doi.org/10.1007/978-3-030-70316-5_14

4.2 Etorkizuneko lanak

Doktorego-tesi honetan egindako lanari esker, etorkizuneko ikerketa-lanetarako hain-
bat interes-ildo hauteman dira:

• Doktorego-tesi honetan, Jarduera Fisikoa monitorizatzeko eta erorikoak detek-
tatzeko Punta sentsorizatu bat aurkeztu da. Hala ere, haren erabilera erosoagoa
izan dadin, bai egitura mekanikoa bai elektronikoa alda daitezke, bateria pun-
tan txertatuz. Gainera, integratu diren sentsore komertzialen ordez, garapen
propioko sentsoreak erabil litezke, sistemaren dimentsioak murriztuz.

• Punta Sentsorizatu berritzaile hau, taka-taka bat bezalako, ILG konplexuagoe-
tan inplementatzeko, komenigarria litzateke, martxaren monitorizazioa sinkro-
nizatzeko bi Punta sentsorizaturen arteko komunikazio-sistema garatzea.

• Doktorego-tesian, 5 jarduera desberdin bereizteko gai den JFaren sailkatzaile
bat aurkeztu da. Hala ere, eguneroko bizitzan jarduera fisiko gehiago aurki dai-
tezke. Egoera horretan, komenigarria litzateke sailkatzaileak bereiz ditzakeen
jarduera fisikoak areagotu ahal izatea. Hori egin ahal izateko, sailkatu beharre-
ko jarduera fisiko berri horien analisia egin, esperimentu batzuk diseinatu eta
sailkatzailea birsortu beharko litzateke.

• Errehabilitazio klinikoko inguruneetan, Punta Sentsorizatua ezartzea egokia li-
tzateke. Horrela, garatutako sistemak ematen duen eguneroko jarduerari buruz-
ko informazio kuantifikatuari buruzko profesionalen iritzia lortzea posible izango
litzateke.

• Garatutako erorketa-detektagailua hobetzeko, jarduera fisikoen eta erorketen
multzo zabalagoa simulatu liteke, honela, erorikoak detektatzeko ahalik eta ka-
su gehien bilduz. Horretarako, aztertu beharreko kasu berriak bilduko lituzkeen
esperimentu multzo bat diseinatu eta detektagailua berriro sortu beharko litza-
teke.
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Kapitulua 4. Ondorioak

• Sailkatzailea eta erorikoen detektagailua hobetzeko, denbora errealean ezar li-
tezke datuak eskuratzeko sisteman integratuz. Horrez gain, datuak hodeian
gorde ahal litezke. Horrela, unean bertan egindako Jarduera Fisikoaren berri
eman ahal izango da, eta, eroriz gero, osasun-langileei horren berri eman ahal
izango diete.
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Abstract: Multiple Sclerosis (MS) is a neurological degenerative disease with high impact on our
society. In order to mitigate its effects, proper rehabilitation therapy is mandatory, in which
individualisation is a key factor. Technological solutions can provide the information required
for this purpose, by monitoring patients and extracting relevant indicators. In this work, a novel
Sensorized Tip is proposed for monitoring People with Multiple Sclerosis (PwMS) that require
Assistive Devices for Walking (ADW) such as canes or crutches. The developed Sensorized Tip
can be adapted to the personal ADW of each patient to reduce its impact, and provides sensor
data while naturally walking in the everyday activities. This data that can be processed to obtain
relevant indicators that helps assessing the status of the patient. Different from other approaches, a
full validation of the proposed processing algorithms is carried out in this work, and a preliminary
study-case is carried out with PwMS considering a set of indicators obtained from the Sensorized
Tip’s processed data. Results of the preliminary study-case demonstrate the potential of the device to
monitor and characterise patient status.

Keywords: sensorized tip; patient monitoring; multiple sclerosis; wearable sensors; rehabilitation

1. Introduction

It is estimated that 2.3 million people in the world suffer from Multiple Sclerosis (MS) [1]. This
neurological disease has an important impact on society, as it is a chronic degenerating disease with no
cure that appears in young people [2]. This implies not only an important economic impact on the
health system, but also in the active population, as the physical decline causes inability to work at
early ages [3].

MS is an autoimmune disease that affects the Central Nervous System, more specifically the brain
and spinal cord. Although its symptoms vary depending on the area affected by the disease, some
of the most common ones are fatigue and motor dysfunction. After 15 years from diagnosis, most of
the patients require Assistive Devices for Walking (ADW) such as crutches or canes to maintain their
autonomy [4]. This work focuses on providing solutions for the needs of these patients.

At present there is no cure for MS. Hence, the treatment focuses on the prevention of new attacks
and alleviating the symptoms [5]. In this task, rehabilitation plays a key role, as it has demonstrated to
be effective for reducing the effect of the symptoms caused by the disease [6,7], and therefore being
central for maintaining the highest possible level of independence as the disease progresses. However,
in order to be effective, therapies have to be adapted to each patient [8], which is not a trivial task.

Technological solutions can provide the information required for this purpose, by monitoring
patients and extracting relevant indicators to assess their status. Some of the most popular devices
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for this purpose are wearable sensors, which are based on inertial sensors (accelerometers, gyroscopes)
that allow to monitor limb motion [9–12]. For this purpose, wearable sensors are usually attached to
the body of the patient. Although these devices are widely used in a range of applications, this latter
requirement may generate rejection on PwMS that require ADW, as they have difficulties to move and
are very sensitive to any external attachment to their limbs.

Hence, in order to provide a contactless monitoring approach some works have proposed the use
of the internal sensors of smartphones to capture the motion of the lower limb once placed in a pocket
of the trousers [13,14]. However, the data processing is more complex, as the mobile phone is not fixed
and parasitic motions arise.

To overcome these aforementioned issues, recent studies [15] have proposed to include sensors in
passive, daily-use Assistive Devices for Walking, such as canes or crutches, as they can provide more
reliable monitoring data. Most of the works in this area [16–24] propose devices capable of measuring
the load applied, as well as their motion, which can be used to define indicators that could provide
relevant information regarding the modality of use of the ADW. To better characterize this use some
works also include sensors that measure the force applied to the handle [25] or sensors to detect nearby
objects [26].

The measurement of the applied axial load, is typically carried out considering a force
sensor [17,24,26,27], which is usually expensive but provides an accurate measurement. Other
authors propose the use of strain gauges [16,18–23,25], whose cost is lower, as well as their accuracy.
The motion of the device is traditionally measured by the use of IMUs (Inertial Motion Units),
which include accelerometers and gyroscopes. These devices, however, do not provide directly
the orientation of the crutch or cane, and different techniques have to be applied to estimate them.
One of the most simple approaches is based on the direct integration of the gyroscope rotational
speed, and the periodical correction of the accumulated errors [19]. However, most authors use
either a quasi-static approach, determining the orientation from the projection of the gravity vector
on each acceleration axis [16,18,25,26]; or different filters such as Kalman [17,28,29] or CAHRS [30].
The aforementioned data is captured by an on-board Data Adquisition Device (DAQ), which is typically
self-designed [18,23,26,27,31], although there are approaches based on Arduino or rapid-prototyping
devices [21].

The raw data captured by the sensors of the device, however, is not generally useful for the
therapist without further processing. Hence, in the literature, different indicators based on the raw
data are defined. This way a change in these can be used to detect changes in the status of the patient.
In the case of ADW, most of the indicators are related to the axial force, such as the maximum [32,33]
or average load [33] with respect to the weight of the patient. For people that do not require these
devices, on the other hand, the number of steps required for a given distance, the average speed or the
time between steps [34] are some of the most used.

As previously analysed, currently there are a number of works that have proposed instrumented
crutches and canes, with different sensor solutions and indicators extracted. However, this is still
an open area, where further research is required—first, only a few of the proposed devices have
been validated, characterising their measurement error [17,20,23,24,26,27]; second, only some of
the works evaluate (preliminary) the proposed device with patients, defining indicators from the
sensor data and demonstrating some kind of correlation between the proposed indicators and the
patient status [17,21,24,26]; third, due to the complexity of the device orientation estimation, most of
the indicators proposed are related with the applied axial load, although the former variables could
be used to characterise the pattern of use of the sensorized ADW; and finally, all the aforementioned
monitoring systems are part of a generic assistive device, and cannot be adapted to the personal ADW
of each patient, which is usually personalized to his/her needs.

Hence, in this work a novel monitoring device is proposed, with four main contributions—1)
the proposed device is a universal Sensorized Tip that can be fit to the patient’s own personalised
ADW, which minimizes the impact of the solution and consequently, improves its acceptability; 2)
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a complete and thorough validation of the device’s monitoring capabilities is presented, detailing
the algorithms used to estimate relevant parameters and validating them experimentally; 3) a novel
procedure to estimate relevant orientation angles for the tip with respect to the body motion is
proposed; and 4) the patient status assessing capabilities of the device are demonstrated by carrying
out a preliminary/exploratory use-case study with PwMS. Note however, that the goal of this latter
contribution is not to perform a thorough correlation analysis, but to demonstrate the potential of the
device.

The rest of the work is structured as follows—Section 2 details the proposed Sensorized Tip and
its capabilities; Section 3 characterises the measurement errors of the proposed device; Section 4 details
the procedure to estimate the angles of motion of the Sensorized Tip; Section 5 illustrates the use of
both raw sensor and estimated orientation data to define a set of indicators to perform a preliminary
analysis of the capabilities of the device to assess PwMS status in a exploratory use-case study; finally,
the most important ideas are summarised in Section 6.

2. Sensorized Tip Prototype

The general structure of the developed Sensorized Tip is detailed in Figure 1a. The overall system
is composed by two main elements: the Sensorized Tip, whose structure is made in aluminium and
integrates the sensors and the Data Acquisition (DAQ) device; and an external standard USB based
5 V battery. The Tip is designed to be attached in any crutch or cane to monitor its motion by means of
a couple of screws. Moreover, it is designed so that it can be easily repaired if damaged. The weight of
the Sensorized Tip prototype, without taking into account the external battery that is attached, is 180 g.

(a)

FORCE 
TRANSMITTER

TIP 
SUPPORT

FORCE 
SENSOR

FORCE 
SENSOR 

SUPPORT

CRUTCH 
SUPPORT

SENSORS AND 
ELECTRONICS

(b)

Figure 1. (a) System elements and reference axes. (b) Sensorized Tip mechanical structure.

The Sensorized Tip integrates three sensors in its structure: a force sensor, a barometer and
an Inertial Motion Tracking Module, whose specifications will be detailed in Section 2.1. The data
provided by these sensors is processed by a low cost B;uetooth Low Energy (BLE) Nano v2 board
based on the nRF52 IC processor, which is able to communicate with Bluetooth 4.0 Low Energy (BLE)
protocol with an external acquisition system, such as a PC or a mobile phone.

The battery is based on a 5 V 2600 mAh power bank typically used to charge mobile phones with
a mass of 75 g. The use of standard USB-A based connectors was selected to simplify the design and
increase compatibility. The decision to put the battery outside the Tip is motivated by the need to
reduce the mass of the Tip and minimize its impact on the patient. Note that PwMS usually present
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progressive physical deterioration and high risk of falling, and incorporating even a small mass into
the ADW can notably difficult their mobility. The cable connecting the sensor tip to the battery is
attached to the crutch or cane by means of straps.

Next, each of the elements composing the Sensorized Tip are detailed.

2.1. Integrated Sensors

As analysed in Section 1, the most important basic variables that define the use of crutches or
canes are the motion (acceleration, speed, angles, altitude) and the overall force applied on the walking
support device. Based on this, three sensors have been selected.

The MTi-1 by X-Sense is an Inertial Measuring Unit (IMU) that integrates a 3-axis accelerometer
(range ±156.96 m/s2), gyroscope (range ±2000 ◦/s) and magnetometer (range ±0.8 G) with an
algorithm that provides Attitude and Heading Reference System (AHRS) functionalities. Hence in
addition to the linear acceleration and rotational speed with respect to the local axes (Figure 1a), it
provides the absolute Roll-Pitch-Yaw angles of the Tip in a Global Reference Frame with a relative low
error (Roll and Pitch dynamic error of 0.5o, and Yaw dynamic error 1o), providing a 3D representation
of the Tip orientation in real-time.

For the measurement of the force applied to the longitudinal axis of the crutch, a C9C force sensor
manufactured by HBM is used. This element is designed to measure static and dynamic compression
forces of up to 1 kN (0.2% precision). Due to the mechanical disposition of the sensor (see Section 2.2) a
preload is required to ensure that low forces are measured. In addition, as the sensor is of piezoelectric
nature, a conditioning circuit based on a INA118 amplifier is used to amplify the generated voltage to
a suitable level.

Finally, the measurement of altitude is carried out using a low cost BMP280 sensor manufactured
by Bosch, which communicates using I2C protocol with the Sensorized Tip’s processing unit. This
sensor allows to determine if the patient is going up or down stairs or slopes.

Although these sensors are commercial, a calibration procedure has been carried out in Section 3
in order to quantify the measurement error once implemented in the Sensorized Tip.

2.2. Mechanical Structure

The Sensorized Tip’s structure has been self-designed to integrate the aforementioned sensors and
the BLE Nano processing unit. The structure has been manufactured in aluminium to reduce its weight.
In addition, its longitudinal size (0.06m) has been selected to minimize the need of adjusting the crutch
height, as 0.06m are equal to three discrete positions in the length adaptability of a standard crutch.

The elements composing the structure and their disposition are detailed in Figure 1b. The Data
Processing Unit and the required electronics are placed in the upper part of the Tip, housed by an
aluminium enclosure (Crutch support). The force sensor is placed in the lower part, attached to a
stiff aluminium support (Force sensor support). The axial force applied on the Tip is transmitted by
the Force transmitter, which is a mobile part which can transmit force axially. The rubber Tip of the
crutch or cane is attached to the Tip support. Note that this element is dependant on the particular one
selected by the patient for his/her needs.

As stated before, a preload is required to ensure proper operation of the force sensor. For that
purpose, the set of screws that join the Crutch Support, Force Sensor Support and Tip Support parts
are tightened to a desired preload and fixed with nordlock washers.

2.3. Data Processing Unit

The selected data processing unit is a BLE Nano board, which is based on the nRF52
microcontroller. This integrated circuit provides Data Acquisition (DAQ) capabilities and Bluetooth
4.0 Low Energy (BLE) connectivity with a very low energy consumption, which allows the system to
work for a whole day with a small battery.
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The tasks performed by the BLE Nano are summarised in Figure 2a. After the initialisation of
the Bluetooth connection and the calibration of the sensors, it performs several tasks periodically:
first, it captures the data from the aforementioned sensors; second, it compacts the data and sends it
using BLE protocol with 50Hz rate to an external logging device (PC or mobile phone). Note that this
frequency is enough to capture the walking data with assistive devices [35]. The capture process is
analysed next.

(a) (b) (c)

Figure 2. (a) Operation scheme of the Bluetooth Low Energy (BLE) Nano V2 software, responsible for
capturing the data coming from the sensors and sending them via Bluetooth. (b) Scheme of operation of
the PC/Mobile Phone interface. (c) Representation of one of the screens of the smartphone application
developed for the storage of the data received from the Sensorized Tip.

The sensor data is captured using two different approaches depending on the nature of the sensor
output. This way, both the barometer and the MTi-1 module are connected using I2C communication
protocol, hence, their measurements are requested each 20ms by the processing unit and stored in
memory prior to sending them. The force sensor, on the other hand, is read using an analog input.
As the measurement of the force sensor can be noisy, the force sensor is measured at 5 kHz rate, and its
data is filtered prior to storing its value in memory.

The sensor data stored internally in the processing unit memory is sent periodically using
Bluetooth 4.0 Low Energy to a logging device. The Attribute Protocol (ATT) is used so that once
the Sensorized Tip and the logging device have been paired, communication is carried between both
devices. This way, each 20ms (50Hz), 38 bytes of sensor data are sent in two packets (20 bytes each).
Package data is summarized in Table 1.

Note that the Sensorized Tip is designed so that an external logging device is required to store the
data. For that purpose, any device that supports BLE protocol can be used. The developed prototype
provides a PC based logging system and an Android-based mobile phone app (Figure 2c) to perform
these tasks. The logging programs developed in both devices follow the steps defined in Figure 2b.
As it can be seen, the data is stored in a csv file. In order to detect possible package losses in the
wireless transfer, the iteration bits are used to identify them (Table 1).
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Table 1. BLE package data.

First Package 20 Bytes Second Package 20 Bytes

Number of Bits Number of Bits

Iteration 4 Iteration 4
Force 16 Accelerometer 45
Altitude 32 Y axis 20
Euler Angles 78 Z axis 25

Roll 26 Gyroscope 60
Pitch 26 X axis 20
Yaw 26 Y axis 20

Accelerometer 30 Z axis 20
X axis 25 Magnetometer 48
Y axis 5 X axis 16

Y axis 16
Z axis 16

3. Characterization of the Measurement Errors

The aim of this section is to characterize the measurement errors associated to each of the
three integrated sensors: the Inertial Motion Processing Unit (velocities, accelerations and angles),
the barometer and the force sensor. This will allow to validate the accuracy of the proposed Sensorized
Tip to measure crutch motion.

In order to achieve this goal, a series of calibration and measurement tests have been carried out
with the Sensorized Tip at the research facilities of the University of the Basque Country (UPV/EHU).
In particular, the high-fidelity measuring equipment of both the Automatic Control Laboratory and
the 3D Body Motion Capture Laboratory were used to evaluate the measurements provided by the
Sensorized Tip.

Next, each test is described, detailing the used equipment to characterize the measurement errors
associated to each data source of the Sensorized Tip.

3.1. Euler Angles

The Mti-1 sensor from X-Sens integrated in the Sensorized Tip has an internal algorithm that
provides an estimation of its orientation in a global reference frame (see Figure 1a). Using the internally
estimated Euler angles, the real-time orientation of the crutch in 3D space can be estimated, as it will
be detailed in Section 4.

In order to validate the estimations provided by the Mti-1 sensor, a series of tests were carried out
comparing these with the data provided by the VICON 3D Motion Capture System installed in the
3D Motion Capture Laboratory. This facility provides a wide empty area with a flat soil where eight
high fidelity Vicon Motion Capture System (MCS) cameras and a high precision Bertec 4060-15 force
platform can be placed to capture accurately 3D motion data in a predefined working area.

For the error characterization measurements defined in this section, the eight cameras were placed
to cover an area of 4x4m in the center of the lab, which was free of obstacles as seen in Figure 3a.
To capture the motion of the crutch, and extract its 3D motion, 6 reflective markers were placed in
a standard crutch (Figure 3b). Note that as the global reference system of both the Mti-1 sensor and
the MCS were not the same, a calibration procedure was first executed to calculate the appropriate
transformation matrices that relate both reference systems. In addition, in order to synchronize the
data captured by both devices (Sensorized Tip and MCS), an initial vertical blow over the MCS force
plate was executed to indicate the start of each measurement.
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Figure 3. (a) 3D Motion Capture Laboratory Schematic with camera placements, capture area and
defined test trajectories. (b) Reflective marker distribution on the tested crutch (the markers are
identified with numbers).

In order to characterize the measuring error of the Sensorized Tip, the way patients use ADW
was considered. For instance, depending on the ADW, patients tend to grab its handle with an angle
with respect to the advance plane (Figure 4). This way, to analyze the measurement errors in different
scenarios, five trajectories were considered: three 4m straight walking tests, with different crutch
handle orientations (more or less 0o, 45o and 90o rotation), a zig-zag trajectory (0o rotation) and a
circular trajectory (0o rotation). These trajectories were marked in the floor as reference, as seen in
Figure 3a.

Figure 4. Position of the crutch handle with respect to the advance plane, in the different validation
tests of Euler angles provided by the X-Sens.

Two members of the research group executed the tests, executing each trajectory twice at a normal
pace (always in the same direction), once the required synchronizing initial vertical blow over the MCS
force plate was executed. Data from the researchers is provided in Table 2.

Table 2. Volunteer data for Sensorized Tip Laboratory Validation.

Volunteer Sex Age Height Weight

1 Male 24 1.84 m 75 kg
2 Male 26 1.80 m 73 kg
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Results of the measurement RMS (Root Mean Square) error in the MTi-1 reference system are
summarized in Table 3. It can be seen that the Sensorized Tip provides a reduced estimation error
for the Roll and Pitch angles (below 1.5 degrees RMS), while the error is slightly higher in the Yaw
angle (up to 4.3 degrees RMS). The dynamic error specifications are higher than those specified by
the manufacturer (0.5o for pitch/roll and 2o for yaw), although similar to other approaches proposed
in the literature and acceptable for the required application. This can also be seen in Figure 5, which
shows the time evolution of roll/pitch/yaw angles for both the Mti-1 and Vicon MCS measurements
for the zig-zag trajectory experiments.

Table 3. X-Sens Euler angles estimation error.

RMS Error
Test Handle Orientation Roll (◦) Pitch (◦) Yaw (◦)

Walk straight 4 meters 0o 0.5439 1.0971 2.3457
Walk straight 4 meters 45o 0.8482 0.7325 2.1725
Walk straight 4 meters 90o 0.5429 1.0984 2.3404

Zigzag 0o 0.6736 0.8693 4.3096
Circle 0o 0.935 1.5278 4.3099

Mean 0.7267 1.0777 3.4688

Figure 5. Euler angles of Vicon Motion Capture System (MCS) and X-Sens comparison in zigzag test.

3.2. Gyroscope

The Mti-1 by X-Sens integrates a gyroscope and accelerometer, whose raw data can also be
captured. In this section, the gyroscope measurements will be analyzed and the measurement errors
characterised. It is to be noted that the Mti-1 internally performs a calibration each time it is activated.
However, it is widely known gyroscopes present a drift with time, which X-Sens ensures it is below 10
◦/h and will not be analyzed in this section.

In order to determine the angular speed measurement error, an AKD21C servomotor configured
in speed mode with a high precision encoder was used. The Sensorized Tip was attached to the axis of
the servomotor using a 3D printed base, which allows to position the device so that each of the three
local axes of the Mti-1 sensor (x, y, z) (Figure 1a) are aligned with the rotation axis of the motor. Each



Sensors 2020, 20, 4329 9 of 20

axis measurement is tested at three different constant angular speeds: 100 ◦/s, 200 ◦/s and 300 ◦/s.
These speeds were verified with an external tachometer at the Automatic Control Laboratory.

Results are detailed in Table 4. As it can be seen, errors are low at 100 ◦/s, increasing with higher
speeds, with the exception of the speed of 300 ◦/s in the z axis in which the error decreases. In general,
error in z axis is higher than in the rest due to slight misalignment in the location of the MTi-1 sensor
with respect to the center of the Sensorized Tip.

However, it has been experimentally checked that an average healthy person generates angular
speeds on the walking assist system less than 180 ◦/s in x and y axes and 220 ◦/s in the z axis. Hence,
an error less than 1 ◦/s is guaranteed in this range, which is acceptable for this application.

Table 4. X-Sens rotational speed measurement error summary.

Gyroscope Error

Motor Speed x axis (◦/s) y axis (◦/s) z axis (◦/s)
100o/s –0.1463 –0.5159 –0.6127
200o/s –0.1944 –0.9729 –1.0299
300o/s –1.2977 –3.3778 –0.2363

3.3. Accelerometer

In order to characterize the accelerometer data provided by the Mti-1, first the calibration
procedure proposed in Reference [28], which uses the gravity vector as a reference, is applied, and the
accelerations in the global reference frame are calculated. Then, the data provided by the accelerometer
is compared with the acceleration data obtained by the Vicon MCS system.

The 4 meter walking test (0◦ rotation) dataset defined in the Section 3.1 is used to perform this
characterization, whose time evolution is depicted in Figure 6. Note that the captured accelerations are
first filtered using a low pass filter.

Figure 6. Comparison of acceleration measured by X-Sens and Vicon.

Table 5 summarizes the RMS and average errors in the global reference frame for each axis. As it
can be seen, the RMS estimation error is generally less than 1.4 m/s2, which is acceptable for the
monitoring application. In addition, note that, as seen in Figure 6, the acceleration measurements



Sensors 2020, 20, 4329 10 of 20

along the experiment have good quality, except when the Sensorized Tip impacts the ground, in which
higher accelerations appear due to this effect.

Table 5. X-Sens acceleration measurement error summary.

x (m/s2) y (m/s2) z (m/s2)

RMS Error 1.1365 0.3963 0.4574
Mean Error 0.9674 -0.3103 −0.1704

3.4. Force Sensor

In order to characterize the force sensor measurement, its measurements were compared with
the ones given by the Bertec 4060-15 force plate integrated in the 3D Motion Capture Laboratory,
as previously detailed.

It is important to note that, due to the Sensorized Tip design, the force sensor measures the force
transmitted by the rubber Tip to the force transmitter part (Figure 1b). Hence, friction and damping
effects appear, requiring to calibrate the force sensor prior to its use. For that purpose, the Sensorized
Tip was placed vertically over the force plate using a 3D printed support, and a set of constant loads in
the 0–100 kg (approximately 0–1 kN) range were progressively applied to it. Using the measurements
of both the force plate and the Sensorized Tip force sensor the following calibration curve was obtained,

y = −230.71x2 + 797.3736x− 285.6619. (1)

Once calibrated, the Sensorized Tip was attached to a crutch and different loads were applied
after placing it on the Bertec 4060-15 force plate. A particular test is shown in Figure 7. As it can be
seen the negative and positive force gradients match, but there exist a measurement error when the
maximum force is applied to the crutch due to the force transmission mechanism of the design and the
existing friction. An average error of –0.0425 N is obtained from this sensor, with an RMS of 21.1104 N,
which is considered acceptable for this application.

Figure 7. Force sensor after calibrate curve and data obtained from the scale.
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3.5. Barometric Sensor

Finally, the Sensorized Tip includes a BMP280 barometer which allows to calculate the relative
height based on the atmospheric pressure. In order to determine the measurement accuracy of the
sensor, a simple test was carried out, consisting on using a stair set as a reference. It was divided into
four flights, with 12 stairs per flight and a total of 2.04 m between flights.

Results are shown in Figure 8, in which the starting floor was considered as the 0 height value.
If the flat areas associated to each flight of stairs are considered in the time evolution, the RMS error
is 0.2716 m, while the average error is –0.0466 m. Note that this fits the data from the manufacturer,
which offers a relative precision of 0.12 hPa.

Figure 8. Comparison and validation of the altitude provided by the barometric sensor
and the real altitude.

4. Estimation of the Orientation of the Device

As detailed in the introduction, orientation of the ADW can be used to define indicators related to
the patterns of use of the device, which are related to the status of the patient.

However, the measurement of the orientation is not a trivial task, and as analysed previously,
different approaches exist. In the particular case of the proposed device, the integrated Mti-1 sensor
provides, using a proprietary algorithm based on a Kalman Filter, the Euler orientation angles that
relate the local Sensorized Tip reference system Stip(x, y, z) with a global reference system SG(X, Y, Z).

However, for the specific application of the Sensorized Tip, the relative motion of the assistive
device with respect to the body of the patient is required. This is, the lateromedial and anteroposterior
angles, as seen in Figure 9a.

The calculation of these angles is not trivial and a two step procedure has been defined to estimate
them. First, a body reference system (SB(X′, Y′, Z′)) has to be inferred from the data provided by the
Sensorized Tip (Figure 9b). Second, the calculation of the lateromedial and anteroposterior angles is
carried out by projecting the Sensorized Tip reference system into what will be named advance plane,
that is, the X′Z′ plane of the body reference system, related to the direction of movement of the patient.
This procedure will be detailed next.
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(a) (b)

Figure 9. (a) Anteroposterior and Lateromedial angles. (b) Global, Body and Sensorized Tip reference frames.

4.1. Estimation Algorithm for the Body Reference System and the Advance Plane

The body reference system is considered aligned with the Z axis of the global reference system of
the Mti-1, but its X′ axis always points in the direction of the body motion, which defines the advance
plane X′Z′. Hence, as seen in Figure 9b, the global and body reference systems are related by rotation
of θ with respect to the global Z axis.

Hence, in order to define the body reference system, the motion direction in the (XY) plane of the
global reference system has to be defined. Note that this is not a trivial tasks as—1) the global reference
system of the Mti-1 only ensures the Z axis, but the X depends on an internal magnetometer which is
affected by electromagnetic noise; and 2) as seen in Section 3.1, patients may grab the handle of the
ADW with multiple angles, or even place the Sensorized Tip misaligned with the crutch.

In this work a novel approach is proposed to estimate the motion direction, and thus, the advance
plane and body reference system, based on the predominant direction defined by the projection of the
Sensorized Tip motion in the XY plane. The basic idea is to project on this plane the vector defined by
the Euler angles provided by the Mti-1, creating a set of points in which a linear regression is applied
to detect the main direction (Figure 10a).

The proposed procedure is applied to each ADW cycle (see Figure 10b). When using a crutch or
cane, in each cycle two phases can be differentiated if the load force is considered—the stance phase,
in which the patient applies load to the assistive device; and the swing phase, in which no contact with
the ground exists and the device is moved through the air to the next stance phase start.

This way, when the Sensorized Tip detects that the stance phase has started, the absolute
orientation data (Euler angles) is captured within this phase. When the stance phase ends, the captured
Euler Angles (α, β, γ) are used to represent in 3D the orientation of the ADW. For each set of Euler
angles captured, the following rotation matrix can be defined,

GRtip = Rz(α)Ry(β)Ry(γ) = Rrpy, (2)

which relates the Sensorized Tip local reference system and the global reference system of the Mti-1.
As the Sensorized Tip local Z axis is aligned with the Sensorized Tip / assistive device axis, it is
possible to define the representation of unitary vector Guz associated to the local Z axis in the global
reference frame by extracting the third column of Rrpy,

Rrpy =
[

Gux
Guy

Guz.
]

(3)
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(a)

(b)

Figure 10. (a) 3D Orientation of the Sensorized Tip and (XY) plane projection. (b) Stance and Swing Phases.

The projection of Guz in the XY plane of the Global Reference System reflects the motion of the
Sensorized Tip in this reference system. Hence, if a particular stance phase is evaluated, cloud of points
is obtained, which reflects the motions carried out in that particular cycle (Figure 10a).

Considering that no turns are carried out within an stance phase, a linear regression is applied
to the projected points in the XY plane, obtaining the predominant direction of the body in that
stance phase. Thus, the angle of this line with respect to the global reference system X axis
defines θ (Figure 9b), and the body reference system can be calculated as,

GRB = Rz(θ). (4)
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In order to validate this approach, the data of the tests carried out in Section 3.1 are used, in which
five different trajectories were tested: 4m walking straight with different crutch handle orientations
(0◦, 45◦ and 90◦), zig-zag trajectory and circular trajectory. The data from the Vicon MCS system was
used to evaluate both body and crutch motions.

Results are summarized in Table 6, while the circular trajectory and the advance plane
identification for each cycle are shown in Figure 11. As it can be seen, the proposed approach
provides results with a RMS value of less than 5.6◦ in the case of linear motion (45◦ rotation in the
handle), while the error increases up to 8◦ when the trajectory is circular. This is due to the fact that
the estimation plane is calculated in each step assuming that the steps are carried out linearly. Hence,
this is considered a worst case scenario that reflects sharp turns while walking.

Table 6. Body Reference System θ offset estimation error.

Test Handle Orientation RMS Error Mean Error

Walk straight 4 meters 0◦ 5.4556 1.7311
Walk straight 4 meters 45◦ 5.605 5.4886
Walk straight 4 meters 90◦ 2.4038 1.5265

Zigzag 0◦ 4.4965 –2.0318
Circle 0◦ 7.9843 –5.8093

Figure 11. Advance plane estimation in the circular test (Worst Case Scenario) with
respect to the real trajectory.

4.2. Anteroposterior and Lateromedial Angle Estimation

Once the body reference system SB(X′, Y′, Z′) has been estimated, the anteroposterior and
lateromedial angles can be calculated. As seen in the previous section,

BRtip = Rz(θ)Rrpy =
[

Bux
Buy

Buz

]
, (5)

where Buz =
[

uzx uzy uzz

]T
is the unitary directional vector of the z axis of the Sensorized Tip

reference frame in the body reference frame. The time evolution of this vector, represents the motion
of the assistive device with respect to the body reference frame.

Hence, projecting this vector in the X′Z′ and Y′Z′ planes, the anteroposterior θant and lateromedial
θlat angles can be obtained,

θant = atan
(

uzx

uzz

)
θlat = atan

(uzy

uzz

)
. (6)
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5. Study Case to Evaluate Device Potential with Pwms

The developed Sensorized Tip aims to monitor PwMS and provide objective and relevant data that
can be used to assess patient function and progression. However, as stated in the introduction, the raw
sensor and estimated orientation data defined in the previous sections should be further processed.

In this section, a set of indicators will be defined from the data provided by the Sensorized Tip
(analyzed in Sections 3 and 4). Then, the results of a exploratory study-case with PwMS will be
analyzed to study the potential of the proposed device to assess patient status. Please note that this is
not an exhaustive study to correlate indicators and patient status and that further thorough clinical
trials are required for this latter purpose.

5.1. Exploratory Study-Case Setup

In order to perform the preliminary analysis, the study case was approved by the Basque Country
Clinical Research Ethics Committee (CEIm) (Code PS2018017), and was carried out in collaboration
with ADEMBI (Multiple Sclerosis patient Association of Biscay). This Association is exclusively
dedicated to the treatment of PwMS, and provided constant supervision for the patients during the
tests.

Three PwMS that required ADW, each with different functional disability status (but EDSS >4.5),
volunteered for this study-case. The data of each patient is shown in Table 7, including their weight,
their level of disability measured by the standarized EDSS (Expanded Disability Status Scale) [36,37]
and the time to perform the TUG (Timed Up and Go) [38] standardized test.

Each patient was explained the test thoroughly, and then asked to perform a standardised 10
meter walking test (10MWT) walking at a normal and comfortable pace. The test was repeated twice,
one in each direction. Note that the first meter is reserved to accelerate, while the last one to decelerate
and stop. Hence, for the analysis only the middle 8 meters are considered. In order to detect these
limits, two photoelectric cell gates (Polidemo, Micrgate, Italy) were placed in meters 1 and 9, allowing
also to capture the average speed (see Figure 12).

Figure 12. Ten meter walking test setup.

Table 7. Selected People with Multiple Sclerosis (MS) for the exploratory study-case.

Weight (kg) EDSS TUG (s) Assistive Device
for Walking

Patient 1 86.4 4.5 14.1 Cane
Patient 2 78 6.5 22.97 Crutch
Patient 3 56.8 7.5 49.29 Crutch

5.2. Defined Indicators

As stated in the introduction, different indicators have been proposed in the literature based
on monitoring data related to gait or ADW. In this work, some of the most relevant ones have been
selected in order to demonstrate the potential of the proposed Sensorized Tip:
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• The maximum load, which defines the maximum load that the user applies on the assistive device
during the test (Figure 10b).

• The maximum load with respect to the weight (in percentage) [32,33], reflecting the maximum
percentage of body weight the patient applies on the ADW during the stance phase.

• The average load with respect to the weight (in percentage) [33], reflecting the percentage of body
weight the patient is applying on the assistive device .

• The average of two steps time [34], which represents the average time a patient requires for each
cycle; this is, both the stance phase and the swing phase (Figure 10b).

• Number of cycles [34], defined by the number of cycles (stance/swing) the patient requires to
complete the test.

The aforementioned indicators can be extracted from the force sensor data, as shown in Figure 10b.
In addition, a set of indicators related to the orientation of the Sensorized Tip have been also defined,
with the aim to define the pattern of use of the device. In this way, the anteroposterior and lateromedial
angles estimated using the algorithms defined in Section 4 have been captured in three critical positions
(Figure 10b): the initial contact point, the point of maximum load, and the final contact point of the
stance phase.

5.3. Results and Discussion

Results for the three PwMS on the 10 meter walking test are summarized in Table 8. Note that as
previously noted, the aim of this work is not to carry out an exhaustive correlation analysis, but to
demonstrate the potential of the use of the Sensorized Tip to assess patient functionality.

Table 8. Exploratory Study-Case results.

Patient 1 Patient 2 Patient 3

Timed Up and Go (TUG) (s) 14.1 22.97 49.29
Expanded Disability Status Scale (EDSS) 4.5 6.5 7.5

Avgerage Speed (m/s) 0.82 0.46 0.61
Maximum Load (Kg) 6.69 10.44 11.09

Maximun Load with Respect Weight (%) 7.74 13.38 19.52
Mean Load (Kg) 5.55 7.78 6.74

Mean Load with Respect Weight (%) 6.42 9.97 11.86
Average Two Step Time (s) 1.49 1.65 1.31

Number of Cycles 6.5 10.5 10
Anteroposterior Angle Amplitude (◦) 35.75 20.74 24.79

Anteroposterior Angle in Initial Support (◦) 1.40 −24.00 −20.92
Anteroposterior Angle in Maximum Load (◦) 7.12 −14.72 −4.36

Anteroposterior Angle in Final Support (◦) 27.40 −5.52 −2.30
Lateromedial Angle Amplitude (◦) 4.50 3.67 5.39

Lateromedial Angle in Initial Support (◦) 6.78 10.40 6.96
Lateromedial Angle in Maximum Load (◦) 8.29 9.93 4.91

Lateromedial Angle in Final Support (◦) 6.17 8.74 7.60

From these data several initial guidelines can be extracted. If the exerted load is considered, note
that the load value can give potential information regarding patient performance only if the value is
normalized with respect to the body weight. In this case, the data shows that the percentage of body
weight the patient applies on the sensorized assistive device increases with the degree of disability
given by the Expanded Disability Status Scale (EDSS). A similar tendency is shown if the Timed Up
and Go (TUG) time is considered.

If the number of cycles is considered, note that there are significant differences between Patient 1
and 2/3. This can be related also with the anteroposterior angle amplitude, as for the same distance,
a less number of steps will imply greater assistive device motions (greater anteroposterior angles).
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Note however, that the number of steps, or even the step time between two steps, which may be
used to estimate also the average speed, potentially do not provide significant data to assess patient
status. For instance, patient 3, which has a high degree of disability, presents similar number of steps
than patient 2, which has a moderate degree. Even more, if speed metrics are derived, it can be seen
that patient 3 is quicker than patient 2, although his EDSS (and TUG) is higher. This is consistent with
the high heterogeneity within PwMS.

On the other hand, an analysis of the assistive device motion can be carried out by analyzing
the proposed indicators for the estimated anteroposterior and lateromedial angles. These data can be
used to analyze the way the patient uses the device through the day, and to detect if changes have
arised, as proposed by the authors. For instance, patient 1 uses the cane to take impulse, as it first
contacts the ground almost vertically (1.4◦), moves the cane back while taking impulse (the maximum
load is exerted in 7.12◦, that is, with the cane behind the body) up to 27.4◦. Patient 2, on the other
hand, requires increased crutch support to move, starts the gait cycle by placing the crutch in front
of the body (−24◦) and using it to take impulse while pivoting (maximum force exerted at −14.7◦)
until reaching a near vertical position (−5.5◦). Finally, patient 3, starts the cycle by placing the crutch
in front of the body similar to patient 2 (−20.9◦), but pivotes with both crutches applying increased
load until reaching a near vertical position, where the maximum load is applied (−4.36◦), finishing the
cycle almost there.

In addition to the anteroposterior angle, the lateromedial angle can also be used to complete the
use-pattern of the assistive device. Note that greater lateromedial angle may be related with a greater
requirement for support area. This way, patient 1 places the cane near the vertical first, and opens the
angle while taking impulse. Patient 2, places the crutch with a broader angle to ensure balance prior
to taking impulse, and maintains it while pivoting (note that in this case, the crutch always moves
in front of the patient, as previously detailed). Finally, patient 3 places the sensorized crutch almost
vertically, as the patient uses it to take impulse while pivoting.

In summary, the exerted load with respect to the body weight and the proposed orientation
angles are potential indicators to be considered to analyze patient status, while parameters related
to the average speed seem to have less potential for the aforementioned purpose. These guidelines
demonstrate the potential of the proposed device, and define the starting point for further tests with
PwMS in order to perform a full correlation analysis on the data provided by the developed device.

6. Conclusions

Individualized rehabilitation is mandatory for achieving the highest possible level of
independence in people with Multiple Sclerosis (PwMS). For that purpose, proper monitoring devices
are required, which provide objective data that allow designing patient-centered therapy.

In this work a Sensorized Tip that can be attached to any crutch or cane is proposed to monitor
PwMS that require Assistive Devices for Walking (ADW) within the day. Different from other
approaches, the proposed device is designed to minimize the impact on the patient and allows
to collect the axial load and the ADW 3D motion data. The proposed Sensorized Tip integrates a
motion processing unit that provides acceleration, rotation and inclination data, a barometer for
altitude estimation and a force sensor. The device is designed to be lightweight and allows wireless
communication using Bluetooth protocol.

The novel Sensorized Tip measurement errors are characterized in a series of tests, concluding
that the device’s accuracy is enough to monitor PwMS. In addition, an algorithm to estimate relevant
orientation data is defined. Moreover, the potential of the device to provide data to perform patient
status assessments is analyzed in a exploratory case study with PwMS. Preliminary results demonstrate
that the proposed device allows to extract important information regarding not only their status,
but also the use given to the ADW, which has clinical repercussion.

However, the reported work presents some limitations that will be handled in future works. First,
the study-case with PwMS was not carried out in 3D Motion Capture facilities due to the risks involved
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for the patients. Second, the weight and design of the device can be further optimized based on
patient’s feedback. Finally, the proposed study case is a preliminary analysis with a reduced number
of patients, and select indicators that, although demonstrates an area of research with great potential,
also emphasizes the need for further research.

In this sense, future work will include working in the aforementioned limitations, being the most
relevant one the need to perform a wider longitudinal study with a represenative sample of PwMS
(with an N > 20 ) to analyze correlations between the parameters offered by the Sensorized Tip and
validated clinical tests (EDSS, TUG test data). This analysis could allow to give more insight into the
validity of the approach to assess patients, and determine if the different indicators are able to detect
changes in the patient status as the disease evolves.
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PwMS People with Multiple Sclerosis
ADW Assistive Devices for Walking
IMU Inertial Measurement Unit
DAQ Data Acquisition System
BLE Bluetooth 4.0 Low Energy
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ABSTRACT In recent years, interest in monitoring Physical Activity (PA) has increased due to its positive
effect on health. New technological devices have been proposed for this purpose, mainly focused on sports,
which include Machine Learning algorithms to identify the type of PA being performed. However, PA
monitoring can also provide data useful for assessing the recovery process of people with impaired lower-
limbs. In this work, a Machine-Learning based Physical Activity classifier design procedure is proposed,
which makes use of the data provided by a Sensorized Tip that can be adapted to different Assistive Devices
for Walking (ADW) such as canes or crutches. The procedure is based on three main stages: 1) defining
a wide set of potential features to perform the classification; 2) optimizing the number of features by a
Random-Forest approach, detecting the most relevant ones to classify five relevant activities (walking at a
normal pace, walking fast, standing still, going up stairs and going down stairs); 3) training the ML-based
classifiers considering the optimized feature set. A comparative analysis is carried out to evaluate the
proposed procedure, using three ML-based classifier (Support Vector Machines, K-Nearest Neighbour and
Artificial Neural Networks), demonstrating that the proposed approach can provide very high success rates
if proper feature selection is carried out. This work presents four relevant contributions to the PA monitoring
area: 1) the approach is focused on people that require ADW, which are not considered in other approaches;
2) an analysis of the features to characterize gait in people that require ADW is carried out; 3) a design
procedure to optimize the number of features using a Random-Forest approach is used, avoiding a typical
‘‘brute force’’ procedure; and 4) a comparative analysis is carried out to demonstrate the validity of the
approach.

INDEX TERMS Instrumented crutch, rehabilitation, machine learning, physical activity classification,
random forest, artificial neural network, support vector machine, K-nearest neighbor.

I. INTRODUCTION
Lower-limb mobility plays an important role on autonomy
and quality of life. Neurological diseases or trauma injuries
that affect the mobility of the lower-limb have a great impact
on the lives of people suffering from them. Hence, trying to
fully or partly recover this function is one of the main goals
when designing a rehabilitation strategy for these patients [1].

The associate editor coordinating the review of this manuscript and

approving it for publication was Tyson Brooks .

In order to be effective, rehabilitation interventions must
be adapted to the status of the patient during the whole
rehabilitation process [2]. This also includes the selection of
the assistive device that better fits patient needs according to
her/his functionality. If the patient has lost the ability to walk
autonomously, the use of wheel chairs or scooters is the better
option, while crutches or canes are typically used when the
gait function is maintained. Hence, therapist are required to
assess patient status periodically to monitor the evolution on
the status of the patient.
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Patient assessment is typically performed using the data
collected through tests carried out in clinical settings.
However, monitoring the types of Physical Activity (PA) the
patient performs throughout the day is becoming increasingly
important in the functional assessment of patients, due to
the well-known benefits it has on their health and its con-
tribution to the prevention of non-communicable diseases
[3], [4]. It also allows interpreting the results of the periodic
clinical tests and giving individualized recommendations and
feedback on how much and how to perform these activities in
order to aid in the recovery process.
In order to perform PA identification, three main steps

are typically carried out: 1) data related to the patient is
captured by a monitoring device; 2) a set of features that
allow characterizing PA is extracted from the raw sensor data;
and, 3) the set of features are processed by a classifier, which
detects the particular PA being executed. The main works
related to each step will be summarized next.
Regarding the data capture and monitoring, different tech-

nological solutions have been proposed [5]. The most pop-
ular ones are wearable devices, which have to be attached
to specific places of the lower-limb of the patient, and
typically capture motion data using Inertial Measurement
Units (IMUs) [6]–[10] or biomedical signals such as EMG
[11], [12]. A number of commercial devices exist on the mar-
ket, such as XSens [13], BioStampRC [14], Tracmor [15]),
FlexiForce [16], BioCapture [12]). These solutions require
to be properly placed and attached to the limbs, and may
generate rejection on patients. In order to reduce the impact
of monitoring devices the use of the integrated sensors
of smartwatches and mobile phones has been proposed
[17]–[20]. These latter devices do not have a specific place-
ment in the body, but, on the other side, this positioning
flexibility and the variability introduced by parasitic motions
are issues to be considered when processing the data.
Once the raw data has been captured by the monitoring

device, the second step is to extract a set of features that
will allow to characterize the different PA. For this purpose,
the use of time-series segmentation using time-windows is
a common approach, as it allows to reduce the number of
data to be processed [21], [22]. In the case of gait monitoring,
the selected window typically matches a step. Hence, features
of different nature that allow to characterize each step can
be extracted from these windows. Statistic (mean, standard
deviation,. . . ) [10], [15], [23]–[25], frequency [19], [26] or
phase [9] operations are typically applied to the captured
variables for this purpose. In addition, in the particular case
of gait, features such as the average speed, time between
steps or the number of steps [27] have also been proposed.
It is to be noted that there is no standarized approach to define
these features, and that in general, a brute force approach is
used in which a wide set of features is defined so that the
classifier to be designed has enough input data to perform
its job.
Finally, in the third step, using the set of selected fea-

tures, the PA identification or classification is performed.

Machine Learning (ML) techniques such as K-Nearest
Neighbour (K-NN) [10], [24], [28], Support Vector
Machine (SVM) [29]–[31] and Artificial Neural Networks
(ANN) [15], [32]–[34] are the preferred solution for gait-
related PA classification due to their flexibility and capability
of generalization, which provide acceptable results with a
success rate up to 91% [15]. Note that all these approaches are
of supervised nature, and require a set of properly designed
training data in which the selected features are the input, and
the type of PA to be identified are the outputs. In the case of
gait-related PA the proposed classifiers typically identify if
the patient is walking (at an habitual or normal speed or faster,
i.e. running), going up and down stairs or standing
still [9], [15], [28], [32], [35].
The three-step procedure detailed previously provides a

general methodology for PA classification. However, it is to
be noted that there is no standarized approach to be followed
in each step, and that different open research areas still exist.
In particular, the feature selection procedure is typically car-
ried out using a brute force approach, in which a wide set
of possible features are proposed as inputs to the ML-based
Physical Activity classifier, so that it can have enough data
to perform the classification. This approach, however, leads
to non-optimal classifiers, which typically use more features
than required leading to oversized solutions, as the relative
importance of each feature is not usually analyzed.
Moreover, all the aforementioned works are designed for

people that do not require Assistive Devices for Walking
(ADW) such as crutches or canes. However, several parame-
ters change significantly in the case of people that use ADW,
as they present non-symmetrical gait and parameters such
as the load applied to the ADW might be relevant. These
differences have to be considered in the three-step procedure.
Recent works have demonstrated that patients that require
ADW in their rehabilitation process require specific moni-
toring approaches [36], being sensorized ADW devices the
best option for this population [37]–[41]. Hence, the set of
features to be defined also has to consider ADW data.
Based on the previous analysis, in this work, a novel

approach for the development of Physical Activity classifiers
for patients that require ADW is proposed. The proposed
approach aims to give some insight into the previously cited
issues, with four relevant contributions: 1) The approach is
focused on people that require ADW, which are not consid-
ered in other works; 2) A comprehensive set of features to
classify five relevant types of Physical Activity is proposed
and analyzed ; 3) A Feature Selection methodology based
on a Random-Forest approach is proposed; and, 4) A thor-
ough comparative analysis using three ML approaches
(K-NN, SVN and ANN) is carried out to validate the pro-
posed approach.
The rest of the work is structured as follows. Section II

presents the Sensorized Tip and its sensorization capabilities.
Section III details the set of tests carried out to generate the
database used to develop the ML-based PA classificators.
In Section IV a thorough analysis of the potential features
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proposed in the literature for gait monitoring is carried out,
and the proposed methodology to select the most relevant
features and train three different ML-based PA classificators
using K-NN, SVN and ANN approaches is detailed. Finally,
in Section V, a comparative analysis is carried out to evaluate
the approach. Finally, the most important ideas are summa-
rized in Section VI.

II. SENSORIZED TIP FOR GAIT MONITORING
In order to monitor the performance of people that require
ADW, different approaches can be used, as analyzed in
Section I. Wearable devices, although widely used, present
some drawbacks for this population, as they may generate
rejection due to the need of attaching the sensors to the limbs,
and do not consider the interaction force between the ADW
and the patient, which provides relevant monitoring data.
Smartphones andwatches, on the other hand, present parasitic
motions that have to be considered.
Hence, several works have proposed to sensorize ADW,

providing a noninvasive approach that provides accurate
measurements of both ADW motion and interaction force
[37]–[41]. In particular, in this work the Sensorized Tip pro-
posed in [41] (Figure 1) is used to capture gait data. Differ-
ent from the other cited approaches in which a sensorized
crutch or cane is designed, the proposed Sensorized Tip can
be attached to the personal crutch or cane used by the patient,
which is typically adapted to his/her needs.

FIGURE 1. Sensorized Tip to Capture Gait Data.

The Sensorized Tip integrates three sensors in its alu-
minum enclosure. A 9 degrees-of-freedom Inertial Measure-
ment Unit MTi-3 by XSens provides linear acceleration data,
angular speed and magnetic field in the local (x, y, z) axes.

FIGURE 2. Lateromedial and Anteroposterior angles in the ADW.

In addition, this device integrates a proprietary algorithm
based on a Kalman filter that allows to estimate the roll-
pitch-yaw Euler angles in the global reference frame (Roll
and Pitch dynamic error of 0.5◦, and Yaw dynamic error 1◦).
The aforementioned data can also be used to estimate the
anteroposterior and lateromedial crutch angles (see Figure 2).
A BMP280 barometer provides information on atmospheric
pressure, which allows to estimate the relative height of the
device (relative precision of 0.12hPa). Finally, a C9C piezo-
electric force sensor by HBM, with 1 kN range, provides
information on the axial load exerted by the patient. The
overall weight of the Tip is 160g.
The 16 sources of data provided by the aforementioned

sensors are captured by a nRF52832 microprocessor, which
adds a timestamp and sends the processed data with a 20ms
period to a mobile phone device using the Bluetooth Low
Energy (BLE) protocol. The data is stored in the phone using
a self-developed app, so that it can be processed later. The
capturing system is powered by a standard 5V powerbank,
which is placed externally to the Tip in order to minimize the
weight of the device (Figure 1).
The full characterization of the measurement errors and

the integrated algorithms for the Sensorized Tip can be
found at [41].

III. DATA BASE FOR CLASSIFIER DESIGN
In order to develop a Physical Activity classifier using
Machine Learning approaches, a proper data base is required,
in which the selection of the types of PA to be identified is a
key issue.
As analyzed in Section I, when considering gait-related PA

classifier five types of PA are typically considered [9], [15],
[28], [32], [35]: walking at a normal pace; walking at a fast
pace (approximately 30% faster than normal pace); going up
stairs; going down stairs; and standing still. The identification
of these types of PA will allow to monitor the activity of
a patient through its daily life, defining patterns of activity,
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sedentariness, etc,. . .This data can be used by the therapist to
provide individualized recommendations or to detect possible
modifications in the patient functional status [26], [42].
In order to capture relevant data for the classifier design,

a total of five tests have been carried out using a crutch in
which the Sensorized Tip detailed in Section II was attached:
• Walking 30m in a straight line at the normal speed.
• Walking 30m in a straight line at a speed higher than
normal (approximately 30% faster).

• Standing still for approximately 10 seconds.
• Going up an 11-step flight of stairs.
• Going down an 11-step flight of stairs.
The tests were carried out by 11 healthy volunteers from

the research group of the authors (4 women and 7 men,
ranging between 24-48 years), at the facilities of the Faculty
of Engineering of Bilbao UPV/EHU. Each test was repeated
three times for each volunteer.
In order to generate the database, a segmentation procedure

was followed [28]. This procedure is carried out by consider-
ing each cycle of use of the crutch, which is composed by
a stance phase (in which the crutch is in contact with the
ground), and the swing phase (in which the crutch is lifted
though the air and no contact exists). This way, the raw data
provided by each sensor is divided in sequential windows,
each associated to a crutch cycle. The initial point of each
window is defined at the very first start of the stance phase,
in which the crutch tip contacts the ground. This can be easily
detected by considering the force sensor signal, as seen in
Figure 3, as no force exist in the swing phase. The total num-
ber of segmented windows generated in the aforementioned
tests are summarized in Table 1.

TABLE 1. Number of Windows per Physical Activity (PA). Test and Training
Sets.

Note that in the case of Standing Still, the aforementioned
approach is no longer valid, as no crutch cycles exist. In these
scenarios a virtual step is considered as a fixed segmentation
window of 1.8s, which is slightly longer than the average
cycle time for the cycles considered in the walking at normal
pace scenario.
Once the database is defined, it will be divided into two

balanced sets (Training and Test), as required by the design
procedure of supervised ML-based approaches [43]. The
Training set will be used to train the proposed ML-based
PA classificators. For that purpose, a balanced set has been
defined, with approximately the same number of windows
considered for the different identified types of PA. This
allows to train the classifier with the same relative importance
for each type of PA. The Test set, in the other hand, will be

FIGURE 3. Cycle of use of an ADW and its phases. Data Segmentation in
windows by using the data acquired from the force sensor.

used to test the designed classifiers. Hence, Test data will
not be used in the PA classifier design procedure, but for the
validation analysis carried out Section V. Note that in this
latter case, a balancedwindow selection has also been carried,
so that the tested classification success rates can be similar in
nature for each type of PA to be identified [44], [45].

IV. MACHINE LEARNING-BASED PA CLASSIFIER
DESIGN METHODOLOGY
The use of segmentation allows to define discrete units of
data, one for each crutch cycle, fromwhich a series of features
can be extracted. These features, which may be diverse in
nature (statistical, frequency based,. . . ) can be used to char-
acterize each cycle, and be used as inputs for the PA classifi-
cation system to be developed. In this section, a methodology
is detailed to select the most appropriate features and design
the ML-based PA classificator.
The proposed methodology is summarized in Figure 4:

First, a set of potential features based on the ones proposed in
the literature is proposed (Section IV-A). This set is defined
with a high number and variety of features, so that the
maximum amount of information can be considered. Then,
in a second step, a Random-Forest approach is used to deter-
mine the relative importance of each feature, allowing to
order the potential feature set considering the relevance of
each feature (Section IV-B).This ordered set will be used
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FIGURE 4. Feature selection methodology.

to design the ML-based classifier. In a third step, the set
of optimal hyperparameters will be calculated for each set
of n features to be considered as inputs. Finally, using the
selected hyperparameters and the set of n features selected
(based on their relevance), the ML approach will be trained
(Section IV-C). An analysis and evaluation of the procedure
will be carried out in Section V.

A. POTENTIAL FEATURES SET GENERATION
Features are related to the data sources available, as they are
used to extract, using a simpler metric, a particular charac-
teristic of the signal contained in the segmented window. For
the particular case detailed in this work, 17 sources of data are
considered based on the data provided by the Sensorized Tip
(Section II): 9 associated to the raw IMU data (x, y, z compo-
nents of acceleration, angular speed and magnetic field in the
local axes); 5 related to the processed IMU data (RPY Euler
Angles, and crutch anteroposterior and lateromedial angles);
1 related to the force sensor value, which is filtered; and,
2 associated to the barometer signal (filtered and unfiltered).
For each segmented window, the time evolution of these

17 data sources can be processed to extract a feature. This is
carried out by applying an operator, whichmay be of different
nature (statistical, time-based,. . . ). Although the particular
case of people that require ADW has not been analyzed in
the literature, based on the operators proposed in the related
works and the clinical experience of the authors, the following
set of operators are proposed:
• Statistic-based operators: They are widely used in gait
characterization works, as they are easily applied to
any data source. Mean value, standard deviation, vari-
ance, kurtosis, correlation coefficients XY (i.e., between
X and Y signals), percentiles, area under each curve and
interquartile ranges [15], [23]–[25] have been selected
to be applied to the data provided by all sensors. In the
particular case of correlation coefficients, the correlation
between the different angles/axes values provided by
a sensor are considered, i.e. correlation between the
accelerometer x and y signals, correlation between roll
and pitch Euler Angles, etc.

• Motion-based operators: The values of motion-related
sources of data in specific events allows to define fea-
tures related to the use of the ADW. In particular, the

values associated to the start of the stance phase (Stance
Start Value), the end of the stance phase (Stance End
Value) and the value associated to the maximum support
(Value at Max. Force) are of particular interest. The
Amplitude, defined as the absolute difference between
the maximum and minimum values of a motion variable
is also defined.

• Time-based operators: Measuring the time between spe-
cific events allows to obtain spatio-temporal features.
In the case of ADW, cycle time, this is, the time between
consecutive starts of the stance phase, allows to define
speed-related features [27]. The use of theADWcan also
be defined by comparing the relative percentage of the
cycle time the patient uses the device for support, this
is, the time of the stance phase with respect to the cycle
time (Stance Phase %) [11].

By combining the set of data sources and the defined oper-
ators, a full set of 176 features can be defined. All are sum-
marized in Table 2, where an X defines a feature (or features)
that has been obtained by applying a particular operator (row)
to a data source (column). Note that this set of 176 features
is extracted for each ADW cycle, following the segmentation
procedure detailed in Section III.

B. FEATURE SELECTION USING
RANDOM-FOREST APPROACH
The aforementioned set of 176 features can be used to develop
ML-based PA classifiers. This way, the set of features will be
considered as the input to the classifier, which will identify a
type of PA for each ADW cycle as seen in Figure 4.
However, this brute force approach, which is typical in the

works cited in the introduction is not an efficient one. First,
a high number of features increases the computational cost
of the classifier. Second, the feature selection impacts the
performance of the classifier, as some features may be not
be related to the types of PA considered, or even some are
correlated one with the other. Hence, in order to optimize the
PA classifier design, proper feature selection approachesmust
be used.
Detecting the best feature set to design an PA classi-

fier is not a trivial task. In recent years, Machine Learn-
ing approaches have demonstrated their ability to analyze
the relative importance of different features when analyzing
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TABLE 2. Features generated from the data provided by the sensorized tip (R=Roll, P=Pitch, Y=Yaw, A=Anteroposterior, L=Lateromedial).

a classification or regression problem. One of the most inter-
esting approach in this field is the Random Forest (RF)
[46], [47] approach, which consists on the generation of a
wide set (forest) of different decision trees for classification
purposes. The trees are generated using a set of random
samples and features, so that in the training procedure, dif-
ferent features can be tested. This technique has been used
in different application fields such as diagnosis [48], mineral
process industries [49] or DNA analysis [50], to estimate
the relative importance of each feature. This way the most
relevant ones can be identified, and the ones that are redun-
dant or unimportant eliminated.
Hence, in this work, a Random-Forest approach is pro-

posed to analyze the relative feature significance to the PA
classification. For that purpose, only the samples contained
into the Training Set defined in Section III have been used.
The proposed RF has been implemented using Matlab’s
Statistics and Machine Learning Toolbox [51] and experi-
mentally tuned considering the following set of hyperparam-
eters: the number of trees in the forest has been tuned to
5000; a sample with replacement strategy has been selected;
a node size of 1 was defined; the number of variables ran-
domly chosen at each split (mtry) has been tuned to

√
M ,

whereM is the total number variables; and the predictor used
has been the interaction-curvature to avoid the disturbances
caused by correlated features.
The obtained results from this procedure are summarized

in Table 3, in which all the potential features have been
sorted in decreasing order of decreasing relative significance
according to the RF approach. Note that the RF approach
orders the features by considering their relativeweight or con-
tribution to the desired classification process, being the Area

Under the Curve of the Yaw angle and the Cycle Time some
of the most relevant features for the proposed study-case.
It is to be noted that if all weights for the 176 features

are analyzed, all present a positive weight with the exception
of the last two, related to the Barometer Interquartile Range.
This means that following the RF analysis, the features with
positive weight contribute (or add information) to the PA
classification. However, the relative importance of the most
significant one Area Under the Curve Yaw is more than
50 times higher with respect to the less significant ones.
Hence, designing an PA classifier using only some of themost
relevant ones should provide better results than the use of the
less relevant ones. In the next section, a comparative analysis
will be carried out to analyze the effect of the proposed feature
selection.

C. CLASSIFIER HYPERPARAMETER SELECTION
AND TRAINING
Once the potential set of features has been ordered according
to its relevance, a subset of n features can be selected to design
a PA classifier. The goal of the classifiers is to be able to detect
five relevant PA:Walking normal,Walking fast, Going up and
down stairs and standing still. Hence, all classifiers will be
implemented with 5 outputs/classes, one associated to each
PA type.
In this work, the three most commonly used approaches

in related works have been selected, so that a comparative
analysis can be carried out in the next section: Support Vector
Machine (SVM), K-Nearest Neighbor (K-NN) and Artificial
Neural Network (ANN).
As detailed in Figure 4, for a given set of n

relevance-ordered input features, first the optimal subset of
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TABLE 3. Feature significance and their relative weight according to Random-Forest procedure. (Magne=Magnetometer, Accel=Accelerometer,
AUtC=Area Under the Curve, 25P=25th Percentile, 50P=50th Percentile, 75P=75th Percentile, IR=Intercuartile Range, SD=Standard Deviation, Corr.
Coef.=Correlation Coefficient, Antero=Anteromedial Angle, Latero=Lateromedial Angle, WoF=Without Filter, WF = With Filter, n=Position).

hyperparameters for each ML-based classifier is to be cal-
culated. For that purpose a K-fold cross-validation approach
is proposed with K = 5 [52]. This approach allows to
effectively evaluate different ML-based models. Note that
for this purpose only the data from the Training Set defined

in Section III. is used. Once the best hyperparameters have
been chosen, these are used to train the ML-approach using
supervised methods and the Training Set data.
It is to be noted that in the case of the SVM and K-NN,

Matlab’s Statistic and Machine Learning Toolbox integrates
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the aforementioned steps, optimizing the related hyperparam-
eters (Kernel functions, number of neighbours,. . . ) [51]. For
the case of the ANN, the authors have ad hoc programmed the
hyperparameter selection. In this latter case, a single hidden
layer Multi Layer Perceptron (MLP) ANN has been selected,
with 5 output neurons (one for each PA), a number of inputs
equal to the n feature set to be processed and m hidden layer
neurons with hyperbolic tangent sigmoid activation function.
The number of hidden layer neurons m has been considered
as the hyperparameter to be tuned using the aforementioned
procedure, with m ranging from 1 to 10 neurons, since exper-
imental tests have determined that ANN with 10 or lower
neurons provide good results. Once the best (higher success
rate) value form has been selected, a Bayesian regularization-
based training algorithm is used to train the ANN.

V. COMPARATIVE ANALYSIS
In this section, a comparative analysis is carried out consid-
ering the features selected in Section IV-B. The aim is to:
1) analyze the best approach for the proposed PA classificator
application; and 2) analyze the validity of the feature selection
approach in different ML-based classification approaches.
Note that all the ML-based classifiers analyzed in this

section have been trained following the methodology pro-
posed in the previous section.

A. ANALYSIS OF THE EFFECT OF THE NUMBER OF
FEATURES CONSIDERED FOR CLASSIFICATION
In order to analyze the effect of the number of features
considered, a comparative analysis is carried out considering
the features defined in Table 3. This way, each ML-based
classification approach proposed previously is trained with
176 different feature sets following the procedure detailed in
Section IV-C. These feature sets are defined incrementally
considering the n most relevant features. This is: in the first
set, only the most relevant feature is considered; in the second
one, the two most relevant features are considered; while in
the last one, all 176 potential features are considered.

FIGURE 5. Success rate of the classifiers based on K-NN, SVM and ANN,
with respect to the number of the n most relevant features ordered
according to the RF.

Figure 5 shows the total classification success rate per-
centage for the proposed approaches with respect to the
number n of the most relevant features according to the

RF approach. This success rate is defined as the percentage of
PA samples of the Test Setwhose type the classifier identifies
correctly with respect to the total number of PA samples in
the set. Note that the samples in this latter set have not been
considered in the training procedure, so that the results can
be used to analyze also the generalization capability of the
approaches.
As it can be seen, if the seven most significant features

are considered, a success rate percentage of over 90% can be
achieved in all cases (92.8% for the K-NN, 97% for the SVM
and 96.8% for the ANN). This value increases up to 97% if
the ninemost relevant features are selected for all approaches.
The general tendency is that a higher number of fea-

tures considered allows better classification. A maximum
success rate of 98.4% (66 features) for the K-NN, 99.1%
(87 features) for the SVM and 99.6% (174 features) for the
ANN is obtained. Note that the small oscillations are due to
the randomized nature of the ML approaches training, with a
success rate variation in the range from 7 to 176 most relevant
features of 2.8% in the case of the ANN and 4.6% for the
SVM.
There is an exception in the case of the K-NN approach,

as the percentage of success decreases slightly when the
number of features is higher than 119, reaching a value lower
than 96% (92.8% with 147 and 160 most relevant features).
The results confirm that if a proper feature selection is

carried out, a small set of features can be used to design the
ML-based PA classificator, as the effect of increasing the
number of features is small in the total success rate of the clas-
sifier. Moreover, this has an impact on computational cost.
As previously stated, a K-Fold cross-validation procedure has
been used to calculate the best configuration of hyperparame-
ters for each feature set. For instance, in the particular case of
the ANN the obtained optimal number of hidden layer neu-
rons is summarized in Figure 6 for each feature set. It can be
seen that although a lower number of neurons (5-6) is required
for small values of n, the number of neurons stabilizes with
a mean of 9 neurons. Hence, selecting a moderate number of
features (for example the 7 most relevant ones) also leads to
smaller ANN and lower computational cost.
Finally, in order to illustrate the classification capabili-

ties of the ML-based PA classifiers, a particular example
of the classifiers performance is shown in Table 4, where
the Confusion Matrices for all classifiers when all features
are considered are shown. In this particular case, the overall
performance of the K-NN is 96.1%, SVM performance is
96.8% and in ANN 99.6%. However, it can be seen that the
K-NN has a problem classifyingWalking Normal case, as up
to 20 samples are identified erroneously asWalking Fast and
GoingUp Stairs. The same effect is seen in the SVM’s Confu-
sion Matrix. The ANN outperforms the previous approaches,
obtaining better results.

B. ANALYSIS OF THE EFFECT OF FEATURE SELECTION
In order to emphasize the importance of the feature selection
procedure, the procedure defined in the previous section has
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TABLE 4. Confusion matrix of K-NN, SVM and ANN with all features.

FIGURE 6. Optimal number of neurons in the hidden layer of the ANN
with respect to the number of the n most relevant features ordered
according to the RF.

been repeated from the less significant feature to the most
significant one. This is, 176 sets of features have been ana-
lyzed: the first set has considered only the less significant
feature; the second, the two less significant features; and so
on. As previously detailed, for each set of features, the opti-
mum hyperparameters have been tuned, by the use of a K-fold
procedure. For the particular case of the ANN, an average
of 7.99 neurons with a standard deviation of 1.75 neurons
have been obtained.
Results are summarized in Figure 7 for all proposed

approaches. As it can be seen, the success rates evolution
presents an increasing tendency. This is, as more significant
features are added, the classifier quality increases. Hence,
the success rate increases when adding more and more fea-
tures, from approximately 22% to 99%.
Note that this is a very different evolution compared with

the one analyzed in the previous section (Fig. 5). In the pre-
vious case, with few of the most significant, success rates up
to 95% could be achieved, while in this latter case, a greater
number of features are required to achieve the same perfor-
mance: 86 for SVM, 68 for ANN, and almost all features for
K-NN. This emphasizes the need of correctly selecting the
features for designing PA classifiers.

FIGURE 7. Success rate of the K-NN, SVM and ANN based classifiers, with
respect to the number of the n less relevant features ordered according to
the RF approach.

FIGURE 8. Success rate of the K-NN, SVM and ANN based classifiers, with
7 indicators as input selected according to the relative significance
provided by the RF approach.

The relevance of correctly selecting the features is also
demonstrated in Figure 8. As analyzed in the previous sub-
section, the seven most significant features provide accept-
able success rates for the classifier (over 92%). Hence, all
proposed approaches have been evaluated by considering
sets of 7 features. This is, the first 7 features have been
evaluated first, then the next 7 and so on, ordered from the
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most significant ones to the less ones. As previously detailed,
for each set of features, the optimum hyperparameters for the
three ML have been obtained in a first step (for the particular
case of the ANN, an average of 9.28 neurons with a standard
deviation of 1.24 neurons have been obtained). After training,
the resulting classifiers show that a variation of more than
50% on the performance of the classifier can exist depending
on the set of features considered.
In summary, the aforementioned results demonstrate that:

1) a proper feature selection is mandatory when designing PA
classification; 2) The proposed RF-based feature selection is
an appropriate approach to optimize the number of features;
3) the ANN and SVM-based approach is the most stable clas-
sifier, although the K-NN approach can provide good results
for the same number of features, however the best results are
obtained from the ANN-based classifier; and 4) The inclusion
of more and more features does not always imply an increase
of the success rate, as proper hyperparameter selection is
needed to handle all the input information.

VI. CONCLUSION
An individualization of rehabilitation therapies of people
suffering from lower-limb impairment is essential during
the whole rehabilitation process, specially those that require
Assistive Devices for Walking (ADW). Recently, monitoring
the types of Physical Activity (PA) carried out by the patients
in their daily life has become an important source of informa-
tion for this purpose.
In order to develop PA identification and monitoring,

proper sensorized devices and processing algorithms are
required. Typically wearable sensors have been proposed for
this purpose, although they present limitations for people that
require ADW.Moreover, in order to process PA data related to
gait, a set of gait-based features is traditionally proposed, and
brute-force approaches are followed to design the monitoring
algorithms.
Different from other works, in this paper a novel approach

for the development of PA classifiers is proposed. The
approach makes use of a Sensorized Tip that can be fitted
into the personal ADW of the patient. The 17 sources of data
available are processed to define a set of 176 features that can
be used to classify five relevant PAs (Standing Still, Walking
Fast, Walking at a Normal pace, Going Up and Going Down
Stairs).
In order to optimize the PA classificator, a Machine

Learning approach, the Random Forest approach, is used
to perform a feature selection. This allows to classify the
features depending on their relative significance for the PA
classification.
The approach is validated by implementing three different

Machine Learning-based classifiers for PA: SVM, K-NN and
ANN. Results demonstrate: 1) the validity of the proposed
approach for gait monitoring; 2) the importance of feature
selection when designing PA classifiers; 3) the validity of the
feature selection approach, as with the identified seven most
relevant features a success rate of 92-97% can be obtained,

which is higher than the results offered by other related
works (91%).
However, it should be noted that the development pre-

sented has been carried out with healthy people and in a
laboratory-based testing. For this reason, future work will
focus on studying classifier’s performance in specific pop-
ulations of people that require ADW, in order to analyze
possible drawbacks of the proposed methodology in these
cases. Moreover, more types of PA, such as going up and
down slopes, different speeds, etc will be analyzed.
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ABSTRACT Fall detection has become an area of interest in recent years, as quick response to these
events is critical to reduce the morbidity and mortality rate. In order to ensure proper fall detection, several
technologies have been developed, including vision system, environmental detection systems, and wearable
sensor based systems. However, in elderly or impaired people, it has been shown that the implementation
of sensors in Assistive Devices for Walking, such as crutches or canes, can also be a promising alternative.
In this work, a Support Vector Machine (SVM) based Fall Detection system is proposed, which uses the
data provided by a Sensorized Tip which can be attached to different Assistive Devices for Walking (ADW).
Unlike other approaches, the developed one is able to differentiate the fall of the ADW from the fall of the
user. For that purpose, the developed Fall Detector uses twomodules connected in series. The first one detects
all falls, while the second differentiates between user and ADW falls. The proposed approach is validated in
a set of experimental tests carried out by healthy volunteers that have simulated different falls. In addition,
a comparative analysis is carried out by comparing the performance of the Sensorized Tip based Fall Detector
and a state-of-the-art commercial accelerometer system. Results demonstrate that the proposed approach
provides high Fall Detection Ratios (over 90%), similar or higher to wearable-sensor based approaches.

INDEX TERMS Machine learning, support vector machine, random forest, fall detection, wearable sensors,
instrumented crutch, monitoring.

I. INTRODUCTION
Recent studies, including relevant ones from the World
HealthOrganization (WHO) [1], [2], state thatmore than 28%
of the population over 64 years suffers at least one fall per
year. In elderly or physically impaired people falls can have
a great impact on their health and daily life [3], [4]. In fact,
falls cause physical injuries in 6% of the cases [5], [6], from
which 14% can be serious injuries [7]. Moreover, the fear
to falls in elderly people has an important impact in their
social life, as 15% reduce their social activity outside their
home [6].
Studies have emphasised that quick action in the event of

a fall is critical, especially in people who live alone, since the
longer it takes to react to the event, the higher the morbidity

The associate editor coordinating the review of this manuscript and

approving it for publication was Khin Wee Lai .

or mortality rate is [8], [9]. Hence, the development of novel
approaches to detect falls and reduce the reaction time is
critical to minimize the impact of these situations.
In the literature, three main sensing systems have been

proposed to detect falls, which are differentiated considering
the nature of the captured signals [10]–[12]: 1) vision sys-
tems; 2) environmental detection systems; and 3) wearable
sensor-based systems.
Vision systems [13]–[21], process images of one or several

cameras to detect falls. An advantage of these systems is
that they can also provide an image of the fallen person,
which helps evaluating the severity of the fall. However, as the
system is designed to be static, they present limited range
of capture, typically constrained to a specific room, being
unable to detect falls outside this area. Moreover, having a
constantly active home vision-based system can cause pri-
vacy problems [15].
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Environmental detection systems are based on the detec-
tion of the variation of environmental signals such as radio
signals [22]–[24], sound signals [25], [26] or ground vibra-
tions [27] to detect falls. These approaches present less pri-
vacy concerns, but their applicability is also limited to a
specific capture range. In addition, in home environments,
different activities can cause interference with the monitoring
systems.
Wearable sensors are small sensors that can be placed

almost anywhere in the body. Thanks to their small size
and weight, they can be carried out by the person to be
monitored, increasing their capture range significantly. Most
of the approaches to detect falls based onwearable sensors are
based on the use of inertial sensors. Among these, multiple
solutions can be found using accelerometers in the litera-
ture [19], [28]–[39]. Some works also propose the use of
IMUs (InertialMeasurement Unit) which combine the former
with gyroscopes and magnetometers and allow to estimate
the 3D orientation of the device in a global reference sys-
tem [40]–[43]. A particular subset of these approaches use
the internal IMUs of current smartphones [44]–[47]. Other
approaches propose the use of barometers [48] or even the
microphone of smartphones [25].
In recent years, wearable sensors have become one of the

main approaches for Fall Detection. However, it is to be noted
that their placement with respect to the body is a critical issue
when processing the captured data, as the received signals
will vary depending on this relative position. Most of the
works propose to place the sensors on the waist [29], [31],
[34], [35], [48]. Nevertheless, others propose their use on
the wrist [19], [28], [33], the foot [32] or the back [41].
Defining the optimal placement of sensors has been the focus
of different studies [30], [42], evaluating their placement in
the ankles, chest and waist [30], and adding to these the head,
wrists and thigh [42]. The aforementioned studies conclude
that the best position to perform Fall Detection is at the waist,
although optimal results are also achieved with the sensor
element located on the chest [30], [38].
Although in the last years the size of wearable sensors

has reduced, in elderly or impaired people, the attachment
of the sensor to the body can cause rejection by the user.
In these cases, several works have proposed to introduce
sensors into Assistive Devices for Walking (ADW) such as
crutches [49] or canes [50]–[52] in order to detect falls.
The proposed devices use inertial sensors [52] which can be
combined with force sensors [49], [50], or GPS and heart
rate sensors [51]. These devices allow minimal discomfort
of the user, but also require a proper algorithm to detect the
fall.
Fall Detection is carried out by interpreting the data pro-

vided by the sensors integrated in the aforementioned devices.
Two main approaches exist for this purpose. The first pro-
cesses directly the raw data of the sensors [28], [33], requiring
algorithms that typically imply higher computational cost.
The second considers a pre-processing step, in which a set
of features are extracted from the raw data, reducing the

dimensionality of the problem [32], [34], [37], [42], [46],
[53], [54].
The implementation of the Fall Detection algorithm is typi-

cally addressed by the design of a machine learning technique
based classifier [55]. Among the different approaches, Arti-
ficial Neural Networks (ANN) based on MLP (Multi-Layer
Perceptron) [31], [33], [34], [41], [42], [53], Convolutional
Neural Networks (CNN) [17], [19], [24], or Deep Learn-
ing approaches [22], [28], [35], [46] can be found. Other
classification approaches based on SVM (Support Vector
Machine) [26], [30], [32], [36], [37], [41], [42], [46]–[48],
or K-NN (K-Nearest Neighbor) [14], [15], [37] have been
also proposed. The aforementioned solutions provide a high
rate of Fall detection when applied to different devices. How-
ever, in the case of Fall Detectors developed for ADW, the
proposed approaches have not been designed to differentiate
between the user falling with the ADW, and the ADW falling
without the user.
In summary, it can be concluded that due to the importance

of quick action in the event of falls, their detection using
monitoring devices has raised as a relevant research line in
recent years. In the case of impaired or elderly people the
use of sensorized ADW has been proposed as an appropriate
approach. However, most works proposed in this area do not
consider these devices. Moreover, the proposed ADW-based
Fall Detectors are prone to false positives, as they are not able
to discern when he ADW has fallen with the user or without
it.
Hence, in this work, a novel Fall Detection approach is pro-

posed for people that require ADW. The proposed approach
is based on a Sensorized Tip which can be attached to a
standard crutch or cane, and aims to give some insight into
the previously cited issues, with four relevant contributions:
1) The approach is focused on people that require ADW;
2) A comprehensive set of features to detect falls is pro-
posed and optimized using a Feature Selection methodology;
3) Falls of the ADWwithout the user (false positives) are con-
sidered; 4) A comparative analysis is carried out considering
four different scenarios: using only data from the Sensorized
Tip, from the wearable sensors, from all accelerometer data;
or using all data.
The rest of the work is structured as follows. Section II

details both the developed Sensorized Tip and the wear-
able sensors used for the development of the Fall Detectors.
Section III presents an overview of the proposed two-step
Machine Learning-based Fall Detection approach. Section IV
details the experiments executed to generate the datasets to
develop the Fall Detector. Section V explains the methodol-
ogy used to define the fall Detection algorithms. Section VI
shows the results of the comparative analysis carried out to
evaluate the approach. Finally, the most important ideas are
summarized in Section VII.

II. FALL MONITORING SYSTEMS
In this work, the use of the Sensorized Tip developed in [56]
is proposed to monitor the user that requires an Assistive
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FIGURE 1. Sensorized Tip used for fall detection (on a crutch and off) and
local axes of the Sensorized Tip.

Device for Walking. As it can be seen in Figure 1, the
Sensorized Tip can be easily attached to a crutch or cane,
providing data of both the user’s motion and the force
exerted.
The Sensorized Tip is made of a lightweight aluminum

structure, which contains a set of sensors: an Inertial Mea-
surement Unit with 9 degrees of freedomMTi-3 from XSens,
which provides information on the 3D motion of the Sen-
sorized Tip (linear acceleration, angular velocity and mag-
netic field in the local xyz axes); a BMP280 barometer from
Bosch that can provide estimation on the relative height of
the Sensorized Tip; and a C9C force sensor from HBM that
provides the axial force applied on the ADW. In addition, the
MTi-3 provides an estimation of the global orientation of the
device on a global XYZ coordinate system, which allows to
estimate its angle of inclination (α) with respect to the ground
by,

α = π/2− acos(projZz/|projZz|) (1)

where projZz is the projection of the local z axis (Figure 1)
in the global Z axis (normal to the ground) and |projZz| is its
module.
It is to be noted that the data from the magnetometer and

the BMP280 barometer will not be used in this work.
In order to evaluate the aforementioned device as a fall

monitoring system, in this work, the Fall Detectors will
be also be developed for a wearable sensor system. The

FIGURE 2. GENEActiv accelerometer sensors positions in the body.

GENEActiv commercial 3-axis accelerometers, manufac-
tured by Activinsights, have been selected for this purpose.
In particular the GENEActiv devices were located on the non-
dominant wrist, on the chest, on the lower back, and in the
pocket corresponding to the dominant side (see Figure 2).
The GENEActiv wearable sensors on the wrist and in the
pocket are used to simulate a smartwatch and a smartphone
respectively. This way, the different sensor data provided by
the Sensorized Tip and the Wearable system can be evaluated
to analyze their effectiveness to detect falls.

III. OVERVIEW
This paper presents a novel Fall Detector approach based on
the data provided by a Sensorized Tip attached to an Assis-
tive Device for Walking (ADW). The proposed approach is
composed by two modules connected in series, as detailed in
Figure 3. The first module (ADW Fall Detector) is focused
on detecting the fall of the ADW; while the second (User &
ADW Fall Detector) uses the fall data to evaluate if the user
has fallen with the ADW, or only the ADW has fallen. This
latter module is designed to avoid false positives due to ADW
accidental falls.
For the development of the ADW Fall Detector module,

two experimentally obtained datasets will be used to gener-
ate the training set: a dataset composed by user falls and a
dataset that includes different physical activities carried out
by the user. For the User & ADW Fall Detector module,
where the goal is to determine if the user has fallen with
the ADW, the user fall dataset will be combined with a
set of experiments in which only the ADW has fallen to
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FIGURE 3. Two-module methodology followed for falls detection.

generate the training set. The protocol that was defined to
obtain the different datasets will be detailed in Section IV.
This two-module approach has been designed in order to
develop two differentMachine-Learning based detectors. The
presented two-module approach has also a reduced computa-
tional cost. In fact, if a fall of the ADW is not detected by the
first module, the second module is not applied.
The training datasets are processed to generate a set of

features to characterize each fall, and a feature evaluation
procedure is implemented to detect the most relevant ones to
design each Machine Learning-based module. In particular
a Support Vector Machine (SVM) approach will be used to
implement the algorithm of each module. The procedure will
be detailed in Section V.
Finally, in order to evaluate the proposed approach, this

will be compared with the performance of a Fall Detector that
uses different sets of sensor data: with GENEActiv wearable
sensor data, all possible accelerometers (Sensorized Tip inter-
nal accelerometer and four GENEActiv accelerometers) and
all data sensors. It is to be noted that for these particular cases,
only the first module (see Figure 3) will be implemented,
as the sensors are placed also in the user. Results will be
analyzed in Section VI.

IV. EXPERIMENTAL PROTOCOL AND DATASET
GENERATION
In order to develop a Machine Learning-based algorithm,
a proper database is to be generated. This requires the def-
inition and execution of a protocol containing a set of falls
and physical activities while using an ADW. In this section,
the definition of the experiments is detailed.
The simulations were carried out by 12 healthy volun-

teers (4 women and 8 men, ranging between 25-40 years,
3 left-handed and the rest right-handed) in a controlled

environment. In order to perform the falling simulations,
a mattress was used, to avoid possible injuries to the vol-
unteers. The volunteers wore the GENEActiv accelerometers
during the experiments, and the Sensorized Tip was attached
to the crutch (Figure 2). The protocol was approved by the
Ethics Committee at University of Bologna and all partici-
pants provided informed written consent.
Three datasets have been created in order to generate the

training set of each module (ADW Fall Detector and User
& ADW Fall Detector): a) User Fall dataset, which included
data from people falling while using a crutch; b) User
Physical Activities dataset, which included data from peo-
ple performing different physical activities using the crutch;
c) ADW Fall dataset, in which the crutch was left standing
still at different positions, and then forced to fall without the
user. As previously detailed, datasets 1 and 2 will be used to
train the ADW Fall Detector module, while datasets 1 and 3
are used to train the User & ADW Fall Detection mod-
ule. Next, the experiments included in each dataset are
detailed:

A. USER FALL DATASET
In order to simulate as close as possible real falls, videos
associated to falls of people falling while using ADW from
the Databrary database [57], [58] were analyzed. From this
analysis, 16 scenarios were considered, in particular the pro-
tocol defined includes 8 static falls from an upright position
(1-8) and 8 dynamic falls from walking (9-16):

1) While standing still, try to take a step and trip over the
ADW and fall forwards.

2) Fall forwards.
3) Fall backwards simulating a faint.
4) Fall backwards.
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FIGURE 4. Graphical representation of some of the simulated falls during the walking: a) Cases 9, 10, 11, 12 and 13. b) Cases 14,
15. c) Case 16.

5) Rotate 90◦ to the right and fall on the right side.
6) Fall on the right side.
7) Rotate 90◦ to the left and fall on the left side.
8) Fall on the left side.
9) Walk towards the mattress, trip over the ADW and fall

forwards (see Figure 4a).
10) Walk towards the mattress, simulate a trip over an

object and fall forwards (see Figure 4a).
11) Walk towards the mattress, simulate a trip over an

object and fall on the left side (see Figure 4a).
12) Walk towards the mattress, simulate a trip over an

object and fall on the right side (see Figure 4a).
13) Walk towards the mattress, simulate a trip over an

object and fall backwards (see Figure 4a).
14) Loss of balance, try to recover it by walking a few

meters and fall forwards (see Figure 4b).
15) Loss of balance, try to recover it by walking a few

meters and fall backwards (see Figure 4b).

16) Walk and slide to end up falling backwards (see
Figure 4c).

B. USER PHYSICAL ACTIVITY DATASET
In order to complete the database with no-fall activities,
a total of 7 different physical activities using ADW have been
simulated:
1) Walking at a normal pace: a circuit (see Figure 5) has

been defined in which the volunteer has to walk straight
in several directions and make turns.

2) Walking quickly: the same circuit (see Figure 5) per-
formed previously is repeated, but in this case walking
approximately 30% faster.

3) Standing still: stay still in place for 30 seconds.
4) Going up and down stairs: going up and down stairs

repeatedly.
5) Get up and sit in a chair: get up and sit down repeatedly

for 30 seconds.
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FIGURE 5. Graphical representation of some of the physical activities walking circuit.

6) Pick up an object from the floor and stand up repeatedly
for 30 seconds.

7) Loss of balance without falling (near fall), repeated
4 times.

C. ADW FALL DATASET
Finally, a series of tests has been carried out in which the
ADW falls without the user:

1) Crutch placed in different static positions on the floor
or while leaning on a site.

2) Dropping the crutch while standing still, or while walk-
ing. 80 crutch falls will be performed.

The dataset consists of 192 user falls (using ADW),
108 minutes of physical activities (using ADW), 5 minutes
of different static ADW positions and 80 ADW falls.

V. DESIGN METHODOLOGY
Once the datasets have been generated, the two algorithms
proposed in Figure 3will be designed. The first will be aADW
Fall Detectionmodule, whichwill be designed to detect a fall;
while the second will determine if the user is involved in the
fall (or only the ADW). As the system is designed so that the
first module output is used in the second one, each algorithm
will require different input data, as it will be explained next.

A. ADW FALL DETECTOR DESIGN
The purpose of the ADW Fall Detection module is to detect
when a fall happens while using the ADW. In this section,
the methodology used to design the Machine Learning-based
detector will be detailed (see Figure 7). This methodol-
ogy is based on well-established methodologies ones in the
literature [39].

1) DATA SEGMENTATION AND SET GENERATION FOR
TRAINING
The data used to design the ADW Fall Detector module is
extracted from the User Fall dataset and the User Physical

Activity dataset previously detailed. The time sequences cap-
tured in these datasets are first processed using a segmenta-
tion process, allowing to extract a set of features from each
segment or window.
For this purpose, the data is divided into fixed-size sliding

windows. The window size has been set to 100 samples
(2 seconds), as in the experiments this value allows to capture
the fall (see Figure 6a). In addition, the beginning of each
window will be shifted by 20 samples (0.4 seconds) from
the beginning of the previous one (see Figure 6b) to limit the
computational cost.
Once segmentation has been carried out, each window

will be considered a sample for the design of the ADW
Fall Detector. For this purpose, each window is labelled to
define if it corresponds to a fall or not. The event of a fall
will be considered if a window contains more than 50% of
its data samples associated to a fall (see Figure 6a). Note
that the physical activity related samples are not tagged as
falls.
In order to develop the Machine Learning-based ADW

Fall Detector, the aforementioned set is divided into two: a
training dataset, which will be used to develop the ADW Fall
Detector, and a test dataset, which will be used to validate its
generalization capabilities. The training dataset is composed
the simulations carried out by 8 subjects, while the remaining
data (4 subjects) are used for testing. In addition, in order to
balance the number of fall/not falls samples, an adjusted set
is generated, as detailed in Table 1. This adjustment has been
made, in the case of falls, by eliminating those windows that
do not have 50% of the window in the fall period. In the case
of physical activities, this adjustment has been made trying
to maintain a similar number of samples with respect to the
falls.
As defined in Section II, each set associated to the ADW

Fall Detector will contain the segmented windows related to
the data captured from the Sensorized Tip: 3-axis accelerom-
eter, 3-axis gyroscope, force sensor and estimated inclination
(α) with respect to the ground (see Table 2).
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FIGURE 6. Graph of the ADW inclination angle: a) ADW fall time and states. b) Fixed-size window division with space between window starts.

TABLE 1. Distribution of the dataset and adjustment of the number of
data.

2) POTENTIAL FEATURES SET GENERATION
The use of segmentation allows to obtain a dataset composed
by discrete data units, one for each window, from which a
set of features can be easily extracted. These features (such
as mean, variance, . . . ) allow to reduce the dimensionality
of the data, generating numeric values that can be easily
processed by Machine Learning-based approaches. In this
section, a methodology to select the most appropriate features
to design a Machine Learning (ML)-based Fall Detector is
detailed (see Figure 7).
In the literature, there are different approaches to define the

set of potential features. A typical approach is to use statistical
operators to characterize the data from the window. In this
work, the following statistical features will be extracted:

• Mean (MEAN).
• Standard Deviation (STD).
• Variance (VAR).
• Kurtosis (KUR).
• Intercuartile Range (IR).
• Area Under the Signal (AUS).
• Maximum value of the window (MAX).
• Minimum value of the window (MIN).

These statistical operators are applied to the previously
defined training dataset, composed by the segmented win-
dows or samples related to each of the signals provided by the
monitoring device (Sensorized Tip’s force sensor, Sensorized

Tip’s gyroscope (x, y, z), Sensorized Tip’s accelerometer
(x, y, z) and Sensorized Tip’s inclination angle (α)). The
combination of these operators on each sensor signal device
generates a feature. In the case of the Sensorized Tip, a total
of 64 features can be defined per each sample.

3) ADW FALL DETECTOR TRAINING
Although all possible features can be used to train the
ML-based Fall Detector, due to the high dimension of the
input data, it is advisable to perform an analysis to detect
the most relevant features. This will allow to reduce the
computational cost of the approach, if implemented in real-
time.
In the literature, different approaches are proposed to deter-

mine the relative importance of a feature for a classification
problem, such as Random Forest (RF) [59] and Relief [60].
In this work, the Random Forest approach has been selected,
as it provided better results. This approach consists of the
generation of a large set of decision trees for classification
purposes, also known as a forest. The trees are generated
by using a random set of samples and features, so that in
the training process different features can be tested and their
relative importance evaluated.
Hence, once the training dataset is processed by the Ran-

dom Forest and the features have been ordered considering
their relative importance to the Fall Detection process, a set
of Support Vector Machines (SVMs) will be trained, consid-
ering different subsets of features. The goal is to determine
the minimum number of features to achieve an appropriate
Fall Detection performance.
To achieve this goal, first the most relevant features will be

used to train the Fall Detector SVM, then the number of fea-
tures will be gradually increased. Each SVM is trained using
Matlab’s Statistic and Machine Learning toolbox, where the
SVM hyperparameters are optimized by the use of a K-Fold
cross validation approach with K = 10. Once trained, the test
set is used to evaluate the Fall Detection performance of each
SVM. Results will be detailed in Section VI.
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FIGURE 7. Methodology followed for the design of the Fall Detector modules based on Machine Learning.

B. USER AND ADW FALL DETECTOR
This algorithm is executed only when the ADW Fall Detector
module has detected a fall. In this scenario,User & ADWFall
Detector module analyzes the fall data in order to determine
if the user has fallen with the ADW, or only the ADW has
fallen. This is one of the novel contributions of the present
work.
The methodology used for the development of this module

is similar to the previous one (see Figure 7). However, the
input datasets differ, as data from the ADW Fall and User
Fall datasets are used to train and test this algorithm.

1) DATA SEGMENTATION AND SET GENERATION FOR
TRAINING
This module uses the data provided by the ADW Fall Detec-
tion module. Hence, the sample detected as a fall by the latter
ADWFall Detectorwill be processed in this algorithm. Based
on this premise, a set of fall samples is generated from the
User Fall dataset, in which the detected central fall window
is only considered for this module. In addition, the falls
associated to ADW fall dataset will also be included, tagged
as negative user falls. A set composed by a total of 192 user
falls and 80 ADW falls (without the user) is generated, from
which 128 user falls and 50 ADW falls are used for training
(Table 1).

2) USER AND ADW FALL DETECTOR TRAINING
Once the datasets are generated, the statistical operators pre-
viously detailed are applied on the sensor signals of the
Sensorized Tip to extract the 64 features associated to each
sample. These are then processed through a Random-Forest
approach, obtaining the relative importance of each feature.
A set of SVMs is trained using the same approach as the ADW
Fall Detector module.

VI. RESULTS AND COMPARATIVE ANALYSIS
This section focuses on evaluating the proposed two-module
Fall Detection approach using the data provided by the
Sensorized Tip. For that purpose, a comparative analysis is

carried out by considering also the data provided by the
wearable sensor GENEActiv detailed in Section II.
In the analysis four cases are compared: 1) The proposed

approach based on the Sensorized Tip Data; 2) The use of the
GENEActive wearable sensor data; 3) The use of all possible
accelerometers (Sensorized Tip internal accelerometer and
four GENEActiv accelerometers); 4) The use of all data
sensors (Table 2).
In order to perform the comparison, the procedure to design

the ADW Fall Detector module has been applied to all afore-
mentioned cases: feature generation, Random Forest-based
relative importance detection and SVM training. Note that the
User & ADW Fall Detection module has been only used for
the Sensorized Tip case, as no sensor is placed on the user.
Hence, this case will be analyzed in a separate subsection.

A. ADW FALL DETECTOR MODULE EVALUATION
1) FEATURE RELEVANCE ANALYSIS
Following the feature extraction procedure, a set of 64 fea-
tures per sample are generated for the dataset based on
the Sensorized Tip’s sensor data; 96 for the case of the
GENEActiv wearable sensors; 120 if all accelerometer data
is considered; and 160 if all sensor data is considered.
As the number of features is important, in order to

reduce the dimensionality of the problem, a Random-Forest
approach is used for each case to detect the most relevant
features, detailed in Section VI. These are detailed in the Fall
Detector columns of Table 3.
As it can be seen, when the angle of inclination of the ADW

is considered in the set of data, the features extracted from this
signal are among themost relevant, the maximum angle being
the most important, as it reflects large variations due to falls.
In the case of GENEActiv sensors, the 3 most important

features are derived from the sensor on the lower back of
the user (in particular its X axis, vertical), which is the one
which suffers the most variation when the user falls. Note that
features from sensors located on the chest are also among the
10 most relevant features.
If only accelerometer data is used from both the Sen-

sorized Tip and the GENEActiv sensors, the most relevant
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TABLE 2. Analyzed Cases considering sensor input.

TABLE 3. Weight of the features provided by the RF in the different case studies. (α = ADW inclination angle, accel = accelerometer, gyro = gyroscope),
for the ADW Fall Detector and the User & ADW Fall Detector.

features include both the Sensorized Tip’s accelerometer and
the GENEActiv sensor on the lower back, as in the previous
case.
These trends seem to be confirmed if all sensors are

used, being the Tip inclination angle, the acceleration of
the back sensor and tip sensor among the most relevant
ones.

2) PERFORMANCE ANALYSIS
As defined in Section V, once the relative importance of
features has been determined, a set of SVMs is trained with an
increasing number of features, taking into account the most
relevant features.

Table 4 shows the performance results for the Fall Detector
associated to each number of the first nmost relevant features
(first column). In general, all the analyzed cases provide
F-score over 0.96, which validate the use of the Sensorized
Tip. In addition, it can be seen that the number of features
used is not especially relevant, since very good results are
achieved for all scenarios. However, there are slight differ-
ences between the approaches that can be analyzed.
Using only the sensors included in the Sensorized Tip,

results for this case are good for any number of features.
Considering the 2 most relevant features (α maximum and
Tip gyroscope minimum in Z axis, Table 3) provide the
best results: a precision of 0.986, a specificity of 0.988,
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TABLE 4. Results of the different cases to be analyzed of the SVM-based Fall Detectors (P=Precision, Sp=Specificity, Se=Sensitivity, F=F-score).

a sensitivity of 1 and an F-score of 0.993 is achieved. More-
over, using the maximum inclination angle (α) can also pro-
vide very good results.
The GENEActiv wearable devices, provide the lower per-

formance of all analyzed cases. AmaximumF-score of 0.989,
with a precision of 0.978, specificity of 0.980 and sensibility
of 1, can be achieved using the 7 most relevant features.
On the other hand, the accelerometer only approach can
provide near 0.999 F-score, precision of 0.997, specificity of
0.998 and sensibility of 1, with the same 7 features. If all data
is considered, 5 features are required to obtain a precision,
specificity, sensibility and F-score of 1 with the proposed test
dataset.

B. USER AND ADW FALL DETECTOR
1) FEATURE RELEVANCE ANALYSIS
TheUser & ADWFall Detector is only used if the Sensorized
Tip data is used. This algorithm is used to determine if a fall
detected by the ADW Fall Detection module is a user fall or
an ADW fall without the user.
In order to develop the detector, a Random-Forest analysis

is performed over the 64 features defined for the sensor
data. Results are summarized in Table 3, where the 10 most
relevant features are shown. As it can be seen, the four
most relevant features are associated to the Tip Force, which
measures the load the user applies on the ADW. The relative
importance of these features is derived from the fact that when
a person falls with an ADW, he/she tries to recover balance
by leaning on the ADW. This, however does not happen when
the ADW falls without the user.

2) PERFORMANCE ANALYSIS
Table 5 summarizes the results obtained for each SVM trained
with the n most relevant features detailed in Table 3. The
precision, specificity, sensitivity and F-score data are shown
for each case.
Results show that the best results are achieved using at least

themost relevant 6 features, with a F-score of 0.963, precision

TABLE 5. Results of the ADW Fall Detector with and without user
(P=Precision, Sp=Specificity, Se=Sensitivity, F=F-score).

of 0.943, specificity of 0.873 and sensitivity of 0.984. These
can be considered good results, and demonstrate that the
proposed approach can also be an effective one to detect falls.

VII. CONCLUSION
Early detection of falls is critical, especially in those peo-
ple that require the use of ADW. Current Fall Detection
approaches do not traditionally consider people with ADW,
which has opened a new research area focused on developing
sensorized ADW for monitoring purposes.
This work presents a novel Fall Detector based on the

data provided by a Sensorized Tip that can be attached to
different ADW such as crutches or canes. The approach has
four relevant contributions: 1) The approach is focused on
people that require ADW; 2) A methodology is proposed
to present and evaluate a set of features to develop the Fall
Detector; 3) Falls without the user are considered as false
positives; 4) A comparative analysis is carried out to evaluate
the approach.
In order to validate the innovative Fall Detector sys-

tem, a set of experiments has been designed, including
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simulated falls and regular activities (walking, walking faster,
go up/down stairs, sit, bend down to pick something. . . ),
carried out by 12 volunteers. The experiments have been used
to train a set of Machine Learning-based approaches to detect
falls. The results of the proposed approach demonstrate that
it can provide high Fall Detection ratios using the Sensorized
Tip, similar or higher than state-of-the-art devices.
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