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Resumen

Este trabajo de fin de master explora la clasificacion de actividades de la vida diaria
mediante sensores inerciales para mejorar la evaluacion del temblor en pacientes
con Enfermedad de Parkinson y temblor esencial. Las escalas clinicas tradicionales
suelen ser subjetivas y no capturan completamente la variabilidad de los sintomas en
la vida diaria. Para abordar esta limitacion, se investiga el uso de sensores inerciales
y aprendizaje automatico para el monitoreo continuo de los pacientes.

La recoleccion de datos se realizé en dos fases. Primero, los participantes realizaron
diez actividades en un entorno controlado mientras usaban un smartwatch con acel-
erometro y giroscopio. Luego, se recopilaron datos continuos en entornos domésticos
para reflejar mejor sus actividades diarias. Este enfoque permitié explorar tanto la
clasificacion segmentada como la continua.

Se emplearon técnicas de aprendizaje automatico como Random Forest, Maquinas
de Soporte Vectorial y Extreme Gradient Boosting. Ademas, se evalu6 el impacto de
diferentes tamanos de ventana temporal y se propuso un método de conjunto. Para
la clasificacion continua, se utilizaron Maquinas de Soporte Vectorial y enfoques de
aprendizaje profundo, como redes Bidireccionales de Memoria a Corto y Largo Plazo
y combinaciones con redes neuronales convolucionales.

Los resultados mostraron que las Maquinas de Soporte Vectorial fueron las mas pre-
cisas en el enfoque segmentado, superando el 80% de precision, mientras que las
redes de Memoria a Largo y Corto Plazo lograron el mejor desempeno en la clasifi-
cacion continua, reduciendo los falsos positivos. Ademas, se cre6 un nuevo conjunto
de datos con informacion de pacientes con Parkinson y temblor esencial, aportando
un recurso valioso para futuras investigaciones.

El trabajo concluye que los sensores inerciales, junto con el aprendizaje automatico y
profundo, pueden mejorar la evaluacion objetiva del temblor y permitir tratamientos
mas precisos y personalizados.
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Abstract

This Master’s thesis investigates the classification of Activities of Daily Living using
wearable inertial sensors to enhance tremor assessment in Parkinson’s Disease and
Essential Tremor patients. Traditional clinical scales are often subjective and fail
to capture symptom variability in real-life settings. To address this, the study ex-
plores Inertial Measurement Units and machine learning techniques for continuous
movement monitoring.

Data collection was conducted in two stages: first, participants performed ten activi-
ties in a controlled environment while wearing a smartwatch with accelerometers and
gyroscopes; second, continuous data was gathered in home environments for a more
realistic representation of daily activities. This approach enabled the exploration of
both segmented and continuous activity recognition.

Machine learning techniques such as Random Forest, Support Vector Machines, and
Extreme Gradient Boosting were applied to segmented data. The study also exam-
ined the impact of different time window sizes and proposed an ensemble method
combining various window lengths. For continuous classification, a modified ensem-
ble method with SVM and deep learning approaches, including Bidirectional Long
Short-Term Memory and convolutional neural networks, was evaluated.

Results showed that Support Vector Machines achieved the highest accuracy (over
80%) in segmented classification, while the ensemble method improved performance
over single-window models. Long Short-Term Memory networks performed best for
continuous classification, reducing false positives but offering only a slight improve-
ment over traditional machine learning methods. Additionally, a new dataset incor-
porating Parkinson’s and Essential Tremor patient data was developed as a resource
for future research.

The thesis concludes that wearable sensors, combined with both machine learning
and deep learning techniques, hold great potential for improving the objective as-
sessment of tremor, enabling more accurate and personalised treatment plans for
patients with tremor.
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Chapter 1

Introduction

Pathological tremor is a prevalent movement disorder characterized by involuntary
and rhythmic oscillations, primarily affecting the hands [1]. These symptoms signif-
icantly reduce the quality of life for those affected, impairing their ability to perform
daily tasks from the early stages of the disease and throughout its progression [2].
Tremor is associated with several pathological conditions, such as essential tremor
(ET) and Parkinson’s disease (PD). ET is frequently encountered in general medical
practice and affects approximately 4% of people aged 65 and older [3]. In comparison,
PD, which typically impacts people over the age of 60, is the second most prevalent
neurodegenerative disorder after Alzheimer’s disease [4, 5]. ET typically presents with
a tremor frequency between 4 and 8 Hz, which is most prominent when the hands are
held in a still posture, whereas PD is characterized by a resting tremor with similar
frequencies. The significant variability among patients complicates the diagnosis and
classification of tremor, posing challenges for clinicians in accurately diagnosing and
effectively treating patients [1, 6].

Motor symptoms associated with pathological tremor are generally assessed using
mechanical demonstration and clinical scales such as the Tremor Research Group
Essential Tremor Rating Assessment Scale [7], Washington Heights Inwood Genetic
Study of Essential Tremor [8, 9], Fahn-Tolosa-Marin Tremor Rating Scale [10], or
Unified Parkinson’s Disease Rating Scale [10], which rate tremor on a qualitative
scale. These scales are vital for adjusting medications and evaluating their efficacy
in clinical trials. However, because they depend on a clinician’s assessment during
a patient visit, they often only provide a snapshot of the condition and may not ad-
equately reflect the tremor fluctuations that occur throughout the day during daily
activities [2, 11, 12]. The primary challenge with current treatments is the trial-and-
error approach to medication selection, often associated with various side effects [2].
Moreover, managing tremor is further complicated by issues such as drug intolerance
and varying treatment responses [1]. These limitations hinder a comprehensive, ob-
jective evaluation of tremor severity during activities of the daily living. Therefore, it is
crucial to collect high-quality data on ET and PD patients in their home environments
to further improve quantitative tremor assessment.

To reduce subjectivity in assessing movement disorders and address the challenges
of current therapeutic approaches, motion analysis has been extensively developed,
particularly for recognizing postural movements. There is increasing interest in us-
ing Inertial Measurement Units (IMUs) to monitor patients with neurological disor-
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ders and to identify postural movements and activities. IMUs are compact, portable
sensors capable of tracking movement in three dimensions, making them ideal for
continuous monitoring of patients in their daily environments. Some research has fo-
cused on using wearable systems to monitor tremor [13, 14, 15]. These studies mea-
sure tremor during task performance without prior activity classification, often using
video recordings for task identification, which can be time-consuming and invasive in
continuous monitoring scenarios [16, 17, 18, 19]. However, most of these systems do
not provide information on the tasks performed during monitored tremor episodes,
which could enhance understanding of the patient’s clinical condition. Since there
are still limitations in understanding how most therapies influence tremor through-
out the day, having such a system could allow clinicians to better determine the most
effective medications and dosages for patients in their daily environment.

Despite efforts to apply task identification methods to patients with tremor-related
movement challenges, clear results have not been achieved yet [2, 11, 12, 13, 14, 20,
21]. Although some studies have explored the identification of daily activities, they
are often limited to basic tasks such as sitting, walking, or running. These limitations
indicate a need for more advanced approaches to accurately identify a wider range
of activities in real-world settings. Many studies involving patients focus on basic
postural and transitional activities rather than identifying complex tasks, and those
that do address complex task identification often use multiple IMUs, which can be
burdensome for patients.

Moreover, regarding task identification, accurate selection of window size is crucial for
effective activity classification. However, it remains highly ambiguous and undefined
yet [22, 23, 24], with most designs relying on estimates from empirical studies without
substantial theoretical support.

Primary Objective

The main objective of this work is to design and develop a model capable of accurately
classifying complex activities of the daily living in PD and ET patients. With this work,
it is aimed to achieve performance that is comparable to or exceeds the current state
of the art. To reach this goal, a thorough study and analysis of existing methods will
be essential to identify the most effective classification approach. This method does
not only seek to meet the proposed objective but also to explore new, previously un-
explored avenues for future research. Ultimately, this method is intended to enhance
the ability of neurologists to monitor tremor progression and evaluate the effects of
medication on patients’ quality of life by providing accurate measurements of tremor
during daily activities.

Specific Objectives

In addition to the overall goal of the thesis, several specific objectives can be estab-
lished to support the main task:

* Review and analyse the state of the art in the classification of daily activities,
both as discrete and continuous action recognition, using IMU signals, with a
focus on patients with tremor.

¢ Study and assess the limitations of current daily activity classification systems.
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* Design and carry out a battery of exercises relevant for evaluating tremor in
home environments.

* Develop a classification model for the identification of daily activities, with a
focus on both discrete and continuous signal types, including the exploration of
neural networks for improved performance.

Methodology and Work Plan

First, a review of the state of the art in the field of human activity identification and
classification is conducted, with a particular focus on methods applied to patients
with tremor. This is complemented by an examination of the theoretical foundations
of the activity classification problem. This is to understand the starting point of this
work and to identify promising research directions, taking into account the limita-
tions of the current methods.

Once the formal basis of the problem has been reviewed and the limitations of current
state-of-the-art methodologies have been identified, the methodology followed for the
development of the project is addressed, described through different phases. The first
phase involves selecting the tasks to be classified. The next phase is the recruitment
of patients for acquiring IMU signals from their wrists, which was conducted in two
stages: an initial ambulatory stage performed in the clinic where patients performed
tasks discretely and each task sequence was recorded individually, and a second
stage in which patients took the device home to record their daily activities in a
continuous way.

After the data collection, the activity classification problem was addressed through
several key steps. Initially, a machine learning classification model was developed
to classify short, discrete sequences of daily activities, serving as a foundational ap-
proach for continuous identification. Following this, efforts were made to extend the
classification models to accommodate continuous, long-duration signals. Addition-
ally, as more data was gathered, the potential of neural networks was explored to
enhance the continuous classification of activities of the daily living.

Document Structure
Regarding the structure of this document, it is divided into five chapters:

1. Chapter 1 introduces the problem and main topic of this thesis, outlining the
objectives and describing the methodology to be employed.

2. Chapter 2 presents a review of the state of the art on previous publications in
the classification of activities from IMU signals, with a special emphasis on those
aimed at patients with tremor.

3. Chapter 3 provides the theoretical foundations and limitations of the classifica-
tion problem to be addressed.

4. Chapter 4: The methodology followed is presented. The first sections detail the
design of the ambulatory protocol, which includes the selection of target daily
activities to be studied and performed by the patients, as well as the data collec-
tion and preprocessing steps. The next sections explain the methodology used
to develop classification models, covering both discrete sequence classification
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and continuous signal classification with traditional machine learning and deep
learning approaches. The final classification pipeline is also described.

5. Chapter 5: The main results of the thesis are presented.

6. Chapter 6: Conclusions about the work carried out are included and potential
avenues for future experimentation are suggested.

Publications

Some of the findings presented in this Master’s Thesis have been shared at various
conferences and will be submitted for publication:

* A. Ruiz-Vitte, A. Comesana, A. Mufioz-Arcentales, B. Larraga-Garcia, A. Alonso,
E. Rocon, A. Gutiérrez. "Activity Recognition in Patients with Tremor: Integrat-
ing Time-Length Windows for Enhanced Detection," Computers in Biology and
Medicine, Manuscript submitted for publication.

The methodology and results of the classification of selected daily activities using
ML approaches in a segmented signal setting are presented.

* A. Ruiz-Vitte, A. Comesafia, B. Larraga-Garcia, E. Rocon and A. Gutiérrez, "Mod-
elo de Aprendizaje Automatico para el Reconocimiento Continuo de Actividades
de la Vida Diaria," Actas del XLII Congreso Anual de la Sociedad Espanola de
Ingenieria Biomédica (CASEIB), Seville, Spain, 2024.

The results of the classification of activities of the daily living using ML ap-
proaches in a continuous signal setting are presented.

e A. Ruiz-Vitte, A. Comesana, B. Larraga-Garcia, E. Rocén and A. Gutiérrez,
"Deep Learning for Continuous Recognition of Activities of Daily Living," 2024
E-Health and Bioengineering Conference (EHB), IASI, Romania, 2024, pp. 1-4,
doi: 10.1109/EHB64556.2024.10805639.

The results of the classification of the classification of activities of the daily living
using DL approaches in a continuous signal setting are presented.



Chapter 2

State of the Art

This chapter reviews the state of the art in activities of daily living classification and
its application in tremor evaluation for conditions like PD and ET. In the biomedical
field, human activity recognition is crucial, with wearable devices, particularly IMUs,
playing a pivotal role to motion analysis. Combining human activity recognition with
tremor quantification improves clinical assessment, providing a robust framework for
evaluating these conditions, which is central to this work.

2.1 The Role of Daily Activity Recognition in Healthcare

Activities of the daily living refer to essential self-care tasks that people perform rou-
tinely in their daily lives, such as eating, dressing, toileting, grooming, or interacting
with items around the house [25]. These activities are fundamental to maintain inde-
pendence and serve as key indicators of an individual’s motor and cognitive abilities,
especially among elderly adults or patients with motor or neurodegenerative diseases
[26, 27]. In the medical context, daily activity assessments provide valuable insights
into functional capacity and help predict the need for healthcare interventions. Fur-
thermore, the recognition and monitoring of everyday tasks play a crucial role in
applications like care centres and disease management, allowing caregivers to ef-
fectively track health conditions and provide on-time support, enhancing care and
quality of life [28].

In recent years, significant advancements have been made in developing systems to
recognise human daily activities, leveraging three main approaches. Vision-based
methods use cameras to analyse activities through video and image data, offering
rich contextual information and enabling the detection of various activities such as
human gait analysis, and sitting, standing, or other behaviours [26]. Wearable de-
vices, such as inertial sensors (e.g., accelerometers and gyroscopes), temperature
sensors, or heart rate monitors, are typically used to gather physiological and move-
ment data. These devices provide portable, non-invasive solutions ideal for contin-
uous monitoring by attaching sensors to the body or clothing. Lastly, device-free
systems, such as passive radio frequency identification tags placed on objects, en-
able the detection of activities through environmental interactions without requiring
the user to wear any device [25]. Each approach has its advantages and limitations,
but wearable sensors have emerged as a practical and widely adopted solution due
to their versatility, affordability, and ease of integration into everyday life [29].
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2.2. Wearable Sensor Technology for Tremor Monitoring

2.1.1 Challenges in Tremor Assessment

The increasing prevalence of pathological tremor, which can manifest in conditions
such as PD and ET, has driven the growing application of wearable sensors, partic-
ularly IMUs, to monitor motor symptoms. IMUs are especially effective in capturing
motor fluctuations, including tremor, dyskinesia (involuntary muscle movements),
bradykinesia (slow movements and a decreased ability to move the body), and mobil-
ity impairments, which can fluctuate over time in response to both disease progres-
sion and treatment interventions [30, 31].

In clinical practice, the evaluation of tremor and related symptoms often relies on
standardised scales such as the Unified Parkinson’s Disease Rating Scale [32], Move-
ment Disorders Society [33], or the Essential Tremor Rating Assessment Scale [34].
These tools provide structured assessments of tremor severity, frequency, and impact
on daily life, serving as benchmarks for diagnosing and tracking disease progression.
However, these scales are typically limited to periodic evaluations in clinical settings,
which may fail to capture the variability of motor symptoms in daily life. These tools
rely on physical examinations, offering a momentary view of symptom severity ob-
served during clinic visits, with patient-reported information that can be subject to
bias. Moreover, healthcare professionals need to rely on retrospective data collected
through patients’ self-filled diaries and administered questionnaires [15]. These in-
accurate evaluations and their episodic nature limits their ability to reflect the full
range of symptom variability that patients suffer in their daily routines [17]. Patients
should be evaluated, when possible, in normal living conditions in their home en-
vironments. In this context, a more objective system for symptom monitoring in a
patient’s daily life is claimed.

In this regard, wearable sensors allow for continuous monitoring, offering valuable
insight into symptom changes over different time frames. As a result, IMUs, con-
sisting of accelerometers, gyroscopes, and sometimes magnetometers, are increas-
ingly used in remote monitoring settings, providing crucial support to both patients
and healthcare professionals by linking recorded data to relevant clinical aspects,
thereby improving disease management strategies and improving health outcomes.
This growing popularity of IMUs reflects their potential to transform the way tremor
and other motor symptoms are assessed, ultimately contributing to more person-
alised and effective treatments [35, 14].

2.2 Wearable Sensor Technology for Tremor Monitoring

In recent years, significant advances have been made in wearable sensor technology
to monitor the effects of PD and ET. There are multiple initiatives and research works
on the identification of motor symptoms [36, 37], with accelerometers being the most
widely used sensors, followed by gyroscopes [38]. These systems provide continuous
and objective measurements that address the limitations of clinical rating scales.

As reviewed by [39], several wearable devices have been developed to monitor symp-
toms of pathological tremor in home-like settings. Among these, the STAT-ON device
uses accelerometers on a waist sensor to assess motor dysfunctions and gait param-
eters over a period of seven days (see Figure 2.1), although it does not directly assess
tremor [15]. Similarly, Personal KinetiGraph®, a wrist-worn device equipped with a
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Figure 2.1: Graphic generated by STAT-ON showing the distribution of symptoms
(hourly distribution of symptoms along different days following the established colour
code) [15].

three-axis accelerometer, quantifies tremor, among other motor symptoms, offering
extended monitoring periods [40, 31].

The PDMonitor® system integrates multiple sensors worn on the wrists, calves, and
waist, allowing a comprehensive analysis of motor symptoms, including tremor, bradyki-
nesia, and dyskinesia [30] . Despite its detailed analysis, the complexity of the system
and the need for multiple sensors hinder its broad applicability.

Other systems reviewed, such as Kinesia 360™ [41], employ accelerometers and gy-
roscopes on both wrists and ankle to capture tremor during daily activities. A mobile
application guides patients through the use of the motion sensor and provides in-
structions to complete assessment tasks based on common rating scales. Once an
assessment has been completed, motion data is transmitted to a secured database
and several algorithms are used to calculate severity scores on a O (no signs)- 4 (se-
vere signs) rating scale shown to be correlated with clinician ratings.

Although these devices represent significant advances in wearable sensor technology,
they are inherently limited by their inability to correlate tremor data with sponta-
neous daily activities, which would provide crucial data for physicians [42]. Measur-
ing the impact of tremor on everyday tasks is essential for understanding its real-
world effects. The ET rating scale [34], which includes both, performance and daily
activities-related subscales, addresses this need. Gerbasi et al. demonstrated sig-
nificant correlations between these daily activities-related scores and quality-of-life
measures, highlighting the importance of incorporating daily activities evaluations in
tremor studies to assess treatment effectiveness and functional impact [42]. Current
approaches, even those incorporating the assessment of several activities of the daily
living like Kinesia 360™, often rely on structured tasks triggered by mobile applica-
tions. This method, though useful, imposes artificial constraints, limiting the capture
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of tremor’s dynamic and spontaneous nature in real-world settings. Consequently,
these systems may not fully reflect the true severity and impact of tremor on patients’
daily functioning. In addition, many systems that aim to correlate the quantification
of tremors with the performance of daily activities for a more precise evaluation con-
tinue to rely on supplementary tools such as video recordings or patient-reported
diaries [16, 17, 18, 19]. This reliance on external input underscores the need for fur-
ther innovation to achieve fully autonomous monitoring. Integrating day-to-day ac-
tivity classification capabilities directly into tremor quantification systems presents
a potential way to improve their clinical utility and provide a more comprehensive
assessment of tremor severity and impact on daily life.

2.3 Activity Classification

The classification of daily activities is a critical step in studies that focus on patients
with tremor or motor impairments, as it allows a contextualised evaluation of symp-
toms and their impact on functional ability. In this section, previous studies on daily
activity classification based on IMUs are reviewed, with particular emphasis on those
applied to patients with tremor.

2.3.1 Machine Learning Based Activity Classification Techniques

Human activity recognition is primarily approached as a supervised classification
problem, where various machine learning (ML) algorithms are employed to build
models that can accurately classify different activities based on sensor data. Among
the traditional ML techniques used for task classification, Decision Trees (DT), k-
Nearest Neighbors (KNN), Support Vector Machines (SVM), and Naive Bayes (NB) are
some of the most popular methods. These algorithms have been applied to process
sensor data for various applications, from detecting daily activities to more complex
behaviours such as fine motor movements [43].

SVM, in particular, have gained attention due to their high accuracy when working
with limited data and their suitability for offline tasks [23]. SVM was identified as the
most frequently used classifier in a study by [44], where it appeared in 42 articles,
followed closely by neural networks and kNN. Studies such as [45] and [46] demon-
strated the successful application of SVM, C4.5 DT, and kNN classifiers to detect
activities using data from smartphones and smartwatches. Additionally, in [47] the
authors compared the performance of NB and kNN classifiers using accelerometer,
further supporting their efficacy in HAR.

These traditional ML techniques have been widely used in domains ranging from
movement classification to eating behaviour detection and fine motor activity recog-
nition [45, 46, 47, 48, 49, 50, 51, 52, 53]. However, factors such as sensor placement,
data fusion, and classifier selection can significantly influence the overall accuracy
and performance of these models, making the careful choice of method crucial to
success.

Although there is a wide range of articles discussing daily activities classification, few
studies focus on this problem in the context of tremor patients, aiming to combine it
with tremor quantification. We will now review several studies that have explored the
classification of daily activities in combination with tremor quantification, particularly
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in PD and ET patients.

Salarian et al. [54] developed a kinematic sensor-based system for continuous moni-
toring of PD patients during daily life. The system incorporated five sensors to detect
and quantify tremor, bradykinesia, gait, and posture. By using a combination of
statistical and fuzzy classifiers, the study achieved accurate classification of basic
body postures and transitions, such as sitting and standing. Tremor quantification
was performed based on spectral estimation, which demonstrated strong correlations
with clinical scores. This study was one of the first to bridge laboratory-controlled
studies with real-world, free-living scenarios, offering clinically relevant insights into
motor function.

In a similar way, Zwartjes et al. [55] introduced an ambulatory monitoring system
designed to analyse motor activity and symptom severity simultaneously. The system
used four inertial sensors and was validated with six PD patients and seven healthy
controls. Activities such as sitting, standing, lying down, standing up, and walking
were classified using a DT algorithm.

Serrano et al. [2] proposed a methodology for segmenting and recognizing daily ac-
tivities using inertial sensor data, with a focus on upper-limb activities in tremor
patients. The study involved 28 participants, including 15 patients with ET and 13
with PD. A NB classifier was used to identify activities and tasks, providing insight
into the classification of activities in patients with tremors.

In a more recent study, Nguyen et al. [20] focused on the detection and segmenta-
tion of unstructured activities in patients with PD, using algorithms based on inertial
sensor data. Nine older adults with PD performed tasks in a simulated free-living
environment. The developed algorithms combined non-linear transformations and
adaptive thresholds to identify and segment activities such as sitting, standing, walk-
ing, reaching, and turning.

2.3.2 Deep Learning Based Activity Classification Techniques

Although human activity classification has traditionally relied on conventional ML
techniques, such as SVM, DT, and kNN, the fact that they require manual feature
extraction is both time and resource consuming [56]. In contrast, deep learning
(DL) models have become more popular due to their ability to automatically extract
meaningful features from raw data, leading to superior performance, especially when
dealing with large-scale datasets [56]. Moreover, DL approaches often provide better
generalisation across diverse scenarios, making them particularly suitable for han-
dling the complexities inherent in human activity recognition tasks [57, 58]. Recent
advances in DL architectures, such as Convolutional Neural Networks (CNNs), Re-
current Neural Networks (RNNs), Long Short-Term Memory (LSTM) networks, and
hybrid models, have significantly enhanced the accuracy of daily activity classifica-
tion. These models effectively address challenges such as overlapping feature spaces
and unstructured activity patterns while reducing the dependence on hand-crafted
feature engineering [59]. In the following, we review several studies that show the use
of DL in activity classification, with a specific focus on methodologies, segmentation
techniques, and patient populations.

Nunavath et al. [60] explored the use of DL for classifying physical movement activity
patterns using datasets in which volunteers performed different daily activities using
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a wrist-worn IMU and sensors placed on their hips. The authors compared two
architectures: a Deep Feedforward Neural Network (DNN) with five layers and a RNN
using Gated Recurrent Units (GRUs). The study highlighted the advantages of RNNs,
which showed better performance in distinguishing between closely related activities
like climbing and descending stairs.

Ashry et al. [61] proposed a continuous daily activity classification framework using
bidirectional LSTMs (Bi-LSTMs) to process IMU data from smartwatches. Their model
utilised a feature descriptor combining autocorrelation, median, entropy, and instan-
taneous frequency, showcasing efficient activity recognition in continuous streams.

Gholamrezaii et al. [62] investigated the effectiveness of CNNs for human activity
recognition. They proposed an architecture that omitted pooling layers, replacing
them with strided convolutions to reduce computational time without compromising
accuracy. Their findings revealed that both 1D and 2D CNNs outperformed tradi-
tional hand-crafted feature methods.

In [57], the authors analyzed the impact of sliding window segmentation on DL model
performance using wrist-watch sensors. They evaluated CNN, LSTM, Bi-LSTM, and
hybrid CNN-LSTM models on 11 daily activities from a human activity recognition
dataset. The CNN-LSTM hybrid achieved the highest accuracy with a 20-second
overlapping sliding window.

Although DL has been widely applied to general daily activity classification, its in-
tegration with tremor quantification remains less explored. However, a few studies
have targeted this intersection, addressing both activity recognition and tremor as-
sessment in patients with PD and ET.

On one hand, Ni et al. [56] focused on routine activities classification for ET patients,
combining it with tremor evaluation to support clinical diagnosis. Using smartwatch
accelerometers, the authors collected data from 20 ET patients and 5 healthy con-
trols performing activities such as extending arms, touching nose, writing, drawing
spirals, pouring water, and simulating drinking. A Stacked Denoising Autoencoder
was used to handle the small and noisy dataset. Resampling techniques were applied
to address data imbalance.

On the other hand, Al-Majdi et al. [59] developed two models, an LSTM and a CNN-
LSTM hybrid, to classify daily activities and detect falls using accelerometer data.
The CNN-LSTM model, combining the feature extraction strengths of CNNs and the
temporal sequence modeling capabilities of LSTMs, achieved higher accuracy than
standalone LSTMs or traditional ML methods.

2.4 Publicly Available Datasets

Many of the studies reviewed in this work were validated using publicly available
datasets, shown in Table 2.1. These datasets commonly use accelerometer sensors,
some of which are wrist-worn, while others combine this information with gyroscopes
and other additional sensors. Although these datasets provide a wide variety of ac-
tivities, two major limitations persist. On the one hand, most existing studies focus
on simple activities such as walking, running, and sitting, which involve whole-body
movement. However, classifying more complex and varied daily activities such as
cooking, eating, and working is necessary to enable broader applications [58].
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On the other hand, none of these datasets involve patients, particularly those with
neurological disorders such as PD or ET. It seems that there are few public datasets
that focus on both daily activity classification and tremor analysis, and those who are
aimed for tremor-related conditions often focus on falls, freezing, or postural activi-
ties such as touching the nose or stretching the arms [63, 64, 65]. Studies involving
patients often fail to address complex task identification, focusing instead on postural
and transitional activities [66]. Those that do tackle complex tasks usually require
multiple IMUs, which can be burdensome for patients.

Dataset Sensors Activities

DalLiAc [67] A G Sitting, Lying, Standing, Walking, Stairs, Walking outside,
Ascending stairs, Descending stairs, Treadmill running,
Bicycling, Bicycling, Rope jumping

UCIHAR [68] A, G Walking, Walking upstairs, Walking downstairs, Sitting,
Standing, Laying

PAMAP2 [69] A, G, M, Lying, Sitting, Standing, Walking, Running, Cycling,

HR Nordic Walking, Watching TV, Computer Work, Car Driv-

ing, Ascending Stairs, Descending Stairs, Vacuum Clean-
ing, Ironing, Folding Laundry, House Cleaning, Playing
Soccer, Rope Jumping, Other (Transient Activities)

WISDM [70] A Walking, Jogging, Upstairs, Downstairs, Sitting, Standing
ActiTracker A Walking, Jogging, Stairs, Sitting, Standing, Lying
[71]
OPPORTUNITY A, G, M, ADLs routines including: lying, grooming, walking, cof-
[72] O, AM fee preparation and drinking, sandwich preparation and
eating, cleaning up, and a drill run (repetitive sequence
of opening/closing furniture, toggling lights, cleaning, and
drinking)
STISEN [73] A G Biking, Sitting, Standing, Walking, Stair Up, Stair Down
RealWorld A, G, Climbing Upstairs, Jumping, Lying, Running, Sitting,
HAR [74] GPS, L, Running, Jogging, And Walking
MF, S
DHA [75] A Office working, reading, writing, eating, cooking, dish

washing, walking, running, taking a transport

Table 2.1: Available datasets for sensor-based human activity classification (A= Ac-
celerometer, G= Gyroscope, M= Magnetometer, HR= Heart Rate, AM= Ambient Sen-
sors, O= Object Sensors, L= Light Sensors, S= Sound Sensor, ECG= Electrocardio-
gram, EEG= Electroencephalogram, EOG= Electro-Oculogram, GPS= Global Position-
ing System, MF= Magnetic Field Sensor, ADL=Daily Activities) [76].

11






Chapter 3

Theoretical Foundations

This chapter outlines the theoretical foundations of sensor-based human activity
recognition, focusing on the methods used for classifying activities from wearable
sensors. It covers key stages such as data collection, preprocessing, segmentation,
and feature extraction, highlighting the role of accelerometers and gyroscopes. The
chapter also addresses challenges in activity classification, particularly in patients
with tremors.

3.1 Sensor Based Activity Classification

Various methods exist to extract activity information from raw sensor data, the pro-
cess generally involves several key steps (see Figure 3.1). First, pre-processing is
performed to clean the data, such as filtering noise or removing outliers. This is
followed by segmentation, where the continuous time series data is divided into
meaningful segments for analysis. Next, feature extraction is performed to compute
relevant descriptors for each segment, often from the time or frequency domains. This
step is particularly common in traditional ML methods, which rely on manually engi-
neered features to represent the data. In contrast, DL methods typically bypass this
step by learning representations directly from raw sensor data, reducing the need
for explicit feature engineering. In some cases, dimensionality reduction is applied
to simplify the feature space while retaining critical information. Finally, classifica-
tion methods are used, ranging from traditional ML algorithms to DL techniques, to
identify and label specific activities [43, 44].

3.1.1 Data Collection

In the field of human activity recognition, various sensors and ML methods are em-
ployed to accurately determine daily activities [77]. Among these, wearable sensors,
such as accelerometers and gyroscopes, are widely used because of their accessibil-
ity and effectiveness in capturing relevant motion data. For example, the authors
in [78] demonstrated that accelerometer data alone can achieve high classification
accuracy, establishing it as a reliable primary sensor for activity recognition. Ad-
ditionally, [52] an intelligent system was developed based on accelerometer data to
classify movements, specifically for applications in ambient assisted living, highlight-
ing the sensor’s practical utility.
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Figure 3.1: Typical Activity Recognition Chain to recognise activities from wearable
sensors [44].

In some cases, the combination of multiple sensors can further improve the accuracy
of task classification. In [48], the authors conducted a comparison of accelerome-
ter and gyroscope data across various body positions—such as the hip, wrist, and
ankle—and showed that sensor placement significantly impacts the recognition per-
formance. Wrist-worn smartwatches can provide sensitive information on human
activity as well as the information on whole body movement, as proven in [58]. More-
over, in [50] the authors integrated accelerometer and gyroscope data from a smart-
watch to classify activities, demonstrating the value of sensor fusion in improving
classification outcomes.

3.1.2 Preprocessing

Due to the inherent characteristics of inertial sensors, the acquired sensor data
should first pass a pre-processing phase. This phase is crucial as it ensures that
the signals maintain the relevant characteristics that carry information about the
activities of interest. Pre-processing of acceleration and gyroscope signals may in-
volve various steps such as calibration, unit conversion, normalization, resampling,
synchronization, or signal-level fusion [79]. To clean and filter the signals, different
types of filter can be employed, including low-pass median filters, Laplacian filters,
Gaussian filters, and median filters. Furthermore, high-pass filters can be applied to
separate dynamic body acceleration from gravitational acceleration, allowing a clearer
analysis of activity-related components [43]. When working with patients affected by
tremors, signal processing becomes more complex due to the components introduced
by the tremor itself, which must be carefully handled to avoid misclassification or
data distortion.

3.1.3 Segmentation

Windowing is a crucial step in the signal segmentation process for activity recogni-
tion, though its application is often vague and lacks consensus on the ideal window
size [22]. The main challenge lies in selecting an appropriate window length, as it
directly impacts both the performance and accuracy of the models used for activ-
ity classification [61]. Windowing approaches are commonly divided into three types
[22]:
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¢ Activity-defined windows partition the sensor data stream based on activity
changes, detecting the start and end points for each activity. These changes are
often identified through variations in frequency characteristics.

* Event-defined windows focus on detecting specific events, such as heel strikes
or toe-offs in gait analysis, to define data segments. While useful in controlled
settings, this method may not generalise well to real-world conditions due to
the non-uniform distribution of events, making it less suitable for at-home au-
tonomous monitoring.

¢ Sliding windows are the most widely used method, particularly in real-time
applications, due to their simplicity and minimal preprocessing requirements.
Data is split into fixed-size windows with or without overlaps, depending on the
application.

Several studies have explored the impact of window size on classification accuracy.
For instance, smaller window sizes allow for quicker activity detection and reduced
computational demands, but may fail to capture sufficient information for correct
classification. On the other hand, larger window sizes may be more suitable for rec-
ognizing complex activities but come at the cost of increased computational load and
the risk of mixing multiple activities into a single window. This would lead to biased
classification outcomes in continuous recognition, as the activity that dominates the
frame will be represented more compared with other activities [23, 61]. Similarly, the
authors in [57] found that smaller windows improved shot-duration activity recogni-
tion but increased computational complexity, while larger windows reduced the load
but decreased accuracy for detecting rapid activity changes. In DL approaches, Nuna-
vath et al. [60] explored varying window lengths of 3, 5, and 10 seconds (with 50%
overlap) and noted the trade-offs between window size and recognition performance.
The window length is thus considered a selective tuning parameter that requires
careful optimization based on the characteristics of the activity being studied.

3.1.4 Features

In traditional ML models, feature vectors are essential for the classification process.
To obtain these vectors, feature extraction is used to capture the main characteristics
of a data segment that effectively represent the original signal [80]. This process helps
to distinguish between different activities [81]. Once extracted, these characteristics
are used as inputs to the classification algorithms.

Three main types of features are typically extracted from the IMU signal data [82]:

¢ Time-domain features, such as mean, variance, standard deviation, auto-correlation
function, interquartile range, and maximum and minimum values.

* Frequency-domain features, which include Fourier transform, discrete cosine
transform, and wavelet transform.

* Dimensionality reduction techniques, such as Principal Component Analysis
(PCA) and Linear Discriminant Analysis (LDA).

Additionally, more advanced methods can be used for feature extraction from a se-
quence of sensor events, such as the baseline method and sensor window mutual
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information (SWMI) transform [61]. A summary of the most commonly used features
for the classification of daily activities based on IMU is presented in Table 3.1.

Type Features

Time-Domain Mean
Variance, Std. Dev., Mean Abs. Dev.
RMS

Cum. Histogram

Zero or Mean Crossing Rate

Derivative

Peak Count & Amp.

Sign
Frequency-Domain Discrete FFT Coef.

Spectral Centroid

Spectral Energy

Spectral Entropy

Freq. Range Power
Time-Frequency Dom. Wavelet Coef.
Domain-Specific Time-Domain Gait

Detection

Vertical or Horizontal Acceleration

Table 3.1: The most widely used features in the classification of activities of the daily
living [43].

Activity classification involves a complex problem with many degrees of freedom, as
it is defined by several key elements within human activity recognition systems [79].
The classification and analysis of activities can be approached either offline or online,
depending on system requirements. For non-interactive applications such as health
monitoring, offline classification is commonly used. Furthermore, the system must be
robust and user independent, capable of generalising well across various individuals,
and resilient to temporal variations caused by factors such as sensor displacement
or drifting sensor responses. Additionally, activity recognition can be continuous,
where the system automatically detects the occurrence of activities in real-time, or
isolated/segmented, where the system assumes that input data are pre-segmented,
classifying each segment as belonging to a single activity [79]. In this work, we will
focus on both ML and DL approaches, some of which have been applied to patients,
addressing both sequential and continuous activity identification methods.

3.2 Limitations of Activity Classification

Despite the advances in activity recognition, several challenges persist, particularly
when dealing with patients with tremors. One challenge is intra-class variability,
where the same activity can be performed differently by the same individual or across
different individuals. Factors like stress, fatigue, and emotional or environmental
state can all influence how an activity is executed, impacting recognition accuracy.
Inter-class similarity also presents difficulties. This situation occurs when activities
themselves share similar movement patterns, making it hard to distinguish them
based only on sensor data. Another common issue is class imbalance [79]. In real-
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world scenarios, some activities like sleeping or working occur frequently, while oth-
ers like taking a sip of water are much less common. This imbalance can skew the
performance of activity recognition models. Fortunately, techniques such as over-
sampling (duplicating data points in the minority class) or generating synthetic data
can help mitigate this problem [83].

Finally, the difficulties in data collection are made even more challenging by the
problems faced when labelling the ground truth. In everyday life settings, accu-
rately labelling activities becomes significantly more complex. Researchers have ex-
plored various methods to address this, including daily self-recall techniques where
users report their activities later, experience sampling where users report activities
prompted by random intervals, and even reinforcement learning or active learning
approaches that all involve user interaction for supervised learning [84]. However,
these methods are often time-consuming and prone to inaccuracies, further increas-
ing the complexity of the problem [85, 86, 87]. While semi-supervised learning al-
lows for part of the data to remain unlabeled, it still faces notable limitations due
to the lack of standardised methods, with most systems implementing their own ap-
proaches [88, 89, 90] Semi-supervised learning in human activity recognition, while
allowing part of the data to remain unlabeled, faces notable limitations due to the
lack of standardised algorithms or methods, with most systems implementing their
own approaches [88, 89, 90].
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Chapter 4

Methodology

In this chapter, the methodology used to design and develop a model for classi-
fying complex activities of daily living in patients with PD and ET is detailed. To
achieve this primary objective, several sub-goals were addressed: firstly, the design
and implementation of a battery of exercises tailored to evaluate tremor in home en-
vironments; secondly, the development of a machine learning classification model for
short-duration, discrete sequences of daily activities as an initial approach to con-
tinuous identification; thirdly, the extension of the classification models to manage
continuous, long-duration signals; and finally, the exploration of neural networks for
the continuous classification of activities of de daily living. The techniques used to
address these objectives are outlined in this chapter.

4.1 Subject recruitment

The study included a total of 10 patients. Table 4.1 presents their demographic and
disease-related characteristics. All patients were clinically diagnosed according to the
consensus criteria established by the Movement Disorder Society Group [91]. Both
ET and PD patients exhibited visible and persistent postural and kinetic tremors in
their hands (either unilateral or bilateral), with some also showing tremors at rest.
None of the patients had a history of neurological conditions other than PD or ET. The
study was approved by the local ethics committee of the Hospital Universitario 12 de
Octubre in Madrid, ensuring compliance with the Declaration of Helsinki. Further-
more, all patients provided written informed consent after being fully briefed about
the study.

In addition, 45 healthy individuals participated as a control group. Their detailed
demographic characteristics are also presented in Table 4.1.

4.2 Data collection

A smartwatch (Fitbit Sense, [92]) on the dominant wrist was used to collect all the
data. The lightweight smartwatch is equipped with three orthogonal accelerometers
for measuring linear acceleration (m/ s?) and three orthogonal gyroscopes for mea-
suring angular velocity (rad/s). Motion data was sampled at 30 Hz. Then, all the
data was transferred via Bluetooth to and Android device which sent the data via
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Characteristic ET patients PD patients Control participants
Total n 5 5 45

Age (years); mean + SD 73+ 7 71 £ 11 32 + 17

Age (years); range 62-79 54-80 22-81
Disease duration (years) 3-33 3-15 N/A

Sex female; n (%) 2 (40) 1 (20) 19 (51.4)

Sex male; n (%) 3 (60) 4 (80) 18 (48.6)

Table 4.1: Characteristics of recruited participants for the study. The table provides
demographic details including total sample size, mean age with standard deviation,
age range, disease duration for patient groups, and distribution of sex among ET
patients, PD patients, and control participants.

internet to a database for storage. During testing, each subject performed ten tasks
of daily living (see Figure 4.1) at a self-chosen speed, in the same manner as they
would normally execute them (see Table 4.2). These tasks can be grouped into four
activity groups:

* Personal hygiene: This group includes activities related to personal care and
daily hygiene such as brushing teeth, combing hair or getting dressed which
includes the buttoning task.

* Feeding: This group includes activities related to food intake and nutrition such
as eating with a fork, cutting food with a knife, drinking, and opening a tupper-
ware container.

¢ Studying: These tasks involve reading books or newspapers and taking hand-
written notes.

* Functional transfers: Activities related to mobility in the environment such as
opening and closing doors.

These tasks were selected according to previous studies [2] and available datasets
[93, 94, 95, 96], as they encompass both fine (e.g., buttoning a shirt, turning pages,
writing, and cutting food) and proximal movements (e.g., brushing teeth, combing
hair, simulating drinking, and lifting the fork to the mouth), representing two levels
of precision. Fine movements involve small muscles and precise control, whereas
proximal movements engage larger muscle groups and require more general limb co-
ordination. Handwriting, eating, dressing and self-care related activities are most
prominently affected by tremor [11]. Also, these tasks represent activities that might
interfere with tremor measurement at home, for example, handwriting and tooth-
brushing include repetitive motions that may resemble tremor. All tasks were per-
formed with the dominant hand, and none were part of any standardized rating scale.
Furthermore, the motion between repetitions and any periods of non-task activity
were also recorded and labelled as ‘no task’ (NT).

4.2.1 Segmented setting

Part of this study was conducted to classify daily activities within the segmented or
discrete setting, as outlined in Chapter 3. Data collection for patients was carried
out at the hospital, while for control participants it took place in the laboratory.
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Brushing teeth (BT)

Writing (WW)

Eating with fork (EF) Rest between repeats

Figure 4.1: Matrix illustrating the 10 tasks performed by ET and PD patients during
the ambulatory sessions.

Before data collection, tasks were explained in detail to ensure that participants were
familiar with them. The initial and final postures for each task were kept consistent.
For seated tasks, participants began and finished with their hands placed flat on
the table at shoulder width and elbows bent. For tasks performed while standing
(such as buttoning a coat and turning a doorknob), participants started and ended
in a relaxed upright stance with their arms naturally hanging at their sides. Each
task was performed between 3 and 6 consecutive times, with 5 seconds rest between
repeats. While the tasks were being performed, kinematic data from the sensor unit
were gathered, and the subject’s upper extremity was videotaped as a supplementary
measure to evaluate the movements if necessary.

4.2.1.1 Additional Dataset

In this context, a complementary dataset [2] which contains records from four IMUs
placed over the dominant arm was also used. From this dataset, the IMU placed at
the third distal of the forearm was selected for analysis, focusing on the closest kine-
matic movements to the wrist. This dataset contains ET and PD diagnosed patients’
data carrying out different activities, among them, the tasks shown in Table 4.2. The
dataset is composed of acceleration and angular velocity in all three axes (X, y, z) from
16 patients, whose gender and age were not specified.
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Activity type Abbr. Task Task description
CH Combing hair Pick up comb from table - comb hair with dominant
hand - put down comb
Perspnal BT Brushing teeth Pick up toothbrush - simulate tooth brushing cover-
hygiene ing the entire range - put down toothbrush
BB Buttoning This task was performed standing up. Button the
buttons of a lab coat in self-chosen order and un-
button.
EF Eating with fork  Pick up fork - select piece - bring to mouth - (repeat
for 3 or 4 pieces) - put down fork
CK  Cutting with knife Pick up fork and knife (hold knife with dominant
) hand) - cut a piece from plasticine sheet - (repeat
Feeding for 3 or 4 pieces) - put down fork and knife
SD  Simulate Drinking Pick up water bottle - bring to mouth - hold to mouth
a few seconds (simulate drinking) - put bottle on the
table
OB Open/close box  Pick up box container - open container - close con-
tainer - put down container
Studying WW Writing Eick up pen - write down name and surname - put
own pen
TP Turning pages Open book - turn 3 or 4 pages - close book
Functional ™ Open/close ’é‘hisktasé{ was performeg standling gp. Reach for
transfers door oorknob - turn to open door - close door

Table 4.2: Description of the tasks defined for the identification of contextual infor-
mation. The table shows the code, and the description of the tasks selected to assess
how patients and control subjects perform specific daily activities.

4.2.2 Continuous setting

In the second phase of the study, data collection was moved to a real world setting to
capture continuous signals in a home environment. Participants were asked to wear
a smartwatch for extended periods, allowing for natural and unstructured activity
throughout the day. To annotate their actions, participants easily logged the start
and end times of each task on a smartphone device, ensuring accurate alignment of
sensor data with task execution. No specific sequence or order was imposed on the
tasks, enabling a more realistic representation of daily activities. This setup aimed to
mimic typical daily routines, providing valuable insights into the temporal variability
and natural context of task performance, which are often absent in controlled lab-
oratory environments. These signals were collected from eight control participants
who had not participated in the data collection conducted in the segmented setting,
further enriching the dataset with unbiased and independent contributions.

4.3 Dataset Description
The final dataset contains multivariate time series collected using a wrist-worn sen-
sor, which includes gyroscope and accelerometer data from three axes. The record-

ings cover both discrete and continuous activities, ensuring a comprehensive repre-
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sentation of the patient’s movement patterns. In total, the dataset contains 10 task
classes (eating with a fork and cutting with a knife are considered as one class (eat-
ing)), including activities such as reading, eating, and writing, along with a ‘no task’
class to capture periods when the patient is not engaged in a specific activity.

From the distribution of proportions shown in Figure 4.2, we can observe that the
majority class is no task, followed by the eating task. Apart from these two, the
remaining tasks have a relatively similar representation in the dataset. Furthermore,
it can be seen that the total proportion of data from subjects with and without tremor
is approximately a 2:1 ratio, with a significantly larger amount of data from subjects
without tremor.

Proportionality of classes

Proportionality of Tremor vs No Tremor Data

No Tremor
Tremor (ET/PD)

Figure 4.2: Pie chart showing the proportion of classes (daily tasks) and the
tremorous component in the collected data. ‘NT (‘notask’) represents periods of
activity unrelated to the defined tasks and is considered as a distinct class in the
continuous classification setting.

4.4 Data Processing

First, data preprocessing was carried out to address incomplete data. Signals that
deviated significantly from the central time distribution of each task were excluded,
as they likely represented faulty recordings that could result in misclassification.

Then, all data were resampled to a uniform frequency of 30 Hz to ensure consistency
with both the experimental dataset and the complementary dataset detailed in Sec-
tion 4.2.1.1. To align with the pre-processing described in [2], a Butterworth filter was
applied with a cutoff frequency of 4 Hz and a filter order of 6. This filtering approach
is based on the distinction between voluntary movements and tremorous activity,
which typically occurs around a 3.5 Hz threshold [97]. Even for tasks involving the
highest frequency movements, such as brushing teeth, spectrogram peaks remain
below 4 Hz [98]. Figure 4.3 illustrates this distinction, comparing the spectrograms
of a control subject and a patient with PD during the brushing-tooth task. In the PD
patient, voluntary movement peaks are observed below 4 Hz, while tremorous compo-
nents appear around 5 Hz. Thus, the 4 Hz cutoff frequency was chosen to effectively
filter out tremor while preserving voluntary movement (see Figure 4.3).
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Figure 4.3: Spectrogram of a PD patient (a) and a control subject (b) performing
the task ‘brushing teeth’, where the dashed red lines delimit the tremor component
frequencies.

4.4.1 Window Design

Given the variability in signal duration across different tasks and patients, and the
lack of consensus on an optimal window size [22, 24, 23], the signals were segmented
using five types of overlapping windows of varying sizes: 2.5 seconds with a 1 second
overlap, 5 seconds with a 2 second overlap, 10 seconds with a 4 second overlap, 15
seconds with a 6 second overlap, and 20 seconds with an 8 second overlap. This
selection was guided by previous studies investigating the impact of window size on
physical activity classification, detailed in Section 2 and 3.

After segmentation, statistical, frequency, and shape-related features were extracted
from each window, following the methodologies in [96, 99, 2]. The extracted features
included metrics such as mean, standard deviation, median, maximum, minimum,
variance, RMS (Root Mean Square), entropy, centroid, bandwidth, flatness, energy,
skewness, and kurtosis. In addition, the difference between the first and last values
of each window was calculated. These features, representing various aspects of the
signal, resulted in five distinct collections of 94 features corresponding to the five
segmentation approaches.

To manage the complexity and size of the dataset and to mitigate potential overfitting
due to high-dimensional feature spaces, various feature selection and dimensionality
reduction techniques were applied. These methods aimed to identify the most rele-
vant features for activity classification while preserving the essential characteristics
of the original data.

4.4.2 Feature Subset Selection

To optimise model performance by reducing dimensionality, we applied feature selec-
tion techniques to identify the most relevant variables within our dataset. Specifically,
we used the SelectKBest method [100], a filter-based feature selection approach that
evaluates and ranks features based on their statistical relationship with the target
variable (i.e., the task label). Filter-based methods rely on statistical metrics to score
features independently of the model, ensuring an efficient selection process. Given
the characteristics of our data and the nature of the problem, an ANOVA test was
used to measure the dependencies between the features and the target variable.

Using the importance scores generated by the ANOVA test, we selected the top 60
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features with the highest scores to build the final feature subset. This threshold was
determined graphically, observing the distribution of the importance of characteris-
tics in identifying a cut-off point [101]. By selecting the most informative features,
this approach ensured a balance between dimensionality reduction and the preser-
vation of critical information for accurate task classification.

4.5 Daily Activity Classification

4.5.1 Segmented Setting Classification

As described in Chapter 3, in this setting, the system assumes that input data are
pre-segmented, classifying each segment as belonging to a single activity.

4.5.1.1 Algorithm Design

The algorithm used to classify the specific activity segment followed a two-phase
pipeline, as shown in Figure 4.4. In the first phase, the data was divided into train-
ing and testing sets, taking into account the five different windowing processes (2.5,
5, 10, 15, and 20 seconds). Consequently, five classifiers were trained, each corre-
sponding to a distinct window segmentation, and their predictions were evaluated.
Within each sequence, defined as a task trial for a specific patient, the segmented
windows were grouped. A label for the entire sequence was determined using the
mode of the predicted labels. If the mode was ambiguous, the label with the high-
est mean probability was assigned. This approach ensured that each sequence was
labelled along with an associated prediction probability. The process was repeated
independently for each classifier, corresponding to the various window sizes.

In the second phase, the predictions obtained from all classifiers for each sequence
were aggregated. The predicted labels and probabilities of each classifier were com-
pared. A similar procedure to the one used in the first phase was applied: if a clear
mode existed among the predicted labels, the sequence was assigned to that label,
accompanied by the highest probability among the mode predictions. In cases where
no distinct mode was present, the label corresponding to the maximum probability
was selected. At the end of the pipeline, each sequence was assigned a final predicted
task label along with an associated classification probability, providing a robust and
consistent output for activity recognition.

4.5.1.2 ML Classifiers

Three different types of classifiers were implemented, chosen based on the state-of-
the-art reviewed in Chapter 2: Random Forest (RF) [102], Support Vector Machines
(SVM) [103], and Extreme Gradient Boosting (XGB) [104]. These models were se-
lected to perform multiclass classification, and each one was trained and tested for
this purpose. Figure 4.5 illustrates the pipeline followed, from data collection to
classification, showing how the different classifiers were applied for human activity
identification.

In addition, each model was hyperparameter tuned to optimise performance. Grid-
search cross-validation [100] was applied to assess the impact of modifying classifier-
specific parameters on accuracy. After determining the optimal parameters for each
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Figure 4.4: Representation of the design algorithm for different time length windows
integration for the classification of daily activities. Where ¢ represents each classifier
trained with the different window-sized segmented dataset.

model, a 7-fold cross-validation procedure was used for validation. To prevent data
from the same patient from appearing in both the training and testing sets simulta-
neously, a group-stratified k-fold cross-validation method was used. This approach
maintained a train-test split of 85-15%, ensuring that each fold contained at least
one ET or PD patient, thus preserving the proportionality of the classes. This strat-
egy helped to provide robust and generalisable results for activity classification.
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Figure 4.5: Framework of activity identification using ML approaches. First, inertial
data is collected through sensors. Then, feature extraction is performed using five
different windowing processes. This results in segmented datasets of varying window
sizes, which are then fed into ML classifiers for final activity classification.

4.5.1.2.1 Random Forest

RF is a powerful ML algorithm known for its ensemble approach, where multiple deci-
sion trees work together to improve predictive performance [102]. In this model, each
decision tree independently learns from bootstrapped samples drawn from the train-
ing dataset. Every tree makes predictions by evaluating feature values, progressing
through nodes, and splitting branches until reaching a final leaf node that represents
the target class. The model then aggregates the predictions of all trees using majority
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voting to produce a single output.

The effectiveness of RF relies on fine-tuning its hyperparameters, especially the num-
ber of estimators and the maximum depth of the trees. Increasing the number of
estimators typically improves the model’s performance by reducing the bias or error
of each individual tree and leveraging their combined knowledge. However, adjust-
ing the maximum depth of the trees can influence the model’s complexity, enabling
it to capture more intricate patterns in the data. However, setting excessively high
values for these hyperparameters can lead to overfitting, reducing the model’s ability
to generalise well to unseen data. To optimise these parameters, grid search was
used to tune the number of estimators and the maximum depth. A hyperparameter
search was performed using 5-fold stratified group cross-validation, testing five dif-
ferent values for the number of estimators (100, 200, 300, 400, 500) and six different
values for the maximum depth (None, 2, 5, 10, 15, 20), with the goal of maximising
the model’s accuracy for each dataset.

4.5.1.2.2 Support Vector Machine

SVM is a classification algorithm that aims to find a hyperplane capable of separat-
ing different classes in the training dataset [103]. It does this by identifying sup-
port vectors and maximising the margin between these vectors and the hyperplane
to improve generalisation. While SVM is initially designed for linear separability, it
can also manage nonlinear classification through the use of kernel functions. Key
hyperparameters, such as the regularisation term C and the type of kernel (e.g., lin-
ear, sigmoid, polynomial, and radial basis function (RBF)), are typically fine-tuned to
identify the optimal model for the dataset.

To optimise these parameters, grid search cross-validation was employed to evaluate
various values of C (ranging from 1 to 1000) and kernel types (RBF and polynomial).
The process systematically tested different combinations of these parameters to iden-
tify the best fit to the data. By iterating over the hyperparameter values and assessing
their performance in terms of accuracy, grid-search ensured that the final model was
well tuned, providing the highest possible accuracy while minimising the risk of over-
fitting. This evaluation was repeated across different folds for patients and for each
individual time-length classifier (2.5, 5, 10, 15, and 20 seconds), allowing for a com-
prehensive comparison of the model's performance at various time intervals. The
best-performing SVM models, along with their respective C and kernel parameters,
were then selected for final use.

4.5.1.2.3 Extreme Gradient Boosting

XGB is a ML model designed for classification tasks that combines decision trees with
the boosting ensemble technique [104]. This approach works by sequentially refining
predictions and correcting errors made by previous models in an attempt to minimise
the loss function through gradient descent.

XGB offers two critical hyperparameters for optimisation: maximum depth and learn-
ing rate. To mitigate overfitting, particularly in smaller datasets, the maximum depth
is typically constrained. Grid-search cross-validation was carried out across the five
time window classifiers, testing various combinations of learning rates (ranging from
0.1 to 0.3) and tree depths (from 3 to 7). This procedure allows for fine-tuning the
model, reducing the risk of overfitting, and ensuring improved performance.
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4.5.2 Continuous Setting Classification

As described in Chapter 3, in this setting, the system automatically detects the oc-
currence of activities, assuming that each sequence may contain different task labels.

4.5.2.1 Machine Learning Approach

4.5.2.1.1 Segmentation

The feature extraction process is modified for continuous signals. Instead of relying
on pre-segmented task sequences, we start with a single continuous signal containing
multiple tasks. To segment the sequences, window sizes of 5s, 10s, 15s, and 20s were
used, discarding the 2.5s windows, since they were found to provide unsatisfactory
results in the segmented setting tests. By applying these window sizes with the
previously defined overlaps, for each window, the majority label within the window is
recorded, and its temporal position is stored within a start index. For the last window,
both the start and end indexes are saved. This information is then combined with
all the extracted features (both temporal and spectral), allowing to trace back what
part of the original signal each window came from. Maintaining temporal information
facilitates later analysis and allows to map the predictions back to the original signal.

4.5.2.1.2 Algorithm Design

The algorithm designed for the segmented setting (see Section 4.5.1.1) was slightly
adapted. The algorithm now uses four classifiers instead of five, but follows a similar
two-phase process. The 2.5-second classifier was discarded due to its poor perfor-
mance in the discrete setting, which will be further explained in Section 5.

First, the four trained models for the segmented setting were loaded and the contin-
uous signals recorded (detailed in Section 4.2.2) were used as the test group. Each
of the four loaded window classifiers provides labels for each window. With the com-
plementary information extracted during the segmentation process, the segmented
signal is unrolled to return to the continuous signal. Now, the data point, instead
of being a time window, is a specific time instance. To handle and manage multiple
labels per data point caused by the overlap within the windows, the label is selected
based on the mode or the maximum associated probability.

Finally, the predictions from the four classifiers are combined for each time instance,
following the same scheme as in the segmented setting. The final task label and
prediction probability for each sequence were determined by repeating the same pro-
cedure as in the first phase, selecting the mode or the label with the maximum prob-
ability in case of ambiguity. Thus, the algorithm is very similar to the previous one,
maintaining the same concept of combining classifiers with different window sizes
based on the mode and prediction probability.

4.5.2.1.3 ML Classifiers

The SVM classifier was used due to its better performance in the previous settings,
which will be discussed in Chapter 5. The classifier was trained with data from the
segmented setting, and optimised through hyperparameter tuning with GridSearch
and validated with 7-fold cross-validation, maintaining class proportionality. The
train-test ratio was set to 85-15%. Once the model was trained, the preprocessed
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long-duration signals from the test group were introduced to identify and classify
tasks in continuous sequences.

4.5.2.2 Deep Learning Approach

The continuous signals were then classified using various DL architectures. In this
study, the signals were segmented into fixed 15-second windows with a 6-second
overlap, ensuring sufficient temporal context while maintaining computational effi-
ciency. The model was trained and validated on data collected in a controlled setting,
which was split into training and validation subsets—75% for training and 15% for
validation—both derived from the controlled setting data. A separate 10% of the data
came from continuous setting data, which was used for testing. The model’s gener-
alization capabilities were then evaluated on continuous signals. The model’s input
was multivariate, consisting of accelerometer and gyroscope signals across all three
axes. It outputs a predicted label for each data point, enabling offline classification
of continuous signals.

Finally, a post-processing step was applied in which labelled sequences shorter than
a specified threshold were merged with neighbouring sequences, given that they
shared the same label and exceeded a minimum length. This step helped to reduce
misclassification and improve consistency in the predicted labels.

4.5.2.2.1 DL Architectures

Three different neural network architectures were trained to classify the continu-
ous data, each using different techniques to effectively capture temporal and spatial
information, as shown in Figure 4.6.

Bidirectional LSTM

This architecture implements a Bi-LSTM layer to capture temporal dependencies in
both forward and backward directions, making it well-suited for tasks where the
temporal order is crucial. The input consists of sequential data with a shape of
(TIME_STEPS, 6), representing six features derived from accelerometer and gyroscope
signals. To prevent overfitting, dropout layers were included, and L2 regularization
was applied to enhance generalization. The output layer uses a softmax activation
function with the number of units corresponding to the target activities. The model is
optimised using the Adam optimiser to ensure stable training, while the categorical
cross-entropy loss function is used with accuracy as the evaluation metric.

1D-CNN-LSTM

This architecture combines CNNs and LSTMs to leverage both spatial and temporal
features. The model begins with a unidimensional convolutional layer with ReLU
activation to extract spatial features from each time step independently. As before,
dropout layers were included for regularisation, along with max-pooling layers to re-
duce dimensionality. After the convolutional blocks, a Flatten layer prepares the
data for temporal processing. Then, an LSTM layer follows, which captures tempo-
ral dependencies in the data. Dense layers and L2 regularization are incorporated
to further improve generalization. The output layer uses a dense layer with a soft-
max activation function, where the number of units corresponds to the unique task
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Figure 4.6: Different DL architectures implemented. Figures created with Net2Vis
[105]

identifiers in the dataset. This architecture effectively integrates spatial and temporal
information, thereby enhancing classification performance.

ConvLSTM-2D

This architecture combines the strengths of CNN and LSTM layers in a single Con-
vLSTM2D operation, making it highly effective for spatiotemporal data. The model
begins with a ConvLSTM2D layer, which is similar to an LSTM layer, but both input
transformations and recurrent transformations are convolutional [106]. This layer
extracts both spatial and temporal features simultaneously. Dropout layers with a
rate of 70% are added to prevent overfitting, followed by BatchNormalization to sta-
bilise and accelerate training, and an L1 activity regulariser to enforce sparsity. The
final output layer uses a softmax activation function, with the number of units corre-
sponding to the unique task identifiers in the dataset. This architecture is compact
yet powerful, effectively combining convolutional, recurrent, and dense components.

In summary, the BiLSTM architecture is designed to focus solely on capturing tempo-
ral dependencies. In contrast, the 1D CNN-LSTM model combines the spatial feature
extraction capabilities of CNNs with the temporal modelling of LSTM networks. This
allows the model to process spatial features at each time step independently through
CNNs, followed by LSTMs to capture the temporal dependencies across the sequence.
On the other hand, the ConvLSTM2D architecture integrates both spatial and tempo-
ral feature extraction into a single layer, where convolutional filters operate within the
LSTM framework, capturing both dimensions, spatial and temporal, simultaneously.
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Chapter 5

Results and Discussion

This chapter presents and discusses the main findings of this work.

5.1 Segmented Setting Classification

As a reminder, in this setting, the signals were collected sequentially, with each sig-
nal corresponding to a single task. The classification problem was addressed using
three types of classifiers: RF, SVM, and XGB (see Section 4.5.1.2). In addition, a
combination approach with varying temporal window sizes was tested to evaluate its
impact on performance (see Section 4.5.1.1).

The accuracy results are summarised in Table 5.1, showing that the SVM classifier
outperformed the others in all metrics evaluated, closely followed by RF. In partic-
ular, all metrics surpassed the 80% threshold, demonstrating the robustness of the
models. The task-specific precision and recall values for SVM are detailed in the ta-
ble shown in Figure 5.1. The algorithm achieved high precision and recall (~ 85%)
for most tasks. However, tasks such as cutting with a knife, open/close a box, and
turning pages exhibited lower precision, falling below the 80% mark.

Model Accuracy Precision Recall F1 score

RF 83.06% 83.94% 82.13% 82.85%
SVM 84.88% 86.00% 84.88% 84.98%
XGB 82.39% 83.22%  82.47% 82.38%

Table 5.1: Average results obtained by the three tested classifiers (RF, SVM, and
XGB)

An analysis of the performance of each different sized-windowed classifier individ-
ually (see Figure 5.2) reveals a trend in which larger windows generally result in
better classification performance across the three tested classifiers. In particular, no
tasks were best classified with the 2.5 second window, and only two tasks, eating
with a fork and buttoning performed better with the 5-second window. The modal
performance across the three classifiers (RF, SVM, and XGB) was observed with the
15-second window. There is no clear pattern observed across the three classifier
types, other than larger windows tend to reach higher results. Tasks like eating with
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Figure 5.1: Results of the ensemble SVM classifier for activity classification. On the
left, performance metrics per task in terms of precision, recall, and F1-score, as well
as the weighted and unweighted average metrics. On the right, the confusion matrix
illustrating the classifier’s performance on continuous signals.
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Figure 5.2: Bar graph showing the precision obtained in the classification per task
using different time windows with SVM classifiers. The error bars represent the
standard error of the mean (SEM).

a fork and combing hair, which involve repetitive movements encompassing the en-
tire arm, seem to be better classified with smaller windows. Conversely, tasks like
turning pages and open/close a door that involve fine movements seem to perform
better with larger windows. Other tasks like cutting with a knife, or open/close a box
show better performance with intermediate-sized windows of 10-15 seconds.

The tasks with the lowest classification performance were open/close a box, and
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turning pages, with an approximately 70% and 74% F1-score respectively. After ex-
amining the distributions of these tasks, we observed that they both involve bimanual
object manipulation at a distal point from the body. Since our recordings are unilat-
eral, capturing only the dominant wrist, classifiers struggle to differentiate between
these tasks with sufficient accuracy. People often use both hands for these tasks,
especially if the dominant hand is somewhat affected by tremor. Therefore, their ex-
ecution varies significantly depending on individual preferences and motor habits.
For instance, in cutting with a knife, some participants may hold the knife with their
dominant hand, while others use their non-dominant hand. Similarly, for open/-
close a box, variability arises from differences in hand dominance and the specific
techniques used to open a box-shaped recipient.

Despite these findings for individual windows, the ensemble models outperformed
single-window approaches (see Figure 5.3), showing the potential efficacy of combin-
ing results from different window sizes.

Comparing the impact of different windows (SVM)

FEEp < 0.001
= p < 0.01 “d=1.27

0.95 |- “p=005 ‘ *d=185

F1-Score (%)
—
_|

2.5s hs 10s 15s 20s Ensemble

Classifier

Figure 5.3: Boxplots illustrating the F1-Scores (%) of individual classifiers using dif-
ferent window sizes (2.5s, 5s, 10s, 15s, 20s) and the ensemble classifier. Significant
differences between classifiers are indicated with asterisks (*, **, **¥), and effect sizes
(Cohen’s d) are reported. The ensemble classifier demonstrates superior performance
across most comparisons.

A statistical analysis evaluated the performance of the SVM ensemble classifier com-
pared to individual (single window size) classifiers using the F1-Score as the primary
evaluation metric. A paired t-test was conducted to compare the performance, as the
scores for the ensemble and individual classifiers were paired and derived from the
same datasets. The assumptions of the t-test, including the normality of the differ-
ences between the paired scores, were rigorously evaluated using the Shapiro-Wilk
test, along with visual analysis like Q-Q plots and Kernel Density Estimation (KDE)
plots (see Figure 5.4). Effect sizes were calculated using Cohen’s d to quantify the
magnitude of the observed differences. To address the issue of multiple comparisons
(n=5), a Holm-Bonferroni correction was applied to adjust the significance threshold,
minimizing the risk of Type I errors (false positives). The results of this analysis are
summarised in Figure 5.3, which presents boxplots of the F1-scores for each classi-
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Figure 5.4: Comparison of F1-scores for ensemble and 2-second window approaches
(left). The density plot (centre) shows the distribution of differences between both
models predictions, while the Q-Q plot (right) illustrates the alignment of data quan-
tiles with theoretical normal quantiles with a 95% confidence interval.

fier, highlighting the ensemble classifier’s superior performance.

This comprehensive approach ensured the validity and robustness of the statistical
analysis. However, it is important to note that the sample size (n=7 (k-folds)) limits the
statistical power of the tests. Therefore, repeating the analysis with a larger dataset
would be recommended to increase the confidence in the reliability and robustness
of the results.

5.2 Continuous Setting Classification

As a reminder, in this setting, the signals were collected in such a way that each
signal corresponds to several different tasks. Specifically, the tasks cutting with
a knife and eating with a fork have been merged, as it made more sense to label
the activity as ‘eating’ rather than distinguishing between the two. An additional
important classification is ‘no-task (NT)’, which refers to any activity that does not
fall under one of the 10 target tasks. This classification helps to identify when a
relevant task is being performed and when it is not.

5.2.1 ML Approach

The classification problem was addressed using the SVM classifier, as it was found to
provide better results in the discrete setting (Figure 5.1). Once again, a combination
approach with varying temporal window sizes was tested to evaluate its impact on
performance. Therefore, the classifiers used were trained with all data collected in
the discrete setting and then tested on continuous signals to evaluate their inference
capabilities on longer and more complex signals (see Section 4.5.2.1). In this stage,
four classifiers are used instead of five, as the 2.5-second classifier was discarded
due to its poor performance in the previous setting.

The table in Figure 5.5 shows the metrics used to evaluate the performance of the
ensemble model on continuous signals. The overall accuracy is 72.77%. However,
there is a notable variability between tasks, following a similar pattern as in the
segmented setting classification results, although with certain exceptions. The simple
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Figure 5.5: Results of the ensemble SVM classifier for activity classification. On the
left, performance metrics per task in terms of precision, recall, and F1-score, as well
as the weighted and unweighted average metrics. On the right, the confusion matrix
illustrating the classifier’s performance on continuous signals.

(M) and weighted (W) average metrics are also presented to provide a comprehensive
view of the model’s performance. The simple averages give equal importance to each
class, whereas the weighted averages account for class imbalance by considering
the number of instances in each category, providing metrics that reflect the model’s
performance in real-world conditions, where certain classes naturally occur more
frequently. It is worth noting the difference between the simple and weighted metrics,
as they underscore the level of class imbalance in our test set, which will be discussed
in further detail in Section 6.

The confusion matrix in Figure 5.5 further illustrates the model’s performance across
classes. Although the matrix demonstrates a strong diagonal, indicating accurate
predictions for many tasks, it also reveals significant misclassifications, particularly
false positives with the ‘no task’ class. This suggests that, although the model is
generally effective, there are specific areas where its ability to distinguish between
tasks could be improved.

For tasks such as buttoning and open/close a box, which are potentially more com-
plex due to their bimanual nature, precision is low (<80%), despite a high recall,
indicating the presence of false positives, as shown in the matrix in Figure 5.5. In
contrast, tasks such as brushing teeth and combing hair exhibit balanced perfor-
mance metrics, suggesting more reliable classification. The task with the highest
metrics is ‘no task’, likely due to its greater representation in the dataset. The confu-
sion matrix supports this observation, revealing that many tasks are misclassified as
‘no task’, probably due to class imbalance.

When comparing the table in Figure 5.1 with the table in Figure 5.5, it is evident that
in these tests, the classification results for tasks open/close door, simulate drinking,
and buttoning worsen compared to the discrete setting, whereas the results for eating
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5.2. Continuous Setting Classification

Predicted labels
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Figure 5.6: Graphs that compare the predicted labels by the ensemble-SVM model
with the real ones in a continuous sequence of 10 minutes. Each colour represents
a different task label.

with a fork and turning pages show partial improvement. This may be attributed to
the representation and proportion of these tasks in the new test set. Tasks such as
open/close a door and buttoning had little representation in the test set of continuous
signals, which contained task eating with a fork in a much higher proportion. The
open/close a box task continues to be particularly challenging to classify.

To illustrate the performance of the ensemble model, a graph similar to the one shown
in Figure 5.6 are plotted for each participant in the test group. In these graphs,
different colours represent the various tasks performed over time, including the ‘no
task’ label, which indicates periods where no specific activity is carried out. The upper
section of the graph displays the tasks performed by the participants, while the lower
section shows the tasks classified by the model. Some misclassifications are evident
in the graphs, such as instances where tasks of interest are detected during ‘no task’
periods (e.g., in the 0-50s interval, a combing hair (green) sequence is falsely detected
during an ‘no task’ period. A similar example can be seen in the 550-600s interval,
where an eating with a fork task (grey) appears as a false positive in Figure 5.6).
Additionally, the model occasionally identifies very short, incoherent signals that do
not align with the expected activity patterns (e.g., in the 0-50s interval, a very short
brushing teeth (brown) sequence is falsely detected during an ‘no task’ period, which
is inconsistent with the expected duration of the task. A similar case occurs around
the 550s point, where very short open/close a box (pink) and turning pages (purple)
sequences are detected between tasks in Figure 5.6). To address these issues, post-
processing techniques were incorporated into the DL approach to correct potentially
erroneous classifications using contextual information.

5.2.2 DL Approach

After testing the results of combining different window sizes with more traditional ML
techniques, and after expanding our dataset with the continuous signals collected, we
decided to experiment with DL, which has become widely used in recent state-of-the-
art research. Therefore, after designing the three architectures outlined in Section
4.5.2.2.1, the models were trained using segmented signals from the first setting for
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Results and Discussion

Model Accuracy Precision Recall F1 score
BiLSTM 75.17% 78.21% 75.17% 75.89%
CNN+LSTM  62.37% 75.46%  62.37% 64.48%
ConvLSTM 65.88% 70.79%  65.88% 66.84%

Table 5.2: Average results obtained by the three tested DL models.

both training and validation. Once the parameters were fine-tuned, the models were
tested on the continuous signals that had been recorded.

Table 5.2 presents the comparative results obtained with the three different DL archi-
tectures. The BiLSTM model demonstrated superior performance across all metrics,
achieving the highest results. Despite its superior performance, the results do not
represent a significant improvement over those previously obtained with traditional
ML techniques, particularly the quantity of available data, which is often crucial for
fully leveraging the potential of DL methods. Several avenues for improvement can
be considered. Firstly, increasing the training data volume, as DL architectures typ-
ically require large amounts of data to reach their full potential. Secondly, further
optimising the neural network architectures through more exhaustive hyperparam-
eter tuning. Lastly, exploring data augmentation techniques specific to time series
could enhance the model’s generalisability and robustness.

Figure 5.7 presents the three sets of training performance plots for different models
(CNN+LSTM, ConvLSTM, and BiLSTM). From this, it can be observed that, among the
three models, the BiLSTM achieves the best performance, with high accuracy, low
loss, and notable stability between training and validation metrics. The ConvLSTM
follows, due to its stability and generalisation, though its performance is lower than
the BIiLSTM. In contrast, the CNN+LSTM model shows signs of overfitting and could
benefit from further adjustments.

BiLSTM Training Performance

Model Accuracy

CNN+LSTM Training Performance

Model Accuracy

e
N

ConvLSTM Training Performance

P

e e

e
N

Accuracy
e 9o
o o

o
®

o
FS
Accuracy
o
o

0.3

/Mﬂv e

Model Loss Model Loss Model Loss

~2 A

B e N S, 0.75 S S

5 10 15 20 25 30 35 o 10 20 30 40 50

O wm
Epoch Epoch poc

Figure 5.7: Training curves from the BiLSTM model (left), the CNN+LSTM model
(centre), and the ConvLSTM model (right). Validation set’s curves are shown in orange
and train’s in blue.

In Figure 5.8, it can be seen that the performance of the BiLSTM model for the
classification of activity varied between tasks, following a pattern similar to the one
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5.2. Continuous Setting Classification

Task Precision Recall F1 score
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Figure 5.8: Results of the ensemble BiLSTM model for activity classification. On the
left, performance metrics per task in terms of precision, recall, and F1-score, as well
as the weighted and unweighted average metrics. On the right, the confusion matrix
illustrating the model’s performance on continuous signals.

observed in the results of the SVM ensemble (Figure 5.5). As shown in the table, some
tasks exhibited high recall but low precision (i.e. buttoning, combing hair, open/close
a box), suggesting that while the model is sensitive in identifying true positives it also
produces a significant number of false positives in these tasks. This may be due
to a greater class imbalance in this test group. High-performance activities with
F1-score values above 70% included brushing teeth, eating with a fork and turning
pages. These tasks involve repetitive and distinct motion patterns, such as hand-
to-mouth or cyclical arm movements, which are easily captured by both acceleration
and gyroscope data.

Medium performance tasks, included buttoning and writing. These activities bene-
fited from recognisable motion patterns, though individual variations, particularly in
writing styles, likely impacted accuracy. Lower performance tasks, with recall below
50% and F1-score below 30%, included open/close a door and open/close a box. The
brief duration, variability in execution, and similarities with other reaching move-
ments made these actions more difficult to classify. A comparison of the confusion
matrix in Figure 5.8 with that in Figure 5.5 reveals a noticeable reduction in false
positives for the ‘no task’ class. Furthermore, the diagonal in the BiLSTM confusion
matrix appears to be more defined, reflecting improved clarity and accuracy in task
classification.

Examining the classification results per task for the other two architectures, Con-
vLSTM (Table 5.9) and CNN+LSTM (Table 5.10), a similar task classification pattern
can be observed, although with lower overall performance metrics. For the ConvL-
STM model, the ‘no-task’ and brushing teeth activities once again achieve the highest
performance, followed by the group of combing hair, turning pages, eating, and writ-
ing. The buttoning and drinking activities rank next, while open/close door and
open/close a box appear to be the most challenging classes to classify across all
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Task Precision Recall F1 score
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Figure 5.9: Results of the ensemble ConvLSTM model for activity classification. On
the left, performance metrics per task in terms of precision, recall, and F1-score, as
well as the weighted and unweighted average metrics. On the right, the confusion
matrix illustrating the model’s performance on continuous signals.

cases. In the case of the CNN+LSTM model, a slightly different pattern emerges.
While the overall results are slightly worse than those obtained with ConvLSTM, an
apparent improvement can be observed in the classification of buttoning. Conversely,
performance worsens for turning pages and combing hair compared to the other two
architectures. Notably, open/close door is particularly poorly classified in this model,
with an F1-score below 10%.

To illustrate the performance of the BiLSTM classification model, Figure 5.11 presents
a graph similar to the one shown in Figure 5.6, representing the same signal. A com-
parison between the two reveals that, although discrepancies with the true labels
remain, the classification has improved. Short, incoherent signals are no longer
present, probably due to the implementation of post-processing techniques that ho-
mogenise segments shorter than a certain threshold based on their local context.
However, some misclassifications persist, such as the open/close a box (orange) task
in the 550-600s segment, which is labeled as turning pages (brown), and certain
false positives in the simulate drinking and open/close a box regions (e.g., a false
positive for simulate drinking (dark blue) around 50s, or ‘no task’ (blue) misclassified
as open/close a box in the 190-200s interval). These observations suggest that fur-
ther improvements are necessary, which will be discussed in the next chapter of this
work.
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Figure 5.10: Results of the ensemble CNN+LSTM model for activity classification. On
the left, performance metrics per task in terms of precision, recall, and F1-score, as
well as the weighted and unweighted average metrics. On the right, the confusion
matrix illustrating the model’s performance on continuous signals.

Figure 5.11: Graphs that compare the predicted labels by the BiLSTM model with the
real ones in a continuous sequence of 10 minutes. Each colour represents a different

task label.
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Chapter 6

Conclusions and Future Work

This work explored the classification of activities of the daily living using wearable
inertial sensors in patients with tremor, specifically those diagnosed with PD and
ET. The primary objective was to develop a model capable of accurately classifying
complex activities in both controlled and real-life settings.

To address this objective, various approaches and methodologies were used. First,
we described the use of inertial recordings as a minimally obtrusive technology for ex-
tracting movement patterns to identify task execution. A recording protocol was care-
fully designed and a specific battery of exercises was selected, considering tasks that
were common in daily life and informative to compare patterns related to tremors.
On the one hand, the problem of segmented classification was studied, where each
segment or sequence is assumed to consist of a single task. This scenario was ad-
dressed using classical ML techniques. On the other hand, the continuous setting
was also approached, where long signals are recorded, and each segment or sequence
may contain multiple tasks with varying start and end times. This second problem
was tackled using both classical ML techniques and more recent DL approaches.

For the first problem (segmented setting), an approach was tested that combines
different window lengths, ranging from 2.5 to 20 seconds, to preprocess and segment
the activity signals. This was done with the aim of addressing the lack of consensus in
choosing an appropriate window size for feature extraction from time-series signals
in human activity classification problems. To explore this, five different classifiers
were trained with the differently segmented datasets, and an ensemble model was
built by combining the predictions of these classifiers to provide the most accurate
class label.

To address the second problem, two distinct approaches were used. The first was
to adapt the SVM ensemble to classify continuous signals by incorporating temporal
information during the segmentation process prior to feature extraction. The second
approach involved DL techniques. Three types of architectures were built: BiLSTM,
which considered only temporal information; CNN+LSTM, which extracted features
using one-dimensional convolutions before processing them temporally; and ConvL-
STM, which integrates both spatial and temporal feature extraction into a single layer,
where convolutional filters operate within the LSTM framework. Post-processing tech-
niques were applied to reduce the number of misclassifications using local informa-
tion.

41



6.1. Limitations and Future Work

Another key result of this work is the creation of a dataset consisting of signals
from ET and PD patients, as well as healthy participants, recorded while performing
complex daily living tasks.

In terms of the conclusions drawn from the classification of activities, several key
insights have emerged regarding the performance of the classification models and
the challenges faced in daily-activity recognition:

For the segmented classification, the SVM classifier demonstrated the best overall
performance compared to RF and XGB, achieving accuracy metrics above 80%. Com-
bining models trained with different window sizes further enhanced performance,
particularly when compared to using individual windows. However, tasks that in-
volved bimanual manipulation of objects, such as cutting with a knife, opening/clos-
ing a box, and turning pages, showed lower classification accuracy. This could be
mainly due to the unilateral nature of the recordings, which captured movement only
from the dominant wrist, resulting in incomplete representations of these tasks. In
terms of temporal windows, the analysis indicated that larger windows (15 seconds)
typically resulted in better performance across the classifiers tested. However, tasks
involving repetitive arm movements, such as eating with a fork and combing hair,
were classified more accurately with smaller windows, suggesting the need for an
adaptable windowing approach depending on task characteristics.

For continuous classification with ML, where multiple tasks were recorded in a con-
tinuous stream, the SVM classifier achieved an overall accuracy of 72.77%. The
performance varied notably across different tasks. Tasks like buttoning and open-
ing/closing boxes had lower accuracy, while tasks such as brushing teeth and comb-
ing hair showed more balanced classification metrics. The ‘no task’ class performed
particularly well, likely due to its higher representation in the dataset. When applying
DL techniques, the BiLSTM model demonstrated the best performance for classifying
continuous signals, possibly because it has a simpler architecture and the test data
was limited. However, this improvement was not substantially better than the results
achieved using the SVM classifier in ML. The BiLSTM model effectively reduced false
positives for the NT class and improved classification clarity. Tasks like brushing
teeth, eating, and turning pages performed well under this model. The application
of post-processing techniques also improved the consistency and reliability of the
classifications.

6.1 Limitations and Future Work

One of the limitations identified in the study is the reduced size of the dataset, par-
ticularly with regard to the continuous signals that made up the test group. Addi-
tionally, the dataset is highly imbalanced, showing a clear bias towards the majority
class, ‘no task’, which is reflected in the classification results. Therefore, to improve
the reliability and quality of the results, especially in the continuous setting, it would
be necessary to increase the size of the dataset. Resampling techniques could be
applied to improve model testing or to expand the dataset, achieving a better balance
between classes, as well as between tremor and non-tremor data. Furthermore, data
augmentation techniques could be explored to artificially increase the size and vari-
ability of the data set, improving the ability of the model to generalise. Additionally,
undersampling or oversampling methods could be considered to address class im-
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Conclusions and Future Work

balance, ensuring a more balanced representation of tasks across the dataset. Also,
expanding the participant pool will support model generalisation and allow for mean-
ingful comparisons with DL approaches, enhancing the system’s robustness and real-
world applicability. Additionally, to enhance the representativeness of the dataset, it
would be beneficial to include a wider range of activity context, considering addi-
tional daily tasks affected by tremor. Conversations with patients have highlighted
tasks such as inserting a key into a lock or eating with a spoon, suggesting potential
directions for future expansions of the study.

This study highlighted the potential of wearable sensors and both ML and DL tech-
niques for classifying activities of the daily living, while also revealing challenges in
handling complex tasks, particularly when data is unilateral or there is class imbal-
ance. Further improvements are needed, especially in the continuous classification
scenario, to enhance accuracy and consistency. These advancements could signif-
icantly aid healthcare professionals in evaluating prescribed treatments and medi-
cation dosages, potentially reducing reliance on trial-and-error approaches. Future
work should focus on exploring optimal window sizes for classification and real-time
activity analysis to assess the effectiveness of therapies for PD and ET, deepening the
understanding of tremor-related patterns and improving classification algorithms.
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Appendix A: Legal and Ethical
Assessment

This research project explores the classification of ADLs using wearable inertial sen-
sors to enhance tremor assessment in patients with PD and ET. Given the involve-
ment of biometric data collected through accelerometers and gyroscopes, compliance
with data protection and Al regulations is crucial. Although the system is developed
for research purposes and is not currently subject to commercial regulatory frame-
works, a legal and ethical assessment is conducted in this appendix.

Legal Classification and Risk Categorisation

The Al system in this project could be classified as a high-risk system under the
European Union Al Act if commercialized, due to its potential impact on health and
well-being. High-risk Al systems are subject to strict regulatory obligations, includ-
ing algorithmic transparency, comprehensive risk management, data traceability,
and technical documentation. Additionally, under the EU Medical Device Regula-
tion (MDR), the system could be considered a medical device, requiring certification
and post-market surveillance.

The classification of this system also depends on its intended use. If employed solely
as a research tool without clinical decision-making implications, it could be consid-
ered a limited-risk Al system, with transparency obligations but fewer regulatory con-
straints. In any case, compliance with relevant legal frameworks would be essential
to ensure ethical deployment and avoid potential liabilities.

Data Protection and Privacy Compliance

Since the system relies on personal and biometric data, adherence to the General
Data Protection Regulation (GDPR) is paramount. Before data collection, explicit
informed consent was obtained from all participants. They were clearly informed
about the nature of the collected data, its purpose, and their rights under GDPR,
including access, rectification, erasure, restriction, objection, and portability.

If commercialized, additional privacy measures would be required. These would in-
clude implementing robust anonymization or pseudonymization techniques, defining
security protocols for data breaches, and appointing a Data Protection Officer (DPO).
A Data Protection Impact Assessment (DPIA) should also be conducted to evaluate
potential risks and mitigation strategies.
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Bias, Fairness, and System Limitations

The dataset used in this study originates from real-world inertial sensor recordings,
along with a small complementary dataset. To mitigate biases, an analysis of the
dataset distribution was performed before model development. However, certain de-
mographic groups may be underrepresented, potentially impacting model generaliz-
ability. For example, there is a significant bias toward younger and healthier partici-
pants compared to elderly tremor patients. Additionally, there is a gender imbalance,
with more male than female participants. These underrepresented groups might ex-
hibit different movement patterns that are not adequately captured in the dataset.

Beyond population biases, technical limitations should be considered. The models
are trained using specific movement patterns, which may not generalize to unob-
served activities. Additionally, errors in classification could lead to misinterpretations
in tremor severity assessment. If the system were integrated into healthcare work-
flows, human oversight would be necessary to prevent automation bias and ensure
that clinical decisions remain under human supervision.

Trustworthiness and Compliance with Ethical AI Guidelines

To ensure a reliable Al system, this project aligns with the European Commission’s
ALTAI (Assessment List for Trustworthy Artificial Intelligence) framework. The system
adheres to seven key principles: human oversight, ensuring that clinical profession-
als remain in control of decision-making; technical robustness, with model validation
to minimise errors and ensure reliability; privacy protection, safeguarding personal
data integrity in compliance with GDPR; transparency, documenting and disclosing
the system’s functionality and limitations; fairness, conducting bias analysis to en-
sure equitable model performance; social and environmental impact, evaluating the
potential consequences of the system on healthcare; and accountability, maintaining
records of system behaviour for auditability and compliance.

Final Considerations

Overall, this research project integrates legal and ethical principles to foster respon-
sible Al development in healthcare. While the system is currently designed for re-
search purposes, potential commercialization would require compliance with strict
legal standards, particularly under the EU Al Act, GDPR, and MDR. Addressing these
considerations ensures not only regulatory compliance but also the development of a
transparent, reliable, and ethically responsible Al-driven tremor assessment system.

56



	Introduction
	State of the Art
	The Role of Daily Activity Recognition in Healthcare
	Challenges in Tremor Assessment

	Wearable Sensor Technology for Tremor Monitoring
	Activity Classification
	Machine Learning Based Activity Classification Techniques
	Deep Learning Based Activity Classification Techniques

	Publicly Available Datasets

	Theoretical Foundations
	Sensor Based Activity Classification
	Data Collection
	Preprocessing
	Segmentation
	Features

	Limitations of Activity Classification

	Methodology
	Subject recruitment
	Data collection
	Segmented setting
	Additional Dataset

	Continuous setting

	Dataset Description
	Data Processing
	Window Design
	Feature Subset Selection

	Daily Activity Classification
	Segmented Setting Classification
	Algorithm Design
	ML CLassifiers
	Random Forest
	Support Vector Machine
	Extreme Gradient Boosting


	Continuous Setting Classification
	Machine Learning Approach
	Segmentation
	Algorithm Design
	ML Classifiers

	Deep Learning Approach
	DL Architectures




	Results and Discussion
	Segmented Setting Classification
	Continuous Setting Classification
	ML Approach
	DL Approach


	Conclusions and Future Work
	Limitations and Future Work

	Bibliography
	Appendix

