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ABSTRACT

There is a significant number of work pressures that promote the incidence of mus-
culoskeletal disorders in industrial environments. As, unfortunately, many workplace
conditions are subject to these biomechanical hazards, this has become an extensively
common health disorder. To properly adjust intervention strategies, an ergonomic assess-
ment through surveillance measurements is required. However, most measurements still
depend on subjective assessment tools like self-reporting and expert observation.

The ideal approach for this scenario would be to use direct measurements that use
sensors to retrieve more precise/accurate information of how workers interact with their
work environment. Following this approach, one of the major constraints would be that
a systematic retrieval of data from a labor environment would require a tiresome process
of analysis and manual annotation, deviating resources and requiring data analysts.

Hence, this work proposes an unsupervised methodology able to automatically anno-
tate relevant events from direct acquisitions, with the final intent of promoting this type
of analysis. The event detection methodology proposes to detect three different event
types: 1) work period transition; 2) work cycle transition; and 3) sub-sequence matching
by query. To achieve this, the multivariate time series are represented as a Self-Similarity
matrix built with the features extracted. This matrix is analysed for each event needed to
be searched.

The results were successful in the segmentation of Active and Non-active working
periods and in the detection of points of transition between repetitive human motions,
i.e. work cycles. A method of search-by-example is also presented, being that it allows for
the user to detect specific motions of interest. Although this method could still be further
optimized in future work, this approach has a very promising prospect as it proposes
a strategy of similarity analysis that has not yet been deeply explored in the context of
ergonomic acquisition. These advances are also significant given that the summarization

of ergonomic data is still a subject in expansion.
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REsumMmo

Num contexto industrial, sao varias as tensoes que promovem a incidéncia de disturbios
musculosqueléticos. Uma vez que a maioria das condi¢oes laborais estao sujeitas a estas
propensoes do foro biomecanico, os disturbios musculosqueléticos tornaram-se patologias
amplamente diagnosticadas na populagao ativa. Para desenhar estratégias de intervengao
eficientes, é necessario proceder a uma avaliacao ergondmica baseada em metododologias
de vigilancia. Nao obstante o reconhecimento desta necessidade, a maioria das medidas
ainda depende de ferramentas subjetivas como a auto-avaliacao e a observagao externa
por parte de especialistas.

A abordagem preferencial para esta problematica passaria pela aplicacao de medicoes
diretas que recorressem a sensores com vista a extrair informacao exata e fidedigna do
ambiente laboral. Uma das maiores limita¢oes deste leque de solugdes consiste no facto
de um sistema de recolha de dados neste ambiente implicar um processo exaustivo de
analise e anota¢ao manual, o que consome recursos e requer os servicos de analistas de
dados.

Assim, este trabalho propoe uma metodologia capaz de anotar automaticamente even-
tos relevantes provenientes de aquisi¢oes diretas, com o objetivo final de promover este
tipo de analises mais eficientes. A metodologia de detecao de eventos proposta foca-se em
trés diferentes tipos de eventos: 1) transi¢oes entre tarefas; 2) transi¢Oes entre ciclos de tra-
balho; e 3) procura de movimentos-exemplo em amostras segmentadas. Para concretizar
este trabalho, realizou-se um estudo de matrizes de auto-semelhanca.

Os resultados provaram-se, na sua maioria, bem-sucedidos no caso da segmentagao de
periodos Ativos e Nao-ativos e na detegao de momentos de transi¢ao entre movimentos
repetitivos, isto é, ciclos de trabalho. E ainda apresentado um método de procura-por-
exemplo que permite ao utilizador detetar movimentos-exemplo do seu interesse. Embora
este método possa ainda ser otimizado em trabalhos futuros, reflete uma abordagem
promissora uma vez que propOe uma estratégia de analise de similaridade que nao foi
ainda especialmente explorada no contexto dos estudos ergonémicos. Estes avangos sao
ainda significantes na perspetiva de que a sumarizagao de dados ergonémicos é uma linha

de investigagao ainda em expansao.
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CHAPTER

INTRODUCTION

1.1 Context

Currently, industrial environments have been increasingly promoting the investment
and inclusion of state of the art technology as well as data analysis techniques to improve,
automate and optimize processes. This not only includes processes for the improvement
of productivity but also for the improvement of workers” health and well-being. The
latter topic has an increasing relevance since such processes promote the prevention of

occupational disorders and their future implications.

1.1.1 Occupational Medical Health

Occupational Medicine is the branch of medicine that focuses on people’s interaction
over their work environment and how it affects their health. It consequently requires
the expertise of multiple medical specialities to investigate possible physical or chemical
stresses imposed over workers[1, 2]. Additionally, it’s important to highlight that this
health discipline is intrinsically linked with the subject of preventive medicine, being
considered by the American Board of Preventive Medicine (ABPM) one of its primary
specialties[3]. The focus on prevention in the workplace, especially primary prevention,
has received more attention in recent times, thanks to a large sum of studies that have
proven its economic benefits through positive analysis into cost-efficiency, cost-benefits
and cost-effectiveness [4]. This given attention is also on the account of various political
and medical efforts to ensure healthy labour environments, which have come as far back as
1950, with the Joint International Labor Organization (ILO)/World Health Organization
(WHO) Committee on Occupational Health[4], and with the most recent development
being the Global Plan of Action on Workers Health[5].

1



CHAPTER 1. INTRODUCTION

The medical branch of occupational health tends to tackle a wide variety of work-
place exposures like chemical or radiation toxins in the workplace, which consequently
may lead to various health concerns such as lung, renal, hematologic, neurologic and
gastrointestinal disorders, as well as cancer. We will nonetheless concentrate on muscu-
loskeletal disorders (MSD), another serious concern of occupational medicine which is
mostly resultant from physical (biomechanical) stresses induced in the workplace. [6, 7].

1.1.2 Musculoskeletal Disorders

MSD are a broad variety of health conditions that affect the locomotor system, also
named the musculoskeletal system. This organ system is responsible for the movement
and stability of the human body, being composed, by the skeletal and muscular systems,
but also by connective tissues: like cartilage, ligaments and tendons. In the International
Classification of Diseases (ICD), MSDs compose an entire chapter that lists over 150
diagnoses. These conditions may vary in intensity and duration but being overall char-
acterized by pain and a reduction of people’s mobility, with some of the more common
conditions including osteoarthritis, back and neck pain, fractures associated with bone
fragility, injuries and systemic inflammatory conditions such as rheumatoid arthritis [8].

The burden of impaired musculoskeletal health can be very deteriorating for indi-
vidual human lives. Pain and disability lead to the inability of performing daily life
activities[9, 10], which on its turn, precludes active participation in all types of social
activities and may seriously limit one’s work capabilities. Furthermore, pain and disabil-
ity may also lead to various types of comorbidities, which can be both physical and/or
mental conditions [11-13]. Beyond the health burden, there is also a significant economic
load, as health costs from MSDs can become very expensive[14, 15]. The sum of all these
afflictions, unfortunately makes MSDs a condition that can lead to a higher mortality rate,
while making comparisons with the general population[16-20].

This is an unfortunate condition that is extensively common and very widespread.
Globally, the best-provided estimation comes from the Global Burden of Disease (GBD)
studies. Where the latest recordings of 2019 pointing MSDs as the cause for 15.91%
(14.13% - 17.78% as it has 95% of uncertainty) of the total number of years lived with
disability (YLD)[21], with back pain, in specific, being the single greatest cause for a time
living with a disability since 1990[22]. Other conditions that are also described with
significantly high values of disability include neck pain, osteoarthritis and rheumatoid
arthritis[23]. Despite the significantly great values, this estimation is still greatly under-
estimated as injury, fracture, sprain or strain (other than hip fracture) are classified under
the injury category instead of MSDs.

Between 1990 to 2010 the MSDs value of daily activity life years (DALY) has increased
about 60% in developing countries. This trend is due mostly to the rapid demographic
shift, which has seen rapid growth and ageing of its population. Adding to that, higher

rates of obesity, physical demanding work in subsistence communities, the extension of
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urban areas and industrial growth has also contributed to the prevalence of MSDs in low
and middle-income countries. Unlike higher-income countries, where such demographic
changes have occurred gradually, developing populations have been presented with a
too rapid transition, which made them especially susceptible to these conditions[24]. In
the United States of America (USA) and European Union (EU), where multiple surveys
regarding the health of its population are made, more precise information can be obtained.
In the case of the USA, about 50.1% of the adult population (124.6 million people age
18 years and older) self reported one or more conditions of MSDs, in 2015. During 2014
the total direct and indirect costs reached about $980.1 billion, which is about 5.76% of
its GDP [14]. In Europe, about three fifths (60.1%) of people reporting for work-related
health problems had MSDs[25]. Despite not existing any summarized costs for MSDs
from all of Europe, the total cost of only rheumatoid arthritis has reached €45.3 million,
with the estimated annual average health cost, per patient, being approximately €13.4
thousand[26].

1.1.3 Occupational Exposure

Concerning the epidemiological protocols on the prevention of disorders, there is an
important focus given over identifying the possible causes of the condition, as well as

providing quantitative measures over risk exposure[27].

MSDs is, after all, a term that describes a broad range of conditions. As such, to
distinguish the variety of possible causes of these disorders, some essays have grouped
them into some generic categorizations. In this sense, there are 2 types of MSDs: 1) the
acute ones, being usually caused by some type of non-fatal accident, which can become
disabling or completely recoverable depending, of course, on the gravity of the incident
(e.g. muscle fiber rupturing, as a result of heavy lifting); or 2) the chronic ones, being
usually caused by a repetitive and persistent source of physical stress, which might be
very light but it’s additive effect over time, eventually, causes disabling consequences
(e.g. tendon inflammation). This last definition of MSDs is sometimes also described as
cumulative trauma disorders or repetitive strain injuries. Additionally, MSDs can also
be vaguely classified into 1) initial somatically caused, as some conditions are most of
the times caused by a specific origin strain (e.g.carpal tunnel syndrome, caused repetitive

wrist movement, or having frequently a flexed wrist) or 2) unspecific trigger cause.

The focus of the present thesis will be on work-related musculoskeletal disorders
(WMSDs). This is, MSDs which are induced or aggravated by work and the circumstances
of its performance[23]. The work environment is a great contributor to MSDs[28], with
the added advantage of being also a controlled environment that can be adapted towards

health policies concentrated on primary prevention.

The main physical (biomechanical) risk factors that promote WMSDs include the
performance of tasks which may be:
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1. more strength intense (intensity), especially if they are being applied during long

consecutive periods (duration)
2. tasks applied on a periodic repetitive motion (frequency), with little time of rest

3. poor posture (e.g. unfavourable handling of devices, awkward joint posture, or

prolonged restrictive position)

4. application of vibration, which may also lead to another serious condition called
vibration white finger.[29, 30]

Beyond biomechanical risk hazards, there are also other concerns to take into account,
as is the case of 1) individual and 2) psychosocial factors. Individual factors refers to
intrinsic health consideration that might make a person more susceptible to MSDs, these
may include age[31, 32], one’s gender (with the variations depending on specific condi-
tions, although women are more commonly disabled by MSDs than men)[31, 33], prior
medical condition (smoking[34-36], alcohol consumption[37, 38], obesity[39-41]), and
genetic predisposition[42]. In contrast, psychosocial factors concern the organization and
social support systems existing in the workplace, some examples include job variety, job
identity, workload and time pressure[43, 44].

MSDs can be seen as the body’s response to a misfitting between the load to which
a worker is exposed and its capacity. As such, interventions over WMSDs need to either
diminish the exposure to those external loads or to enhance the workforce’s capacity. The
literature on the subject has pointed measures like engineering redesign, changes in work
methods, administrative controls, training, organized exercise, work hardening, personal
protective equipment, and medical management to reduce exposure[43, 44].

The discipline of ergonomics is concerned with the study of the interaction between
humans and their working environment, promoting that work and workers are in a sym-
biotic relationship, such that it optimizes both work production and worker’s safety[45].
As such, the subject of ergonomics in this context takes a central role as almost every pro-
posed intervention in the literature needs to consider some of its principles. In practice,
this usually involves tailoring each workplace intervention towards specific problems
where it’s required to study the individual worker and the specific work environment.
Moreover, it also calls for recurrent evaluations over time, to understand if the imple-
mented intervention is still effective in a changing work environment and if it becomes
necessary to propose new intervention methods. As such, surveillance and job analysis
become essential in this subject, as when regarding WMSDs it’s impossible to tailor a "one

size fits all"approach to every work situation. [43]

1.1.4 Measures of Workplace Exposure

As previously mentioned, it is very important to evaluate each individual

job-environment relationship to project a proper intervention. In this sense, there have
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been developed several ergonomic occupational exposure assessments, falling mostly into
three main categories, which differ from each other by their method of data acquisition.
These are listed in the following order, by their increased precision and invasiveness on
the work performance.

1. Self-report from workers
2. Observational methods (with both screening tools and Video-based)

3. Direct Measurements

The self-reporting protocol enables workers to individually provide the data about
their personal work experience. This can be achieved by means of questionnaires, diaries,
personal interviews or checklist surveys so that they might be further evaluated by experts.
Some common examples include the Nordic Musculoskeletal Questionnaire [46, 47], or
the various checklists from National Institute for Occupational Safety and Health[47].
This methodology has firstly the advantage of allowing the possibility to acquire data
that would otherwise be impossible to know. This may include information about their
past work experiences, as well as individual and psychosocial related data. Moreover, it
is usually considered a straightforward, low-cost and versatile tool, which can be applied
to a large number of workers.[43, 48, 49] Nevertheless, due to its subjective nature, it can
be a flawed system, as workers perception of their symptoms has proven to be imprecise
or even totally unreliable[50, 51].

The observational techniques consist of visual surveillance of the work routine by
trained experts. The most conventional systems usually retrieve their metrics from pre-
designed ergonomic risk assessment sheets. Some examples include: Ovako Working
Posture Analysis System (OWAS)[52], Rapid Upper Limb Assessment (RULA)[53], Rapid
Entire Body Assessment (REBA)[54], Ergonomic Assessment Work-Sheet (EAWS)[55],
Strain Index (SI)[56]. This methodology, like the previous one, has the advantage of
being an inexpensive option, which can be applied in various workplace contexts and has
a minimum disturbance effect in the workers’ activities. Nonetheless, the score based risk
evaluation system is not completely precise, leaving yet space for incorrect measurements.
The greatest issue of this methodology is its subjectivity as it is subject to intra- and inter-
observer variability, being considered more suitable for static and/or repetitive jobs[57].
Moreover, the metrics are based on global indicators that do not fit or take into account
the variability of characteristics among the working population, namely anthropometric
variation, age, working experience, among others. Beyond this subjectivity related with
the analyser and subjects analysed, there is still an issue when yielding only a single score
to represent the ergonomic risk of a workstation as it is insufficient to properly explain
all risk factors. In addition, although costs are reduced for this kind of assessment, it
requires that ergonomic experts spend a considerable amount of time performing visual

assessments.
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As a response to these limitations, more complex observational techniques may resort
to video surveillance to acquire more objective results. This type of approach usually
is assisted by software systems, to facilitate the retrieval of specific information. The
unfortunate disadvantage of this video-based approach regards the substantial costs of
this system as well as the need to have extensive technical support.

The final option of direct measurements, proposes the use of new technologies to
retrieve more precise/accurate information from the work environment. This is made
through the usage of sensors usually attached to specific subjects performing work rou-
tines (this will also be extensively detailed in the next chapter). Direct measurements
systems, depending on the sensors, provide information about the repetition, force, pos-
ture and vibration stressed upon a worker, usually by electrophysiological data or by a
biomechanical model. Instead of completely replacing expert observation, it can be used
as a support system from where can later be applied ergonomic assessments from spe-
cialists, much like the video-based approaches. The limitations of this framework regard
the greater costs for its implementations and the narrow success that it had in a practical
environment, being most successful in controlled simulated laboratories. Nonetheless, it

provides a solution to counteract the limitations of the previous assessment method.

1.1.5 Overall

The work environment has become a place where people spent a lot of their life-
time[58-60], as such, while designing these places in a well-developed and technological
structure, it’s essential to ensure a level of health quality, as well as the investment over
research and monitorization effort towards the minimization of all health stressors. MSDs
have revealed themselves as a health crisis with a great prevalence/incidence in both de-
veloped and developing countries and the capacity of seriously distorting people’s ability
to have a fulfilled and productive life. Ergonomics is an essential subject while discussing
which are the most relevant interventions. Despite the multitude of developed tech-
niques to properly support job analysis, the current techniques are still mostly supported

on subjective methods of self-reporting or expert observation.

1.2 Motivation

Given the previously explained context of a significant health problem largely unre-
solved but still very prevalent globally in various levels of society, this work will make
scientific contributions to the surveillance and measurement of risk factors in the work
environment. The algorithm which will be proposed in this work will be used to retrieve
relevant information from large manufacturing scenario data sets. More specifically, it
will resort to event detection methodologies to summarize the data and identify moments
of ergonomic relevance. The intended final purpose will be to facilitate data analysis, so

that directly retrieved data may become more accessible to ergonomic experts.
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The interest in developing algorithms to detect relevant knowledge from large datasets
automatically and preferably unsupervised is not unique to work manufacturing as the
modern data collection rate in various areas of society has made manual annotation by
humans too tiresome to be feasible. Other real-world scenarios like marketing, invest-
ment, fraud detection, telecommunications, and internet agents have also had significant
interests in the development of this type of tools[61]. This technological demand has
consequently led to the development of the field of Knowledge Discovery in Databases,
which in its most abstract concept, addresses this problem by mapping low-level data
of significant volume into other forms that may be more compact, more abstract in its
description, with the primary intent of retrieving useful information[61]. The focus of
this work will be to harness the developments made in this scientific field, specifically
in event detection and data mining, and apply it to this context of study, as there is still
some lacking research on the topic of event detection on work-related manufacturing
scenarios.

Event detection algorithms take advantage of various machine learning methodolo-
gies for the detection of relevant events for further pattern analysis. Not restringing itself
only to the ergonomic assessment of the workspace, event pattern detection targets vari-
ous applications, such as supply chain management for Radio Frequency Identification
(RFI) tagged products, real-time stock trading, monitoring of large computing systems
to detect malfunctioning or attacks, and monitoring of sensor networks for surveillance
purposes[62].

Tasks like change point detection, motif identification, and search by example/query
have revealed themselves helpful in solving various problems. By analyzing simple dy-
namic behaviors of periodicity or recurrence, they can also retrieve a lot of information
about what is happening during the acquisition. Under a health concern, anomaly de-
tection has been used to make early detection of critical health episodes[63], while motif
discovery was used in multidimensional data to facilitate the process of monitorization
and to assist the analysis as a conformity indicator[64, 65]. The difficulty related to de-
signing an algorithm of event detection is very linked with the quality of the data, as well
as the subjectivity of the event specification. Problems with events of interest that are
not well understood or that involve some level of irregularities will require detection pro-
cesses with a high level of specification, as its definition is considerably hard. However,
this may lead to another difficulty because if the methodology becomes very overfitted for
a set of trained scenarios, the proposed solution will unlikely be suitable for the detection
of other event types in other acquisition settings. This means that the methodology will
require a certain level of subject independence as well.

In the occupational context, events are related to relevant moments during the work-
ing period. These events can be associated with periodic working tasks, anomalies during
the working period, or specific instances of the working cycle that require special con-
cerns. In that sense, the proposed work will provide solutions to detect three main types

of events:
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* Work Period Transitions - A working day is not composed of active working during
all the time. Workers in manufacturing need to occasionally interact with each other
or wait for the next assembly section, and these will also be reflected in the direct
acquisition of data from the assembly line. By detecting transition between different
types of motion, it is possible to segment from the larger database the motion made
in different workstations, the active working period, or alternatively the non-active

working periods.

Advantages: The identification of events that indicate the separation between mo-
ments of active working and non-active working will allow a more clean dataset for
the ergonomist specialists to work with by focusing only on the interesting temporal
interval. Furthermore, by separating different workstations motions, it is possible
to analyze the work strains in a specific workstation in isolation or by comparing

different workstations.

* Work Cycle Transitions - If we assume that the data being analyzed presents a
periodic behavior, we can further divide working periods into sections of work
cycles. This assumption is possible in this working context as it is composed of
short activities that are recurrently performed. Then, the detection of this event

type will try to identify the frontiers between these periodic work motions.

Advantages: It allows for an ergonomic analysis over a single motif to generalize the
entire work period when the subject is on the same workstation. This is commonly
made in the observational methodologies, where single postures (usually the ones
that present more considerable ergonomic strains) are analyzed to assess the entire
working performance[66]. Conversely, it also facilitates a comparison between the
different work cycles over the entire working period to understand if the ergonomic

risk changes considerably over the extension of the working period.

* Sub segment example search: The last events this work will study are the identifica-
tion of specific previously predefined motion postures in a working cycle by means

of a query example.

Advantages: This targets a more interactive methodology and has the advantage of
studying the risk of specific segments of the working cycle, as well as understanding
how these segments change in behavior, dynamics, and risk factors over the entire

working period.

In summary, this thesis will try to add a novel proposal for detecting events in an
ergonomic context. Occupational medicine has great importance in the quality of life of
the larger part of society. This work will intend to tackle the lack of studies proposed
towards the annotation of significant events in a work-related context, a relevant assist for
the analysis of larger data. Moreover, if the intent is to make this type of data accessible,

especially to experts of this field, the data needs to be translated into a higher dimension,
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more compatible with the terminology used in ergonomy. To solve these requirements,
this thesis will focus on detecting three different types of events that try to first structure

the entire working period acquisition.

1.3 Objectives

The main objective of this work will be the development of a non-supervised algorithm
that identifies different events on time series data in an efficient matter. This method is
supposed to be applicable to data directly retrieved by means of inertial sensors in a
working manufacturing environment. These are the minimum practical circumstances
in which the present algorithm needs to be valid. Adding to that, the algorithm will also
need to demonstrate a set of important characteristics to be an accessible alternative to
be used. As such, the proposed algorithm will be developed taking into consideration the

following:

Agnostic to time series type: As the data acquired in occupational scenarios can be
of multiple types (motion, angular, electrophysiological), the algorithm should be fitted

to analyze all types of time series.

Multidimensionality: Time series datasets in occupational scenarios are multivariate,
and all dimensions contribute with relevant information. The algorithm should be able
to cope with multiple time series. Adding to that, as human motion is a complex system
that can be segmented in various ways depending on the interest of each motion, it is
useful for the returned values to be parameterized in the same way. This way, it allows
for the user to adjust the sensibility of the analysis procedure. As such, the methodology

needs to be able to use and return multidimensional structures of data efficiently.

Time-Efficiency: All this processing must be made in an acceptable time frame. Even
though the analysis will be done in an offline procedure, the amount of data can become
very extensive as a proper analysis may require taking into account various workers
performing different types of tasks along different periods. Moreover, working schedules
can be very long, and multiple time series may require to be analyzed simultaneously.
Despite these impositions, the algorithm is still required to be fast or at least to allow
processing in a reasonable amount of time so that it may be further extended into more

complex analysis contexts.

Interpretability: This algorithm will try to provide information that may facilitate the
access of data analysis to professionals, who may not have a computer science background,
like ergonomist technicians, but who nonetheless should have the means to work with the
direct retrieval of data to reach more accurate conclusions. This will transpire through
an analysis of the three types of events previously described in the motivation section 1.2,
which will create a structure to the data acquired in this acquisition context, and as such,

allow the analysis to be done over pre-segmented periods of interest.
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1.4 Structural Summary

The purpose of the current chapter was to focus on explaining the practical medical
context, along with the more theoretical computational context in which this work will
try to insert itself by explaining the context motivation and objectives of this thesis. The
main body of this thesis will be further divided into six different chapters of interest.

The chapter 2 "Theoretical Background"will further expand on the context of this
work by explaining concepts that are pre-required to understand the remaining thesis
properly. Subsequently, the chapter 3 "Literature Review"will give an overview of the
more current developments made in the scientific literature in the interest of this work.

The description of the algorithm, as well as the processes of testing its validity, will
be done in the chapters 4 "Database Descriptionand 5 "Methodology". The first will
describe the databases which were used and their acquisition setting. Then, the chapter
5 will explain what were the various event detection techniques used in this work, and
how they were fitted to the database described in chapter 4.

The results retrieved from the application of these various methodologies on the
described databases will be presented and then simultaneously discussed in the chapter 6
"Results and Discussion". After that point, the conclusions regarding this entire work will
be summarized in the last chapter 7 "Conclusions and Future Work". Also, in here, there
will be given some suggestions on how to further expand over the work of this thesis.

In the end, there will also be provided appendices to serve as support material for the

results and methodologies described over this thesis.
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CHAPTER

THEORETICAL BACKGROUND

A collection of observations made chronologically during some time are usually stored
in time series objects. It is then predictable that time series are vastly used in various
scientific circumstances, with multiple types of applications. In this chapter, the funda-
mentals of all necessary terms and concepts will be described. It will start by explaining
the definitions associated with (1) what represents a time series and further related defi-
nitions; (2) what is the definition of an event, the concept of event detection in time series
and how it can be seen as a data mining task for the pattern analysis, further including
a description of what are the typical methodologies usually used; and (3) the definition
of the SSM, what it is, what represents, and how can it be used for the detection of time

series’ events.

2.1 Time Series

This chapter will serve to define and explain some required terms about time series

definitions, and data mining techniques applied to time series.

Definition 2.1.1 (Univariate Time Series). A Time Series is an ordered sequence of n

real-valued variables, indexed by time.

X ={xt}tercz
, Or

X = (xy,0 %)

Under this definition x; is a point, or observation collected at a particular time t. Mean-
while, a subsequence is a smaller time series S = x,, X1, , Xp4 -1 Of length m <=n and

that starts in a position p € {1,---,n—m+ 1}, from a larger time series X.

11
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A time series is usually the result of an observation analysis made at uniformly spaced
time instants with a specific sampling rate. Otherwise, if not uniformly spaced, it requires
an array of length n, to label the time instance corresponding to each point observation

X;-

Definition 2.1.2 (Multivariate Time Series). A multivariate time series is an ordered array
of k sequences, each one with real-valued variables in its positions and all indexed by

time.

X = {x¢hreczr
, where
Xe = (X140 5 Xkt)

, or, because all the sequences have the same sampling rate and the same length size #, it

can be represented as

X111 X122 r Xip
X1 X322 tt Xop
XK1 Xk2  t Xkn

Multivariate time series are the result of k observation analysis occurring at the same
time, at specific sampling rates. One example could be the acquisition and storing of
multiple sensors that acquire physiological data from a human subject at the same time.
In here, x; is also a sample, or observation at time t, with the difference that instead of
being a real-valued variable, it is an array of length k. The same applies for the definition
of subsequences, which remains as S = Xpr Xpi1r " Xpim—1, withm<nandpell,---,n-

m+ 1}, however it adds k dimensions to the previously defined univariate subsequences.

Definition 2.1.3 (Time Series Database). A Time Series Database is an unordered set of

time series.

A database can contain multiple time series, either univariate or multivariate. More-
over, sample observations of different time series in the same position are not required to

correspond to the same time instances.

Definition 2.1.4 (Feature Matrix). Given a time series X with a length n and in the case of
being multivariate, also with dimension k, then a "representation"or "feature matrix"of X
is a model X that has extracted attributes about the time series, and usually has a different

dimension or volume of data, represented by n* and kx, respectively.

To obtain a Feature matrix, it is necessary to consider a specific feature retrieval

function F, such that
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E: Rnxk _)Rn*xk*
XX
This type of function is usually characterized by:

* Applying simultaneously a specific set of feature functions to X

Consider the example of three simple feature functions mean(), var(), and ptp(),
which return the mean, variation and peak to peak distance values, respectively.
All these functions take as input an array of values and return only a single value
number. Then, if it is also considered that F is composed by these three functions,
in that case, each one of these minor functions will be applied over the k dimensions

of the multivariate time series X.

To clarify the explanation, if the operation is described in its simpler form as

X = F(X)
then, reciprocally this means that

[mean(x!)]

std(x!)

mean(X) ptp(x')

X=| std(X) |= :

ptp(X) mean(x¥)

std(xK)
| ptp(x¥) |

This way, the value of k+ of the resulting X representation will be equal to the num-
ber of features in F (which in the case of this example were 3), times the dimension

k of the time series X.

* Being performed over a windowing function

The feature representation of a time series X is obtained by sliding a window over
the length of the time series X. For each window, a subsequence of the time series
is selected, and the F function is applied over it. Considering an example where
the time series X is divided into n* subsequences by a window function of constant
length L. These multivariate subsequences will be represented by (x1,x;,-+,%x,.),
and each one will have a fixed dimension of (L x k). Then, applying a function F, it

is equivalent to
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by also joining the conclusions retrieved in the previous point, then the final result

will be ] ]
mean(x%) mean(x%) - mean(x),)
std(xi) std(x%) - std(x))
pip(x})  ptp(x;) - ptp(xy)
mean(x’l‘) mean(x’ﬁ) mean(xﬁ*)
std(x’f) std(xg) o std(xK))
| ptp(xf)  ptp(x5) - ptp(xf) |

,where the symbols of x;, represent the dimension i of the subsequence j. This final
feature matrix X has the dimension of ( 1+xk+). The value of n+ will be dependent on
the length of the window L and, if used, on the overlap percentage of the windowing

process.

2.2 Time Series’ Events

As previously mentioned, this work will propose a technique to find and annotate
relevant instances within a large time series, which can provide useful information re-
garding an ergonomic analysis. This analysis will be general and unsupervised, and as
such, it will have the difficulty of analyzing long, complex, and multivariate time series
datasets without any previous assumptions.

The following chapter will first define what is an event in the field of time series data
mining, associating this definition with pattern analysis. This first part will conclude by
defining the events of interest for this work and explaining their selection. The second
half of this chapter will present the theoretical background of algorithms used for the
intent of event detection, with these being further divided into three tasks of importance
in the field of data mining. This final section will have the objective of introducing terms
of interest for this work while at the same time providing some state of art examples

regarding the topic of event detection in time series.

2.2.1 Event Definition

As it was briefly approached in Chapter 1.3, this work’s main purpose is the develop-
ment of an algorithm for event detection applied to the specific context of occupational

data and ergonomics.
An event is the state or change in state of the system under study

This definition of events comes from [67], and its intent was to link it with the process
of pattern analysis. Through this basic description of events, patterns could be defined as
a combination of events correlated over time[62]. Some easy to understand examples of

events that could be retrieved in biosignals include heartbeats, EMG onsets, or specifically
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directed thoughts from brain-computer interfaces (BCI) [68]. The search for these events
has to take into account the type of event as well as the dimensions of its search.

The subject of events has already been widely explored in literature, by focusing on
various social settings, much progress has been made in the development of event driven
architecture systems and detection methodologies for events specific to each contextual
problem. Events are, in various social fields, a well established tool to describe and
analyze data. The existence of event driven architecture systems allows for tools which
may detect (usually by means of a query language), process and act upon events. These
have already existed for decades being initially targeted towards the field of military
command and control systems and SCADA (supervisory control and data acquisition)
systems, with more recent decades having seen a shift towards the investment by way of
companies.[69, 70]

The focus of this thesis will be on the actual process of detection, developing a method-
ology able to find the predefined events of interest, with recourse to machine learning
methodologies. Machine Learning has already been proved as a valid way to tackle the
task of event detection. With this said, there are usually some particular issues of event
detection, which are very contrary to the standard machine learning algorithms. As for
starters, the events of interest typically are just a minuscule fraction of the data, which
introduces a class imbalance problem. Moreover, the data is not normally sufficient, es-
pecially for detecting anomalous events of interest, which means that there is usually
required previous information regarding the domain being analyzed. This means that if
an algorithm is applied under a different context, the algorithm may require to be signif-
icantly re-engineered. These will be issues which will be present tougouy the work and
will try to be minimized as much as possible to try to create a tool that requires as little
information regarding the dataset, with as little optimization interventions as possible by
the user. [71]

With this said, an event, as seen by the definition of [67] which was presented at
the beginning of this section, is a subjective event that will depend on the database used
and on the interest of the analyzer. To further specify an event in a more objective, it is
necessary also to refer how and where the search processes will be applied. This can be

done in several ways, with the three main points being:

1. Search Dimensionality: This point is, of course, only pertinent for multivariate time
series. With this said, events do not necessarily occur globally in all dimensions
of a time series, as such, the analysis has the option of taking into consideration
only one (uni-signal), some, or all the dimensions (multi-signal) of that time serie.
Considering the analysis of EMG signals retrieved from multiple muscles of the
arm, and with each acquisition being represented in different dimensions. During
hand movement, the consideration of the biceps brachii and of the triceps brachii,
are useless for the analysis, worst, they might be providing noise associated with

detached movements.
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2. Search Window: The temporal length of the window function at which events are

searched is relevant, as different events will be observed depending on the time
scale of the search. For instance, consider the human visual analysis of an ECG
signal. If we consider a signal with 2 hours, we will be able to see events related
with global fluctuations with time during this 2 hours period, but when zooming
in, we would be able to find events that are related to the QRS complex (if in a time
scale of around 10 seconds). As such, the analysis may be on a single specified time

length or over (uni-scale) or along multiple time scales (multi-scale)

. Search Domain: As time series can be converted into other domains, so can events,
and instead of these being detected and represented only by a time stamp, they
will also be defined by the other domain of concern. This, naturally, can be made
in immense different ways as there are multiple methods of feature representation.
However, excluding the standard time domain, two common domains of analysis

would be amplitude and frequency.

This process is further schematized in figure 2.1

Search
Dimensionality

AP (2] o -

—— Search Window

Uni-signal Uni-scale Time Frequency
®
Multi-signal Multi-scale Amplitude Feature

Figure 2.1: Schematic representation of the different types of search which can be made

for event detection

Considering the aforementioned definitions found in the literature for what repre-

sents an event, we are able to associate it with the type of events that are searched in

this context. The search will be over multiple dimensions, uni-scale, and be applied in

a multivariate feature domain. Based on what was mentioned in Chapter 1, the events

that will be searched will need to follow different strategies of search for detection of the

different types of events.
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* Work Period Transition

Events which describe points of transition between different work activities.

Labor context acquisitions, as a rule, do not return uniform signals. Instead, they
usually represent multiple sequences of time periods with consistent behaviors, but
still all very diverse between themselves, depending on the motion being performed.
For example, the case of a manufacturing context as the one which will be analyzed
in this thesis has to consider periods of repetitive work in different work stations
and inactive middle periods of rest. As the repetitive tasks create a signal with
periodic pattern structures, changes occurring in these patterns can be seen as
breaks in the natural behavior of that work, and consequently, as possible transition
to another motion state with a different pattern behavior. By detecting the changes
occurring in a constant dynamic behavior, it is expected that the entire signal can
be structured into smaller motion states which represent the type of motion being

performed.

* Work Cycle Transition
Events that describe points of transition between the work cycle motion of a given
active period.
As mentioned in the previous task, active working periods are composed of working
cycles that are repetitive in nature. By only focusing on the section of the signal
where these work cycle structures are occurring periodically, then it is expected that
by looking for structures which are considerably similar with themselves, it will be

possible to detect the transition points between these work cycles.

* Sub-segment Example Search
Events that describe points occurrences where a pre-specified motion happens.
These events are associated with an example provided by the user, and to be found

require an insistent search over the various subsequences of the time serie

2.2.2 Event Detection Methodologies

Various fields have offered methodologies for event detection, with them usually fit-
ting on the label of traditional methodologies of Data Mining (DM), despite some adap-
tations for the requirements of the contextual problem. This makes sense as DM is very
related with the notion of finding useful patterns within large amounts of data and the
definition of events, was initially referred as a way to denote patterns, by decomposing
them in smaller constituent characteristics. In a formal description, DM is a field of
computer science that uses expertises from artificial Intelligence and statistics, with the
purpose of retrieving meaningful knowledge from large databases [1]. DM has also be-
come one of the most well known and revised of these terms, being used by statisticians,
data analysts, the management information systems communities and being popularized

in the fields of artificial intelligence and machine learning[61]. A better understanding of
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the relationship between these two subjects is that event detection can be seen as a multi
task approach of data mining, which usually tends to englobe more traditional tasks, like
change point detection, motif identification and search by query, between others. As
such it’s relevant to understand and study the vast literature on the subject of DM to
better understand what methodologies can be harnessed towards our intended objective
of event detection.

The literature regarding the process of event detection in time series is fairly consis-
tent and describes the existence of two diferent event types [72, 73], differentiated by
their detection methodology:

* change point events. Events which represent an instant point where there was
a sudden and significant change in the properties of the time serie. These points
samples may represent a change in the dynamic state of the signal, or the application
of an instant operation in the examined system. The event type 1 (work period

transitions), will fall under this description

* similarity based events. Event which represents an instant points where an pre-
defined signal complex is repeated in the signal. Unlike the previous point, this is
more focused on identifying time instants with greater similarity, either to prede-
fined queries or examples, being an event type commonly related with the field of
pattern matching. Under this description there will be explained the two remaining
events of type 3 (Sub Segment Event Search) and type 2 (Work Period Transitions).
The strategy for these last two types of events differs considerably. Both event types
do search for the time instants of greater similarity, but while the type 3 event (Sub
Segment Event Search) compares the subsegments of the time serie with a specific
model example, the type 2 event compares all the subsegments of the time serie
with themselves to highlight motifs of interest. These events intersect with the

disciplines of search-by-example/query and motif identification, respectively.

Because in the start of the proposed work the computing was not narrowed to any
specific computer methodology, and there is a vast and varied literature on the subject of
event detection, it was necessary an extensive component of literature research and exper-
imentation of various techniques before actually compromising with a specific path. In
this regard, the following chapter will serve to give an overall description of the standard
procedures to really find these events. As this is a large subject, only some highlights will
be provided. The structure of the following section will be divided in two, according to

the event definition previously introduced.

2.2.2.1 Change Point Events

Change points are abrupt variations in the time series data, representing a transition
between states where the properties of the time series change in a significant way([74].

Multiple methods able to solve CP problem have been harnessed for the objective of event
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detection in general. The most common approaches use statistical tools like the maximum
likelihood function [75-78], where the principle follows that if sub sequences separated
by a change point will have probability distributions significantly different, and through
monitoring the logarithm of the likelihood ratio between two consecutive intervals, these
events can be identified. Another popular method is the fitting of distribution models
like Poisson model[79], Bayesian Model[80] or other methods, such as Monte Carlo[81],
to determine events of interest. Most of these methods follow the principle that if a time
series belongs to a certain state, then it follows a specific statistical model, and in the time
instants where that rule is less stable, there is a greater probability of existing a change
point that divides the time series into two separate states[74]. Adding to this, genetic
algorithms[73], clustering and graph based methodologies are also found to be used for
this purpose [82].

These are all unsupervised methodologies of greater interest for this dissertation,
notwithstanding there is also a significant amount of work on supervised approaches
of change point detection. Supervised methodologies can be divided into 2 strategies,
depending whether it makes a binary or a multi-class classification[74]. In the case of a
binary classification, the objective is to identify the time instants of transition between
states, using methods like Support vector machines[83, 84], logistic regression[83], Ad-
aBoost[83], decision tree[83] or random Forest[85]. On the other hand, multi-class classi-
fiers have all interesting states specified, considering each separation between consequent
states as a change point. This technique has a much wider literature on the subject being

mostly related with the fields of classification, segmentation and summarization.

2.2.2.2 Similarity-based Events

As already mentioned, the interest of this work will insist on the process of motif
identification and Search-by-example. Both these methodologies involve assessing the
similarity between subsegments of time and the remaining time series. Where they differ
is that Search-by-example compares a specific subsequence selected as an example with
the remaining time series under analysis, with the final objective of understanding when
and if a specific dynamic behaviour happens. However, Motif identification will compare
all the subsequences present in a time series with themselves, with the final objective
of highlighting which of these subsequences present a significant prevalence within the
signal. Both of these methodologies can be very useful to analyse the recurrence behaviour
of a time series.

Both of these types of similarity based events follow a procedure with the steps of
“data representation” and “similarity measurement”, being very crucial for the well per-
formance of the algorithm. Data representation underline the transformation of the raw
data into a different domain of features. This process has the advantages of turning the
data into an higher level of abstraction, which might be more relevant for the process

of detection, and of enhancing the speed of processing of the algorithm. With the most
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commonly used in motif identification being symbolic aggregate approximation (SAX),
discrete fourier transformation (DFT) and Random Projection [86], meanwhile Search-
by-query algorithms tend to focus on DFT, and SAX as well, but also on discrete wavelet
transformation (DWT)[87], DWT (more precisely Haar wavelet[88]), single value decom-
position (SVD) and discrete cosine transformation (DCT)[89]. Regarding the similarity
measurement, this will always need to be defined in these types of algorithms as it is
essential for the comparison of the various segments. Some of the most used similarity
measures used in both algorithms are Euclidean distance, correlation coefficient and dy-
namic time warping (DTW) [86, 90]. In the case of comparing strings due to a symbolic

representation of the data, Edit distance can also be used[91].

The term motif originally came from the field of genetics, with a DNA motif being
considered a nucleic acid sequence pattern with some sort of genetic significance, being
usually fairly short and known by recurring in different genes or several times within the
same gene [92]. In resemblance with this description, motifs in a temporal database are
defined as approximately similar subsequences, which tend to also be repeated within a
larger time series. These patterns usually carry important information about the dynamic
behaviour of that time series, being events of great importance.The case for motifs in
time series was introduced only in 2002 by the work of [93, 94] which did propose an
identification methodology for k-frequent type motifs. This method tries to identify
which candidate segment has the most number of neighbours within an R threshold
of similarity by reducing the data through the use of SAX and then by comparing the
resulting data with Euclidean distance metric with recourse to a MINDSIST function.
As this methodology has a high time complexity, the work in [95] surged to answer this
problem of poor scalability by introducing the use of random projection in time series,
resulting in equally good results with a significantly smaller time demand. Another
important contribution came from [96] which proposed an algorithm of detection of
exact motifs, with the use of early abandonment to optimize the performance of the

algorithm for large amounts of data.

Query by content or indexing is a data mining task, which, within the interest of
this work, is the process of finding a set of subsequences within a time series that are
more similar to a query or example provided by the user. This might be one of the most
active areas of research in time series data mining, as it is also the oldest theme to be
explored in this context. The paper of [87] is usually pointed as the research which laid
the foundations for this type of techniques applied on time series [87, 97]. In this process,
the data was firstly reduced using the discrete Fourier transform(DFT). Later, an a R*-
tree was constructed as an indexing structure to retrieve the sequences that were at most
of a threshold distance to the query sequence, then in a post processing step, false hits
were removed by computing the euclidean distance within the time domain. Advances

in research studies also tried to further optimize this methodology [98].
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2.3 Self Similarity matrix

Within the previous section 2.2 there were very briefly summarized several classical
approaches used for the problem of event detection. Despite the wide literature on
this subject, the greatest difficulty relates with trying to unify the processing in some
consistent methodology. As the intent in practice will be to try to detect three different
types of events, there is an interest in providing a methodology relatively similar for all
of them to optimize the entire process. As seen in the preceding section 2.2, there is a
great significance over studying the degree of similarity within subsequences of the same
time series. As such, this work opted for a study based on self similarity matrices.

A self similarity matrix is a graphical representation of the similarity between each

data point and all the other points in the rest of the same time series.

Definition 2.3.1 (Self Similarity Matrix). Given a time series X = (x1,---,x,). The self
similarity matrix S, from the time series X, will have a size n x n, where each of its

position is defined by
S(i,) = s(x;, x;)

Where s(x;, x;) is a similarity measure (or distance function), which takes into account
two points x;, x; € X and returns a real value, which represents a score of how closely

similar are these two point coordinates.

From this definition, it is also important to note that the distance function can take
various forms, with some examples being displayed further in the section 3.3.3. Another
consideration is that the time series X can be either univariate or multivariate, with the
latter being more frequent, as what is usually computed is not the raw time series data
but a multidimensional feature matrix of the signal. These intakes that s needs to be
a method that is able to compare vectors, position by position, with the prerequisite of
still remaining undemanding in its computation. It is expected for the matrix to display
illustrative structures according to the recurrent behavior of the signal. These structures

are described in the following subsections.

2.3.1 Main Diagonal and SSM Scheme

Some behaviors are predictable to happen in every SSM. Starting by the Main Di-
agonal, it is expected that there would always be an intense diagonal across the matrix,
as these will be the positions where the points are compared with themselves, which
means that for a given x; € X, it is expected that s(x;, x;) will acquire a maximum value,
independently of the coordinate i.

Another important characteristic is that the SSM is symmetric along the Main Di-
agonal. In other words, for any two points x;, x; € X, then s(x;, x;) = s(xj, x;), which is

equivalent to S(i,7) = S(j, 7).
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Figure 2.2: Schematic examples of simple motions of a point mass and the respective
SSM from the signals of position of that mass. The activities performed, in relation to the
subfigure presented are : (a) circular motion around a center point at the same velocity;
(b) pendulum motion; (c) circular motion around a center point at accelerated velocity;
(d) circular motion around a center point at decelerated velocity. The signal in orange
represents the position of the mass along a vertical axis, across time; while the signal in
blue represent the position of the mass along an horizontal axis, across time

2.3.2 Parallel diagonals

The existence of diagonals parallel to the main Diagonal is very relevant, as this means
that two subsequences of similar lengths are very similar with each other. In subfigure
2.2a, there is highlighted a parallel diagonal, which means that within the periods of
[0,a1] and [a;,tf], there are two equal subsequences. Diagonals with a higher or lower
slope reveal that also a pair of subsequences are very similar but with different time spans.
The joint accumulation of various subsequences reveals a cyclic pattern of recurrent

subsequences. This cyclic pattern can also vary in its slope across time, which reveals a
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shortening or widening of the cyclic events. For example in subfigure 2.2c, the SSM has
a diagonal indicating that the periods of [0,c;] and [c;,t] are equal. However, as the last
subsequence is much shorter than the first subsequence, it produces a distorted diagonal.
The opposite is observed in subfigure 2.2d, between the [0,d;] and [d,,t7] subsegments.

2.3.3 Perpendicular diagonals

Parallel diagonals represent segments of the time series with similar behavior, so,
predictably, perpendicular diagonals to the main diagonal represent a point instance
where there was an inversion of the cyclic behavior. This can be more easily observe in
subfigure 2.2b, as the various time instances where the perpendicular diagonal crosses
the main diagonal, there is a repetition of the motion but in reverse, with the previous

one.

Block 1 Block 2 Block 3

Main
Diagonal

Figure 2.3: Schematic examples of varying motions of a point mass and the respective
SSM from the signals of position of that mass. The signal represents a motion which starts
by being cyclical (Block 1), stops in position for some time (Block 2), and then restarts
its motion, but now in a pendulum form (Block 3). The signal in orange represents the
position of the mass along a vertical axis, across time; while the signal in blue represent
the position of the mass along an horizontal axis, across time
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2.3.4 Blocks

Blocks describe the squared structures developed in the intersection with the main
diagonal. With figure 2.3, highlighting 3 such blocks. Blocks are usually visible distin-
guishable as they possess structures with a consistent texture. The prevalence of these
blocks usually means that the signal displays a consistently recurrent behavior during
that time period. The transition between different blocks is also of special relevance as it
indicates a significant variation regarding the dynamic behavior of the signal.

All the described structures are relevant for the detection of the mentioned events
in the Introduction. Further, a deeper explanation of the state-of-the-art in strategies for
event detection will be presented, namely with the usage of the SSM, more specifically in
the audio field, where this method is found to be very used and was the inspiration for

the problem in matter.
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CHAPTER

LITERATURE REVIEW

In this chapter, the interest will be to expand on the previous chapter and explain es-
sential theoretical concepts from this field of study, but distinguishing itself from Chapter
2 by instead providing a more detailed state of art for concepts of greater importance.

The first interest of this chapter will be to describe the current direct sensing tech-
niques applied in an occupational analysis scenario, a topic in continuation with section
1.1.4. Followed by this, it will go into greater detail over what are inertial measurement
unit (IMU)s, the sensing devices chosen for the data acquisition of this work, as well as
their advantages against other sensing techniques. Detailing also about the standard pro-
cedures used regarding IMU devices and what the literature more prominently incited
upon with this acquisition technique.

After providing this initial presentation of the field of interest in section 3.2, the fo-
cus will change to present and explain the methodologies which came closer to actually
detecting events of ergonomic interest as this work is trying to do. Followed by a descrip-
tion of how SSM can be used for the detection of events in general, detailing more with
examples of application on audio signal analysis, where this method is highly used for
several tasks.

3.1 Direct Sensing Techniques

Resuming from a previous section (section 1.1.4), there are multiple ways to assess
the risk hazards in a work environment. Among all options, Direct Measurement is a
technique mostly trustworthy and considerably more objective than the alternatives of
self-reporting or sole expert observation. Direct Measurement is characterized by retriev-
ing its values from measurements by sensors. Due to the extensive array of occupational

considerations, there are also multiple occupational surveillance technologies possible
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to be used. This section will serve to introduce what are the types of surveillance tech-
nologies that exist to assess the labor environment, followed by an explanation for the
selection of IMU sensors concerning this work.

The most trivial technology which has been used in this context is pressure sensors.
Giving information about force exertion, they have been tools more directed towards
office work. For instance, the analyses of strength, applied into computer mouses[99]
and keyboards[100], have been used to measure the risk for upper body MSDs. To moni-
tor the posture of a subject and identify possible hazards, some classical biomechanical
sensor approaches would be to use 3-axial accelerometers as inclinometers[101, 102]. A
repetitively referred example is the lower motion monitor. This tridimensional electronic
goniometer is connected to the pelvis and thorax and can measure the trunk’s position,
velocity, and acceleration[103], as well as spine loading while being assisted with an EMG
system[104].

A physical demand monitoring system has been proposed to assess physiological pa-
rameters (heart rate, eletrocardiography (ECG), breathing rate, and skin temperature)
along with environmental conditions (temperature and humidity)[105]. An exciting pro-
posal, which despite not being implemented, highlights the relevance of using electro-
physiological signals to properly assess the external pressure to which a subject is being
submitted. In this sense, eletromiography (EMG) is a uniquely relevant tool that is very
extensively used in occupational surveillance. While measuring the muscular activity,
EMG allows for an objective analysis of muscular stress, muscular fatigue[106, 107] and
to report about muscle recruitment for a given action. Another relevant detail is how
EMG gives information about the intensity of a given activity while also considering the
subject’s physiological capacity for that action [108-111].

However, to obtain a full posture assessment, there needs to be the application of
several markers placed in strategic points of the human body. Through the position of
these markers, computers could then design an anatomical model to analyze the sub-
jects’ posture. These sensors usually fall into three different types of technologies: a)
optical scanning systems[112, 113]; b) sonic systems[114-116]; and c) electromagnetic
systems[117, 118]. Optical scanning systems are associated with a framework where the
markers are light-reflecting, and their displacement is then detected by light scanning
devices (like mirror scanners or electric image detectors) [112, 113].

Sonic Systems analyses the frequency of ultrasonic waves produced by an oscilloscope.
This method employs the Doppler effect to measure a body’s segment’s displacements,
velocities, and accelerations. Even though it has shown promising results, there are
many limitations concerning the recording speed and the environment requirements
as, depending on the transmitter used, it takes from 0.23 to 3.3 s to acquire a single
posture measurement. Moreover, environmental noise can be produced by temperature,
air density, humidity, and atmospheric pressure, requiring careful calibration.

In an electromagnetic system, a pulsed magnetic field is created by a transmitter,

and this signal is then read by receivers attached at specific body points. After, the
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receiver sends data about their position and orientation to a computer. This model has an
advantage regarding the previously mentioned methods as it provides information along
6 degrees of freedom, allowing for the interpretations of rotation movements. [119]
However, one of the most promising direct measuring techniques has by far been the
IMU sensors. Constituted by a set of multiple inertial sensors merged in a single small
device, it also has been a sensor used as a marker unit to be attached to the human body.
Nevertheless, due to the concentration of various sensors in the same device, these can
provide information regarding each body point’s position and their movement (namely
their force acceleration, angular velocity, and orientation). They are very discrete devices,
which is very important as the surveillance systems need to be as less invasive as possible,

so they do not affect the work performance.

3.1.1 Inertial Measurement Units

An IMU is an electronic device composed of three 3-axial sensors: a) Accelerometers;
b) Gyroscopes; and c) Magnetometers; which allows it to register an object’s specific
force, angular momentum, and position simultaneously. Therefore, when attached to
strategic points of the human body, these sensors can provide much information about
the movement and posture of the subject by retrieving the position of body segments and
the joint angles between them. Other wearable sensors (like optical scanning systems,
sonic systems, or electromagnetic systems) retrieve this information. However, in this
sense, IMUs have the advantage of also providing the orientation of each sensor, which can
give the added information of the rotation movement of body parts. Another advantage
relates to their size, as more recent advances in sensor miniaturization have enabled the
development of small compact microelectromechanical (MEM) sensors [120].

The study of these wearable sensors in an occupational environment has increased in
popularity in recent years, with a revision from [121] noticing a surge by the year 2010,
which has constantly grown. This tendency can be explained partly due to technological
advances that have helped develop smaller, less expensive, and equally precise inertial
sensors, with currently the greatest trends aligning into MEM systems[120]. These sensors
are mostly placed on specific positions of biomechanical interest for exposure monitoring
and further analysis. As such, the most studied body regions are usually the upper arm
(more specifically the dominant one) followed by the thoracic area (between the T1 and
T2 vertebrae), pelvis, and thigh[121]. The most developed examples have extended to
entire body suits of IMU sensors. [122]

Regarding the analysis component of most IMU studies, firstly, it is essential to under-
stand that despite the preferred objective being the analysis in a real-work environment,
most of the current studies are still practiced in a controlled laboratory[121]. The analysis
of many studies tried to focus on objectively rating the three main characteristics: Inten-
sity, Duration, and Frequency of Activities. These were briefly touched in section 1.1.3,

and are the main biomechanical risk factors that describe the ergonomic risk of a specific
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human motion. This type of analysis can be made under a relative perspective where
work station, workers and tasks are compared against each other, or under an absolute
perspective where ergonomic assessment sheets are used to retrieve a risk score of a given
activity[123]. Other studies are found to explain the occupational activity by focusing
on developing predictive models for the classification of specific actions, such as sitting,
crouching, reaching, picking, and picking stuff up [105, 124, 125].

Interestingly, a variety of studies[126-131] explored the possibility of a real-time
acquisition to further expand on the utility of wearable IMUs as an intervention technique
to mitigate ergonomic pressures. This experience is done by wireless inertial sensing
technology connected to cloud-based web services that can compute and communicate
the information retrieved by the sensors in near real-time. After that, the worker will be
subject to auditory and vibrotactile feedback to adjust his posture instantly. [121]

IMU sensors are an attractive tool to assess the occupational risk because they are
low cost, have high accuracy, and are small in size. All this allows them to be integrated
into the work environment without significantly affecting the work performance, which
is very important as most of the limitations refereeing to direct sensing techniques are
usually about their invasiveness, costs, and portability. Moreover, regarding the accuracy
of IMU sensors, these have a specificity which makes them very trustworthy, adding to
that as they are also a complex system of multiple sensors, there are methods of internal
correction of its errors like sensor fusion, which have been developed [132]. The men-
tioned advantage makes this the chosen system to perform the direct occupational risk
evaluation for workers while performing their activities.

Unlike the current trend in studies that use IMU devices in a labor context acquisition,
this thesis will not serve to assess the work strain applied at every movement, nor will it
try to classify the human motions that are being done. Instead, this work will serve to
structure the data and discover patterns of interest with the final objective of facilitating

the ergonomic analysis.

3.2 Event Detection Under an Ergonomic Context

Expanding on the previous section 3.1.1, the type of analysis most common for the
data of human motion is the classification of specific simple postures of activities, being
more related to the field of human activity recognition.

High-level annotation in ergonomic data is still a more scarcely studied problem. The
following review will explain the various approaches that tried to identify and annotate
events representative of human action. Throughout this section, one of the intended
objectives was to find methods that required as minimal interaction with the human user
as possible while at the same time focusing on the analyses of time series. With this, it
means that it is preferable to search over sensory data instead of video imaging. Because
there is a considerable variation within all studies, this review will be presented on a

more point-to-point basis.
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The work of [133, 134], analysed multidimensional angular joint motion time series
data. The objective was to summarize a work cycle into smaller motion segments, each
one represented by dynamic models approximations. Interestingly, this work proposed a
high-dimensional motion segmentation based on univariate active forgetting segmenta-
tion methods. A two-step recursive least square algorithm predicts change points of the
system’s dynamic behavior. The motion data segments are then represented by parame-
ters derivative from a dynamic model fit. The advantage of this process is that these model
parameters are features insensitive to small-time variation, which are very common in
this type of data, and because they form a time-invariant representation of each segment’s
motion. In the end, each segment is compared based on a "kinetic energy-like"measure.

Matrix profile is an extensively explored algorithm, having proven itself as a valuable
tool of change point detection in various time series contexts. Unlike the others presented
in this section, this method was not explicitly designed towards the processing of human
motion. Instead, it was developed to extend the field of all-pair similarity search (also
known as similarity join), whose objective is to discover the nearest neighbor for a given
collection of data objects. Despite this, it has shown promising potential in human activity
data.

The actual definition of the algorithm is relatively simple. The matrix profile is a
signal where the value in each point coordinate has the similarity value between the se-
quence represented by that point and its nearest neighbor sequence. This construction
starts by computing the distance of all pairs of subsequences and then taking the mini-
mum value at each location. From here, the analysis of the motif profile can retrieve from
the time series various pieces of information, as for instances, maximums and minimums
in this signal may represent the presence of anomalies and motifs in the time series. More-
over, the variance can also be used as a measure of complexity in a given time interval.
Matrix profile is a helpful tool for motif discovery, anomaly discovery, shapelet discovery,
and semantic segmentation. There has also been an important focus concerning optimiz-
ing this algorithm, with matrix profile being a very fast algorithm appropriate to handle
large data dimensions, partly because of the construction of a z-normalized euclidean
distance measure that resorts to fast Fourier transformation and the dot product.

Wang et al. [135] proposed a method for the temporal segmentation of human repet-
itive actions. The data here is retrieved by two sensor sources: optical motion capture
system and Microsoft Kinect[136]. With the last one being, in practice, an infrared sensor
system, supported by an RGB camera, which differs from the optical motion capture
system that, like the previous study, returns motion data, which like the previous stud-
ies of [134, 137] will then be translated into time series with where the joint angles are
represented. The motion data was initially converted into a generic full-body kinematic
model using an unscented Kalman filter. This transformation has the advantage of be-
ing a unified representation robust to noise. Then, by performing a primary frequency
analysis, where most representative kinematic features are then retrieved. Based on the

zero crossing of these retrieved features, the data can then be segmented, followed by
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an adaptive k-means clustering to identify which segments are repetitions of each other,
allowing for a strong identification.

The work from [138], much like the current thesis, proposes an algorithm that uses
the properties of self-similarity for the detection of events in human motion data. Firstly
the algorithm proposes a segmentation of the algorithm into primitive segments, where a
motion sequence is given as a collection of various poses, with each pose being described
by a feature vector. Then creates a nearest neighborhood graph, where similar poses are
searched within a radius of r, with the construction of a kd-tree where the similarity
measurement is the euclidean distance between the feature vectors. Then, by studying
the relationship between SSM and the neighborhood graph, it allows the possibility to
remove neighbors that belong to the same connected component as a given frame.

For the segmentation of different activities, this algorithm pursues region growing as a
tool to solve this problem, with it considering three types of motions possibly repeated in
the matrix: 1) short, intermediate action; 2) structures parallel to the main diagonal; and
3) diagonal part connecting two parallel structures, reflects a transition. Regarding region
growing, the general idea is to start growing a squared connected region from seed in
the upper left corner of the neighborhood representation matrix. The region is gradually
extended to adjacent rows and columns as long as the number of nearest neighbors in
the updated region increases. This will be perpetuated until there are no new neighbors
found. Then a new region is started from the upper left region of the remaining matrix,
where every entry left below the block already found is removed. Another critical factor
process is the removal of the main diagonal from both the SSM and the graph. The
seeding process is performed once in a forward step as previously described and then in
a backward step.

The data is then subdivided to find motion primitives. The basic idea of the algorithm
is to use minimal cost warping paths in the matrix whose start and end positions are
associated with the start and end positions of the diagonal paths, which were found and
examined according to the criteria of symmetry coherence and projection coverage. In
the end, the motion primitives are clustered accordingly.

The work of [139] searched to facilitate the analysis of automatic monitoring over
activities of daily living. It proposes a method to identify significant changes in the
gestures of human motion retrieved from wearable inertial sensors. Firstly it has a step
of pre-processing where it applies a bandpass filter. Then it does a hierarchical search for
significant changes where it applies a sliding window and retrieves the dominant axis. In
the end, it applies an algorithm to spot significant changes.

The dominant axis classifier uses a mathematical formula to identify which axis
presents a greater level of difference. It is assumed that the axis with a more significant
level of variability is the direction where the motion is more prominent.

The hierarchical search first identifies all instances where the signal transitions from
a threshold value, and this threshold value is defined as the average of sensing data in the

dominant axis. After detecting these instants of transition, it detects the previous local
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maximum and following local minimum for each one of these moment transitions.
After extracting these events, a feature extraction process is applied, followed by a
machine-learning-based classification. For the feature calculation, two different sets of
features are used: the first one with statistical features which can be reliably calculated
like Maximum, Minimum, Mean, Standard Deviation, Root Mean Square or range, and
the second with physical features. Physical Features can provide accurate and objective
information about the movement quality and smoothness of human motion. In the con-
text of this work, there were used movement time (a measure of the time required over
the significant series), peak number (a gradient analysis of the signal over the signifi-
cant series), and jerk metric (a quality measure of smoothness over the significant series).
The selection feature process for each dominant axis is testing the feature vector to de-
termine which one displays a better performance. Regarding the classification process,
three machine learning algorithms are tested: Naive Bayes, K-Nearest Neighbors (KNN),
and Support Vector Machine (SVM), to determine which of the candidate events have
significant relevance. Overall, the KNN and SVM performed better than the Naive Bayes.

3.3 Event Detection with the Self-Similarity Matrix

Self-similarity matrices are a tool largely used in various scientific areas, with most
of the found studies for this review being fairly recent from the decades 2000 and 2010.
The study of [140] is usually recognized as the first that initiated this type of analysis.
This study, which was constructed over previous advances from statistics, described a
recurrence plot as a method able to easily display and retrieve information regarding
the dynamic behavior of time series[141]. SSMs are a data representation technique that
has mostly been applied in two specific types of data: 1) sound, more specifically audio
signals, and 2) moving video images. This review will concentrate exclusively on studying

sound databases as these were the greatest inspiration for the proposed final algorithm.

3.3.1 Inspiration from Audio Signal Analysis

Music Structure Analysis is a field with a vast literature on the subject of SSM, which
makes sense considering that a repetitive/cyclical behavior usually defines this type of
data. This can be easily seen in various music genres: with 19th-century European com-
positions use of one or more motives which are then repeated and transformed; modern
popular music has the use of verse/chorus structure and instrument solo for instrumental
introduction and coda; as well as "classic jazz"from "New Orleans” style to “Be-bop” is
based on the repeated exposition and improvisation around a specific theme[142]. An
additional convenience of music data structure is that its boundaries are usually well
delineated by variations in specific features, unlike continuous speech data. The favoring
of one type of audio signal to another relates to the difficulty of considering what the hu-

man comprehension of speech an implicit requirement in automatic speech recognition is.
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Words themselves are not necessarily sequences if there is not considered some grammati-
cal structure to the data. A simple example would be the phrase "that’s Steven". If we were
to apply a simple algorithm of self-similarity without considerations about the grammar
proprieties, the signal would probably be segmented into "that’s-S"and "teven"[143].

The first development made in this context came from [144], where SSM was pro-
posed as a tool for better visualization of the time structures of music datasets, with
possible applications on content based analysis and segmentation[145].

Most of the audio analysis goes through a relatively identical sequence of steps to-

wards a final result. From where there is usually a step for

1. Feature Representation, which may also be accompanied by a pre-procesing step

over the raw data;

2. The Calculation of the SSM from the feature data obtained in the previous point, by

using a given distance metric;

3. Analysis process, which varies a lot and usually depends on the studies’ objective.

3.3.2 Feature Representation

This first subsection describes a standard process of parameterization of the raw data
time series. The actual processing can either be by tapering the raw data with a Ham-
ming window or by making a previous segmentation of the entire dataset and only then
applying some transformation function in the resulting subsegments. This segmentation
is usually done in overlapping steps as it can optimize the quality of the data signal [146].

The choice of a feature needs to consider how the signal is intended to be divided.
In the context of music data, the structural boundaries are usually defined by variations
in the proprieties of 1) timbre, 2) tonality, or the 3) rhythm of sound [147]. Specific
features are extracted to describe each of these properties, such as Mel-frequency Cepstral
Coefficients (MFCC) and Chroma features (or Chromagram).

Still adding to the theme of feature representation, some other methods used include
the 1) direct transformation of each window into the frequency domain using the fast
Fourier transform (FFT) [143]. 2) spectral envelope estimation, by means of Cepstrum
Coefficients[142], 3) short-time Fourier transform (STFT) [146] 4) monophonic pitch
estimation, Wakefield chroma (spectral) representation, and polyphonic transcription
followed by harmonic analysis[148], 5) 13 Mel Frequency Cepstral Coefficient, 12 spectral
contrast coefficients, based on [14], Pitch Class Profile Coefficients[149]

Other interesting features are used to describe dynamic properties[150, 151]. These
have the advantage of properly highlighting diagonals or blocks in the structure, depend-
ing on whether it does a long or short duration modeling. Firstly the audio signal is passed
by a bank o Mel filters, and then each output of each filter is analyzed by STFT, with a

variation in the windows’ length, defining a different long or short duration modeling.
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The features which are maintained are two coefficients: i) the angular frequency returned

from the STFT analysis and ii) an identifier of what was the Mel filter used.

3.3.2.1 Post Processing of the Feature Vector

The calculation of the SSM did not necessarily use a single one of these features in
isolation. Instead, the signal was usually represented by multiple types of features simul-
taneously. Each point coordinate was represented by vectors developed from multiple
types of features, which were then compared with themselves on the calculation of a
single resulting SSM. Interestingly, some examples[149, 152, 153] diverged from this
process and instead calculated various similarity matrices from different features, nor-
malized them, and later combined all matrices into a single SSM. With the combination
being a simple sum of matrices. This method allows for the introduction of different
weights for the different features. Even though the specific cases of the two refereed
examples were given the same weight for all matrices.

When multiple features are used, these tend to be normalized to mean zero and vari-
ance one.[153]. Another processing step used after retrieving the features is a principal
component analysis (PCA) reduction[149, 154, 155].

Other separate variations make a previous segmentation and classification of the
data, in this context, the SSM becomes closer to the recurrence plot, as every position
is binary depending if there is a pair that is the same or not[142]. An example of such
could be [142] which, before calculating the SSM matrix, transforms the data into a
class-based representation, which it defines as texture score representation. For this, it
has a first step, which, much like others, start by retrieving a feature representation, in
which it estimates the spectral envelope using spectrum coefficients (focusing as such
on the timbre evolution of the music), but after that, the frames are classified with a
hidden Markov model (HMM). More specifically, for learning, it used a Baum_Welsh
algorithm, with each state of the HMM accounting for a specific texture and through a

Viterbi decoding, labeled each frame with a corresponding texture.

3.3.3 SSM Calculation

Advancing to the second point of the actual SSM construction. As seen by the defini-
tion of section 2.3, an important requirement for the calculation of SSM is the definition

of the similarity measurement. The distances used in these studies were:

1. Euclidean distance
2. Cosine between angles

3. Kullback Leibler distance.

Euclidean distance is a simple and usually successful option, which is mathematically

described by the expression of
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N

s(xirXj) = | )_(xi(m) = xj(m)

n=1
With N being the dimension of each x point vector. If this point vector had only one
dimension, the formula could be reduced into

S(xll )—Ixz X]|

The cosine of the angle between the vectors x;, x; is defined by the expression

Xi X Yo 1<x-<n>xj<n>>
el 0l \/z e \/z T

with N being the dimension of each x point vector. If this point vector had only one dimen-

s(xj,xj) =

sion, the formula can be reduced into the second term of the previous expression. Cosine
distance has the advantageous property of returning a large value of similarity, even if
the feature arrays are smaller in magnitude. A variation of this similarity measurement

uses the dot product i.e. the convolution of the feature vectors with each others
s(xj, xj) = x; - x;

. Despite not being normalized, it is also refereed multiple times as a reliable possibility,
with this being the measurement selected for this work as it will be further presented.
Another interesting variation proposed by [153] proposes a variation on this formula

with a exponential weighting

Xi - X]' 1
s(xj,xj) = exp| —F—— —
i 25) = P i
with this equation limiting the similarity range to [0,1] and creating an higher contrast

at higher similarity values and lowering the contrast in lower similarity values. The
definition of Kullback Leibler distance is

1’l
Di1(P Q) = ZP

Tl

So the similarity measurement of Kullback Leible distance becomes

s(xi, x;) = exp(=Dxr(G(pi, i) | G(pj, £j)) = D (G (pj, E)) | G(pi, £4)))

, where G(p;,X;) is the multivariate normal density function, with y; and ¥; being the
average and the covariance matrix of the vector x;
the vector x;. [146]

j,» with the respective also bemg true for
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In the case of comparison between class-based representations of time series like the
case of [142], then the SSM calculation is much simpler as it is only a binary correlation,

comparable to comparing "strings"instead of numbers.

1, ifx;=x;
s(xi,xj) =
0, otherwise
This tends to be a method that still requires an optimization step to get an acceptable
final result. For this, it is done a process of discarding all trivial occurrences by substi-
tuting squared moments by diagonals and then manages nontrivial patterns so that all
occurrences are coherently linked with each other.
After obtaining the matrix, some studies [154, 155] applied a two-dimension median
filter over the SSM.
Another interesting variation proposed by [149], proposes an higher degree of matri-
ces that makes the final result more consistent within itself, for this, it defines a second

order matrix as:
Sa(ty ty) = j S(te t2)S(t,, ty)dtz
t

z

and a third order matrix as:

S3(ty ty):J —[ S(tx, t21)S(t21,£22)S (22, ty)dtZZdtzl
t It

These matrices have the advantage of reinforcing the diagonals corresponding to

common repetitions and reducing the background noise

3.3.3.1 SSM transformation

Some studies also mentioned another important step, applied over the SSM before
any analyses process. Some studies refer the transformation of the SSM into a lag matrix,
which is represented in a "slanted"domain L(7,I), where I = i —j. Also called by self-
similarity lag matrix (SSLM). Computing the SSLM for small non-negative values of [ has
the advantage of reducing computation and storage requirements[143]. A good example
is the case of [156], wherein the search for a chorus of the music only considered lags
greater than one-tenth and lesser than three-fourths the length of the song.

L: L(ti,lagij) = S(ti, t; — t])

This matrix has the property of being equivalent to the SSM with the diagonals being
converted into vertical lines. This matrix is usually calculated by performing an average
moving filtering along the diagonals of the SSM. [151, 156] Another way is the application
of a horizontal high-pass filter and a low vertical pass-filter[149].Another advantage that
is explored in these studies is that the matrix provides a much simpler way to retrieve the

size of the subsequence.
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Another method of analysis, involves the calculation of a similarity function (average
similarity)[157], which is the sum of the SSM between a segment and the entire work,
normalized by the segment length. In the work of [157], it is also refereed the possibility
of applying a weighted function to optimize the final result.

3.3.4 Event Detection with the SSM

Finally, the actual methods used to analyse the SSM is where there is greatest level of

variations within all the studies, with this depending mostly on the intended objective.

3.3.4.1 Change Point Detection

Regarding methods precisely of change point detection, in a much consistent way, the
focus was the detection of cross check-board moments along the diagonal. As such, the
method mostly consisted on the Smoothed "Checkerboard"Kernel correlation along the
SSM main diagonal followed by a peak finding analysis in the resulting data[143, 146,
151, 153]. This last processing step uses a threshold value and the search for peaks in
the signal which surpass this threshold. In [153], it was used an adaptive threshold
algorithm [158].

In the work from [150, 151] the similarity function is calculated and then it applies a
simple threshold operation to identify which moments are significantly dissimilar within
each other. Interesting variations also include organizing the indexed points in a binary
tree structure constructed by ranking all the index points by novelty score

In a recent study from [154], to capture the boundaries in the SSM, it was applied a
sliding window that calculated the sum of the standard deviation of each vector column
that was included inside the window. Then, it was applied a peak finding function on
the resulting data. The clustering is performed from the highest similarity segments
to the lowest similarity segments, with each segment being clustered with their highest
similarity pair. Moreover each neighbouring segment belonging to the same cluster will
be merged. In [155] added a new proposal and instead of analysing the similarity value
of the SSM created from multi mel frequency cepstrual coefficients (MFCC) features, re-
trieved the chromagram features of each segment and then calculate the cross correlation

to assert their similarity and then design clusters, using these values.

3.3.5 Similarity base detection

Regarding Similarity-based detection methods, the objective was the detection of
highly intensive diagonals, and for these, there is a more extensive variety of methods
proposed.

In order to identify the diagonals, several methods were proposed. As already refereed,
the lag matrix can be a helpful tool in the detection of the more prominent diagonals.

Bartsch et al. [156] started by filtering over the length of diagonal of interest, another
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advantage provided by SSLM. As the interest of this work was the detection of a single
motif that could define a music thumbnail (possibly the chorus), it was only necessary
to detect the time position of maximum similarity of the SSLM. Conversely, [151] had
a much more deepened analysis of the SSLM, where there was first performed a line
detection, and from those, sequence representations were derived. After that, it is found
which segments are repetitions of which other segments, by a proposed algorithm of
segment connection, where each is clustered one by one. Then, for the most prominent
motif, it simply had to select the segment that had the most time shared with all the other
segments.

An alternative to this is that instead of searching for diagonals, the algorithm would
search for instances of significant similarity. It is defined as a similarity function, i.e,
the sum of the SSM between a segment and the entire work, normalized by the segment
length. A possibility also referred was applying a weighted function, optimizing the final
result. Then, it is simply necessary to detect the positions of maximum similarity value.

3.3.6 Summarization

Still, most work with SSM does not only focus on detecting change point events,
anomalies, or motifs. This is a consequence of the real objective of summarizing the time
series. In other words, in most cases of the studies presented in this review, the objective

is actually to summarize the data properly. Summarizing procedures can be divided into
1. arepresentation of states
2. arepresentation of sequences

The difference is that a representation by sequence(s) tries to identify which subse-
quences have a recurrent behavior in the sound data. Usually being a theme more related
to similarity-based detection. In the case of most of the literature on this subject, after
identifying all subsequences of interest, one of them is singled out as a thumbnail to
describe the entire time serie. Peeters et al. [149, 151] is described a new approach to
identify "mother"subsegments and repetition times in such a way that it represents all
the segments detected in the matrix using the smallest number of possible sequences.

On the other hand, state representation has an entirely different approach and tries to
segment the data into multiple subsequences, which usually do not overlap and may be
included in specific classes. In this perspective, the data can be seen as a progression of
states, which can sometimes repeat themselves. The state representation has the advan-
tage of return much summary information: class transitions, an example of each audio
state, the class succession order, or an audio example of the most important class.[150,
151].
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CHAPTER

DATABASE DESCRIPTION

In the interest of testing how valid was the algorithm which will be purposed in
[cha:methodology|, multiple database sources were tested in the present work. Thus, the
purpose of this chapter will be to explain these various databases. Firstly, there will be
presented multiple databases of human motion retrieved from several online sources that
have a simpler context and are used to test and validate the algorithm. Then, there will
be presented the main database which was retrieved from a real working context from

the manufacturing industry.

4.1 HAR database

For this thesis, there were allowed access to inertial acquisitions made in the context
of human activity recognition. The database used was obtained on the scope of the
Arthrokinemat project whose main objective was the development of a learning adaptive
sensor-based measurement system to prevent osteoarthritis[159]. More specifically, the
recording was made for the work of [160], which introduces a human activity recognition
system able to recognize between a list of several daily activities.

A set of multiple Biosensors were used, with various internal characteristics. Begin-
ning with two 8 channel PLUX hubs a device which allows for the wireless acquisition of
biosensors via Bluetooth, with them being part of the biosignals plux Research Kits. From
both plux hubs there were used two 3-axial accelerometer (Acc) sensors, 4 sets of EMG
sensors and an electrogoniometer, with more details about these sensors being displayed
in Table 4.1.

Adding to these sensors there were also used 4 other types of biosensors: one airborne
microphone, one piezoelectric microphone, two 3-axial gyroscopes and one force sensor.

From here, 18 activities were performed recursively, with all of these being listed in Table
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4.2

Table 4.1: Plux Hub sensors descriptions, for the HAR databases[160]. The sensors are
divided in half by a horizontal dash line with the first group of sensors using a single Plux
Hub device and the other sensors using the second device. The information provided by
each sensor include also the positioning of the sensors as well as it’s sampling frequency.

Sensor Position / Muscle Sampling Frequency
3 axial Upper Accelerometer Thigh, proximal ventral 100 Hz

3 axial Lower Accelerometer Shank, distal ventral 100 Hz
Eletrogoniometer Knee of the right leg, lateral 100 Hz

“EMG1L Musculus vastus medialis ~ 1000Hz

EMG2 Musculus tibialis anterior 1000 Hz

EMG3 Musculus biceps femoris 1000 Hz

EMG4 Musculus gastrocnemius 1000 Hz

Table 4.2: Activities description, of the HAR database[160]. For each activity is displayed
the number of repetitive occurrences each activity is performed as well as the total time
length and the minimum and maximum length of each occurrence.

Activity Occurrence Total Length Min Length Max Length
sit 47 123.75s 0.86s 4.69s
stand 46 127.70s 1.36s 4.73s
sit-to-stand 45 30.94s 0.15s 1.30s
stand-to-sit 53 72.90s 0.56s 3.10s
stair-up 55 190.45s 1.59s 4.93s
stair-down 57 181.96s 1.37s 4.86s
walk 220 554.07s 1.18s 4.78s
curve-left-step 57 143.09s 1.10 3.87s
curve-left-spin 46 109.15s 1.25s 3.39s
curve-right-step 51 67.51s 0.54s 3.19s
curve-right-spin 48 41.50s 0.28s 1.88s
run 97 151.27s 0.64s 2.74s
v-cut-left 53 43.76 0.29s 2.08s
v-cut-right 55 61.75s 0.35s 2.37s
lateral-shuffle-left 53 97.54s 0.73s 4.11s
lateral-shuffle-right 52 90.42s 0.75s 3.98s
jump-one-leg 59 61.36s 0.33s 2.85s
jump-two-leg 63 63.40s 0.51s 1.63s
Total 1157 2212.52s 0.15s 4.93s

The activities sit-to-stand and stand-to-sit were moments of transition between the
activities stand and sit. Moreover the activities curve-left and curve-right were inter-
posed between the activity of walking. curve-left/right are also divided into step or
spin, depending if it is a big 90°turn with several walking steps or a fast 90°turn of the

entire body like a parade command, respectively.
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Another set of activities that may also require further explanation are lateral-shuffle-
left/right, a motion usually done in sports that describes the subject’s lateral movement
of the left/right foot, with the other foot following along and continuing the shuffling in
the same direction. V-cut-left/right means that the subject changes his direction by 90°at
jogging speed. The remaining activities are self explanatory.

This database was used to study how the algorithm could be used to detect periodic
events with different levels of motion cycle complexity.

4.2 UCI Database

This database was available in the UCI Machine Learning Repository[161], an on-
line service with more than 500 databases for the machine learning community, as
the "Smartphone-Based Recognition of Human Activities and Postural Transitions Data
Set"[162, 163].

The database was collected from a 3-axial Acc and 3-axial gyroscope (Gyro) embedded
in the smartphone, with 30 volunteers performing a set of different activities, while the
device sits in their waist during the execution of the experiments. The smartphone used
during the experiment was a Samsung Galaxy S II with a 50Hz acquisition rate and 30
volunteer subjects within the ages of 19 and 48 years old participated. The experiment
was video recorded so that the data were manually labelled, with the protocol describing
6 activities: 3 static postures (standing, sitting, lying) and 3 dynamic activities (walking,
walking downstairs and walking upstairs) for the subjects to perform, as well as all the
possible transitions between the different postures (stand-to-sit, sit-to-stand, sit-to-lie,
lie-to-sit, stand-to-lie, and lie-to-stand).

This database was used to study the ability of the algorithm to perform change point
event detection along the time series.

4.3 Industrial Database

This database has greater importance in comparison with the previous ones, as it
will serve to test if this methodology is indeed valid for processing data acquired from a
work environment. With this said, two main requirements need to be presented. Firstly,
the data should have been retrieved in a real-working setting (i.e. not in a laboratory
controlled environment), and secondly, it had to be the result of a direct sensor acquisition
system that could provide information about the motion of the various workers.

The data acquisition was made in a previous thesis project from [164], whose main
objective was to calculate the ergonomic risk through direct measuring data. The techno-
logical setting was provided by a sensing framework named Internet of Things in Package
(IoTiP), designed and provided by Fraunhofer AICOS. IoTiP is a system that intends to
combine hardware, firmware and software components to promote the field "Internet of

Things"[165]. For this work, the technology setting consisted on 4 9-DoF IMU sensors
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(composed internally by a triaxial Acc, triaxial Gyro and triaxial magnetometer (Mag))
and an Android wireless communication system. The last one was made through an
application called Recorder, also developed by Fraunhofer AICOS.[164].

The acquisition was made in a Volkswagen Industrial assembly line where 12 man-
ufacturing workers performed their work tasks while having attached 4 IMU sensors in
their bodies. During the acquisition, the subjects performed various tasks in multiple
workstations. Relevantly to this thesis, the database comprehends three different worksta-
tions from Bodyshop assembly line, a section where cars’ doors were assembled: 1) Liftgate
workstation, where back doors are mounted; 2) Fender workstation, involving front door
tasks and 3) Doors workstation, which demanded tasks on the front doors and in the cars’
hood[164]. The acquisitions made involved a total of 6 Opr with each one performing
at least 2 different Wkst. The various acquisitions were simultaneously filmed and to
synchronize the ground manual annotations of the data, in the beginning and end of the
acquisition the subjects were asked to stay, firstly, in a neutral anatomic position and
then perform a T pose (calibration position) as represented in Figure 4.1. There were
also registered some details regarding the anthropomtetric characteristics of the various
subjects, as displayed in Table A.1.

The mentioned study was centered on the ergonomic assessment of the dominant arm.
For this reason, the IMUs were attached in: 1) the posterior side of the hand, 2) posterior
side of the forearm and 3) posterior side of the arm and a final one 4) placed in the anterior
side of the thorax area. All of the devices were attached with elastic bands, in such a way
that all had their Y-axis pointed up while in a neutral anatomical position, as illustrated
in Figure 4.2. The last device is unique as in its original work it allowed an assessment
of the movement of the arm in relation to the entire body. Moreover, it is also different
from the other since its IMU sensor was incorporated in a smartphone. Smartphones can
indeed work as IMU devices, since these can sense the acceleration, angular momentum
and magnetic field. Each one of these 4 IMU devices had incorporated within them 3
triaxial sensors (Acc, Gyro, Mag), with each producing a multivariate time series of 3
dimensions correspondent to the 3 coordinate orientations of x, y and z.

The data is hierarchically divided, as showed in 4.3. The Database is firstly divided
into 12 groups corresponding to 6 subjects with each working at two different worksta-
tions; followed by 4 other databases: Hand, Forearm, Arm and Torso; and then with all of
these databases being further divided into 3 other Time Series: Accelerometer, Gyroscope.
These time series are multivariate with 3 dimensions representing the 3 orientations of x,
y and z of the sensors (Figure 4.3). The first level represents the various subject acquisi-
tions made, the second level corresponds to the data retrieved from different IMU devices
and the third level represents the data retrieved from different sensor types. Considering
this grouping method is relevant due to the data from different databases having different
time properties as it will be seen in Section 5.1.

This database will help in studying the application of the algorithm to detect (1)
Working Periods, (2) Periodic Working Cycles and (3) Search by example.
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Figure 4.1: T pose for synchroniza-
tion of the various IMU devices.
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Figure 4.2: Schematic placements of IMU
sensors over the acquisition of Industrial

Database.

1. Despite the actual acquisition having three sensors Acc, Gyro and Mag, only the

Acc and Gyro sensors were considered for this study as this had the best behaviour,

and the Mag was acting in an erratic manner.

2. The two workstation of Opr2 were made during the same acquisition, resulting in

a single time serie, where the subject performed two different types of active work

motions.

3. In Opr2 Wkst1&2 the torso was not considered, due to malfunction.
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Figure 4.3: Diagram representation of the abstract levels of the Industrial Database, with
the highest level being in the top and each cell of each level being subsequently divided
into the lower level cells. The 2 right columns give information regarding the level

identity and the type of data as described in Section 2.1.
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CHAPTER

METHODOLOGY

Data mining and event detection techniques over time series usually have a standard
sequence of processing steps, which overall remain unchanged. This chapter will de-
scribe the proposed methodology, and it will be divided into various sequential steps of

processing.
1. Pre-processing
2. Representation
3. SSM calculation
4. Event detection

The first 3 methods are somewhat self-explanatory. The last point differentiates itself due
to being divided into 3 different subsections. The reason for this is because this thesis
proposed to find multiple events: (1) Work period transition, (2) Work cycle transitions,
and (3) Sub-segment example search. As it has been extensively discussed, events are
somewhat subjective concepts that require a specific analysis depending on the intended
event to be detected. As such, each section will describe three different methodologies of

analysis of the SSM depending on the intended event.

5.1 Pre-processing

Pre-processing is an essential step in any data analysis. This section will focus on two
points: 1) Temporal Synchronisation and Alignment, as it is important to ensure that the
time series retrieved from the sensors are in shape suitable to be processed; and 2) Noise

reduction, as inertial acquisitions are very prone towards various mistakes.
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5.1.1 Temporal Synchronisation and Alignment

All IMU sensors suffer from integration drift, where small errors appear during the
measurement of the sensors, which will progressively be integrated into larger errors in
the measurements [166]. To tackle this problem, before any type of analysis being done,

it is necessary to guaranty that:
1. all time series have the same acquisition rate, as well as the same time length;
2. all the point observations are temporally aligned.

While the Industrial database required to take both these considerations into account,
the HAR and UCI databases were already aligned, and they just required the synchro-
nization over the different sampling acquisition of each of their dimensions. As such, the
following section will focus only on the analysis of Industrial database as this was the
most demanding. However, the HAR and UCI databases also passed by the same exact
process of synchronization, despite not requiring the alignment phases.

Regarding the first task, the main obstacle relates to the fact that all time series from
a subject’s database have a different and complex time form. As the sensors are not
synchronized, the resulting data develops different time lengths and acquisition rates
between different time series. This is displayed in Table A.2, where there are registered
important characteristics about the temporal information of each time series. Focusing
on a single example of the "Oprl Wkst1", we can see that the variability of the average
acquisition rate depends on the sensors used, with it even being different within the
same devices. In this specific case, the data acquisitions variate between 50 samples/s,
100 samples/s, or 200 samples/s. Moreover, there are also observed slight differences in
the time lengths and on the initial time offset values when comparing different devices.
These are all scrutinized in the appendix A.3. But considering the specific example of the
"Oprl Wkstl"time serie sample, the time lengths of the signals retrieved from the hand,
forearm, arm, and torso IMUs were ~ 1593, ~ 1552, ~ 1583 and ~ 1602, respectively.
Meanwhile, the time offsets also had some considerably large divergences, being ~ 1994,
~ 1999, ~ 2004, =~ 0, hand, forearm, arm, and torso.

Notwithstanding, it is also apparent that the acquisition rate is not constant over the
same time series, as all of the signals acquire some disturbances somewhere in time, with
most of them having a significant reduction in their mean value. This variation in the
acquisition rate can be more easily observed in the example of Figure 5.1, where during
the time intervals of the close-ups 1 and 2 there are various disturbances in the rate of
acquisition, leading to a small but significant delay on the sampling process.

To solve these problems of (de)synchronization between different and alongside the
same time series, the main objective of this step will be to design an "artificial"synchronized
time axis, which could be shared among all IMU devices. For the sake of simplicity, this

time vector will be designated as unifying time (UT). The first characteristic of UT vector
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Figure 5.1: Plot of the time in function of the number of time samples, for each time
serie from the Industrial database. On the left, there are presented all the times series in
a color-coded manner. On the right, there are presented amplified plots of the squared
positions signaled in the left plot.

is that it will have a constant acquisition rate Fs, which will be the same for all time se-
ries. The selection of Fs will be by selecting the maximum value between the considered
sampling rates. Returning to the example of "glsOprl Wkstl"between the 3 values of
50 samples/s, 100 samples/s, or 200 samples/s, Fs would be 200N/s. This is because if
another smaller value was chosen, it would be possible to register some unwanted alias-
ing behavior in the time series. Since the torso device is a Smartphone with a higher
acquisition rate, it usually is this device that defines the value of Fs.

With the definition of Fs settled, another consideration relates with the temporal
length of UT. As the intent is to lose as little information as possible without corrupting
the data, the time axis will be the same length as the shortest time series (7,,;,,). To give a
specific example, if it is considered the subject "Oprl Wkst1l"as provided by A.2, the new
time axis would have a time length of 1552.36 s, as the shortest time series are the Acc
and Gyro sensors from the Forearm device.

Regarding the second step of temporal alignment, the main problem is related to
the different instants of acquisition in which each IMU sensor starts acquiring. This
means that even if the first step is solved, the events occurring at a specific time in a
sensor do not necessarily occur in the remaining other sensors. To answer this problem, a
specific calibration event performed during the acquisition phase is registered in all time
series. For this, it is used the T pose for calibration described in Section 4.3, as it is easily
identifiable with the naked eye in the data signals.

Considering four example devices as represented in schematic of the Figure 5.2, with
4 time vectors represented by tDy, tD,, tD3, tDy. Then the first step will be to manually
identify and annotate the time instants where an event occurs (o7, 0;, 03, 04). Then to

simplify the coding process, it was identified which of the devices had the event starting
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Figure 5.2: Time Alignment Schematic

first 0,,;, = min(oy,0y,03,04). With this information, the time differences between the
Omin point and the other ones, could be calculated.

0j = 0j = Opin

, with j =[1,2,3,4]. Then the alignment of the various time vector devices is done by

subtracting these o values over the respective devices, as represented in Figure 5.2.
new_tDj = tDj - 0j

, for j =[1,2,3,4]. Now with this consideration in mind, the final time axis size will also
need to take into consideration this small delay when defining its time length, as such,
the time length of UT will be of
tfmin — Ox

, with t¢,,;, being the time length, and o, the o value (all of them are further described
in appendix A.2) of the shortest time series.

After following these two steps, with the various time axis devices aligned and the
definition of UT, there is a second cycle pass along the data, where all the time series
with the aligned time axis of new_tD will be interpolated into UT. This step will fix

the misalignment caused by sporadic variations in the rate of acquisition as previously
described.
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All this process which was described during this section, is further summarized in
Algorithm 1, in a generic code syntax. This is composed of 2 cycle passes along the
entire database, represented by the colors pink and blue. During the first pass, the
information necessary to calculate UT is retrieved. Then in the yellow section UT is
calculated, being then followed by a second pass where the interpolation of the time
series is indeed performed.

Algorithm 1: Time Synchronization and Alignment
int Fg = 200;
database D, time series database of a pre selected subject acquisition ;
dict events_pad, dictionary with the time deviations of each sensor;
database hand, forearm, arm, torso < retrieve_devices(D) ;
float last t=0;
tseries synchTS;
foreach device € [hand, forearm, arm, torso] do
tseries acc, gyro, mag < retrieve_sensors(device) ;
array t_acc, t_gyro, t_mag < retrieve_time (acc, gyro, mag) ;
float d_last_t « min( t_acc[-1], t_gyro[-1], t_mag[-1]);
if last_t < d_last_t then
last_t = d_last_t;
last_t_pos = device;
end
end
f = last_t - events_pad(last_t_pos] ;
time <« arange (init=0, finit = f, sep = 1/ Fg) ;
foreach device € [hand, forearm, arm, torso] do
tseries acc, gyro, mag < retrieve_sensors(device) ;
array t_acc, t_gyro, t_mag < retrieve_time (acc, gyro, mag) ;
tseries acc_synch < interpolate (time+events_pad|device], t_acc, acc) ;
tseries gyro_synch < interpolate (time+events_pad|device], t_gyro, gyro) ;
tseries mag_synch < interpolate (time+events_pad|device], t_mag, mag) ;
tseries synchTS < addTS (acc_synch, gyro_synch, mag_synch);
end
return time, synchTS

5.1.2 Filtering

The removal of noise from the signal is a common process that is preferably done
before the analysis process. Noisy related problems are slightly intensified in contexts
outside of a controlled laboratory environment [167, 168], as it is the case for the Industrial
database, with portable devices being susceptible to artifacts associated with increased
movement and, in the case of IMU sensors, to small drifts in the placement of the devices.

Regarding this problem, considering the context of acquisitions made with both Acc
and Gyro, specifically for the context of HAR, the common solution is the application

of filtering mechanisms. The most used methods would include low pass Butterworth,
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Kalman and moving average filters[167]. With this said, the method chosen to be applied
in this work was a second-order low pass Butterworth filter of 40 Hz. The choice of this
cut frequency was because experimental studies[169] have already proved that human
physical activity could be well represented by a frequency up to 20Hz, and according to
the Nyquist theorem, a signal must be sampled at more than twice the highest frequency
component of the signal.

5.2 Representation

In this section, the database is transformed, before its actual analysis, into a set of
representative features. A standard process of time series analysis and machine learning,
already introduced in Section 2.1.

For this work, the data was tapered with a window of fixed length over the time se-
ries. This window function applied a feature retrieval process to obtain a time series
representation X. The tapering of the window was applied over the k dimensions of the
multivariate time series X and it implemented a variety of feature operations alongside
the data, all agglomerated inside function F. This process will change the rate of acquisi-
tion (new_F), as well as the volume and dimension of the multivariate time series data
(kx, n*).

The new point coordinates of the samples of the time series representation will be
defined by k* dimensions, which is equal to the product of k and the number of features
used. Moreover, the values will describe the application of the F function along a window
centered in this point coordinate. This is more easily seen in the schematic figure 5.3,
where a window employed in X during the time interval between Tpi and Tpf generates
a point coordinate in the time instant of (Tpi + Tpf)/2, in X. The passing of the window
will be defined by the length of this window and the overlapping function, producing a

new multivariate time series with an acquisition rate defined by

Fs
(Windje,(1 - Overlapfac))

new_Fs =

, with Wind,,, representing the time length of sliding window and Overlapy,,. the frac-
tion of the window which is overlapped, i.e. the fraction between Overlap;,,, and Windj,,,.

Regarding the margins of the data, much like is done in image processing, the data
is replied and mirrored in the borders, so it does not lose relevant information. This
reveals another important characteristic of this process. It requires a set of parameters to
be previously defined. For this step, it was identified three parameters required for the

definition of this function:
e Feature set Selection
* Window time length Wind,,,

* Overaping coefficient Overlapy,4
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The relevance of each one of these parameters will be further described in the follow-
ing sections. After this, a final section will describe the actual coding methodology which

will be applied.
1
X
K=3
t=Tpi t="Tpf
win_len |
P‘>
4 Overlap_len
| J |‘—>| mean (X)
F(X) = var (X)
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K* =K x len (F)
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time
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Figure 5.3: Sliding window Schematic. Representation where a time series X displayed in
the upper corner with three dimensions (x, y, and z) transformed into the representation
X with 9 dimensions. These 9 dimension are the result of applying the feature operations
mean(X) var(X) and peak_to_peak_dist(X) in each x, y and z axis.

5.2.1 Feature Retrieval

The selection of features is of extreme importance as, depending on what is the dy-
namic behavior of the data, it may highlight significant changes in the signal and smooth
the information for easier processing, or it may have the opposite effect and add sig-
nificant noise to the resulting signal. The main objective in this step is to define a set
of features, such that, when applied to the process previously described, they return a
different value vector for significantly different time instants.

A good example is expressed in the following figure 5.4 images, that considers 3
simple but very different biosignals (Acc, EMG and ECG). In this context, the red and
green vertical lines represent the various relevant events that would be interesting to be
detected. From here, the same process of representation was applied for the three signals
in the same way, with feature function applying mean, variance and peak to peak distance
operations. Through this example, it can be easily observed that the feature selection
needs to be adapted towards the signal and to events being analyzed. For example, in the
case of Acc, in general, all features display good behavior, however peak to peak distance
can introduce some noise as it is susceptible to oscillations in the signal displaying some
unwanted peaks. In the case of EMG, the mean feature is visibly noisy, developing a

random behavior along with the contractions. Regarding the final ECG signal, despite
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all features being useful in the detection of the QRS complex, the variance seems to be
especially bad for the detection of the T wave.

Accelerometer Eletromyography Electrocardiography
mean mean mean
variance variance variance
p_to_p dist p_to_p dist p_to_p dist
0 5 10 15 20 0 2 4 6 8 10 0.0 0.5 1.0 1.5 2.0 2.5
time (s) time (s) time (s)

Figure 5.4: Feature selection schematic example of Acc, EMG, ECG[170, 171] signals.
The upper, dark coloured signals represent the raw aquisitions and the following 3 x 3
signals below are the representations after applying 3 different feature operations (mean,
variance, peak to peak distance). The red and green vertical lines serve to annotate point
events of interest for each column.

This work focused on the use of shallow features over the temporal and statistical
domain, and for an easier event detection, features from the existing TSFEL python library
were used[172]. In the following table, there are listed all 19 features which were used
in this work, as well as a brief description of the operations which have a more complex
definition.

5.2.2 Window Length

The window’s time length describes the size of the window, which remains constant
throughout the time series. The event detection algorithm will search for events with
a sliding window with a length that has to be as similar to the length of the periods of
interest.

In the context of HAR, most studies consider the use of windows from 1 to 10 seconds
[167, 173], as the main intent in this analysis is also to have described within these time
intervals, signals that allow for the recognition of human activity. As in ergonomic data,
there are multiple events of varying sizes, and without any previous information, there
cannot be made any assumptions. This fact may present a great problem, as the approach
made for this work was first to try to focus on the most fundamental repetitive event,
which would theoretically be the working period (event type 1).

These would, as such, require a window with a size similar to the length of the work-

ing period, which will never be constant. Following that detection, the analysis may
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Table 5.1: Feature list with the respective descriptions of each operation. The descriptions which are
blank are considered self-explanatory.

Features Description

Energy

Median Absolute Difference median of the absolute value of the derivative of the input signal
Sum Absolute Difference sum of the absolute value of the derivative of the input signal
Centroid centroid along the time axis

Centroid cum absolute cumulative sum of the centroid along the time axis
Max peaks number of maximum peaks of the signal

Min peaks number of minimum peaks of the signal

Mean difference mean of the derivative of the input signal

Mean absolute difference sum of the absolute value of the derivative of the input signal
Distance the total distance travelled by the signal

Area under the curve

Max

Min

Mean

Median

RMS Root Mean Square of the signal

Interquartile range Difference between the first and third quartil

Variation

total : 18

further focus on the sub-events in each work period. With this logic, by repeating the
methodology, it is theoretically possible to detect a hierarchically deep expansion of possi-
ble events by shorting the window length into smaller database segments. This, however,
will not be made in this work.

The risk associated with retrieving features in a windowed manner is that it requires
to be correctly adjusted. In the case of being too large, the feature time series may lose
information by averaging too much the signal. In the case of being too short, the events
of interest have the risk of not being as well represented, as it will also increase the
computation processing of the algorithm due to the resulting greater dimension of the

time series.

5.2.3 Window Overlap

The overlapping size describes how much the windows overlap with each other in
their representation. This process was also approached in the literature review (Section
3.3.1), as it is a standard process to optimize the process of representation.

The definition of overlap fraction will affect the time of the algorithm processing
and the amount of information retrieved. Under this, if the overlapping is too great, we
might expect a heavy and slow process from part of the algorithm, which might also be

pointless, as large overlapping windows usually tend to reveal an accuracy as great as
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a total overlap. On the other extreme, an overlap that tends to zero might be a risky
representation, as it can tend towards a reduction of the events, to the point where it is

hardly noticeable.

5.2.4 Processing

Given all this theoretic description of the methodology, we can now describe the
algorithm in practice. A firstly important characteristic of our method was the vectoriza-
tion of the entire process to make it as efficient as possible. A summarized code of this

application is displayed in algorithm 2.

Algorithm 2: Feature representation

int win_len, window length parameter;

float overlap_len, overlapping window length parameter;

list features, list of features to be retrieved parameter;

tseries s, raw signal time series;

int tf, I_dim = len(s), volume and dimention of the time series, respectively;

tseries output = None;

for dim in range(l_dim) do

int w_range = int(win_len/2);

tseries s_mirror < r_concatenate (sjw_range:0:-1, dim], s, s[-1:tf-w_range:-1,
dim]);

int tf = len(s);

int n_wind = int( (tf - win_len) / (win_len-overlap_len) +1 ) ;

int overhang = (n_wind x win_len - (n_wind-1) x overlap_len) - tf;

if overhang!=0 then

tseries pad = zeros (overhang);

tseries s_final < r_concatenate( s_mirror, pad );

end
matrix chunked_s < chunk_data (s_final, n_wind, win_len-overlap_len);
tseries s_representation = None ;
foreach feature € features do
f_r < feature_operation (feature,chunk_data);
s_representation < r_concatenate(f_r);

end

output <— c_concatenate (output, s_representation)
end

return output

The process iterates along each dimension of the multivariate time series X. For each
of the arrays, first, the time series is transformed. For this, it calculates and concatenates
the mirroring of the borders of the signal. Then it checks if the time series does not require
some more data points for it to be synchronized with N sliding window. In the case that
it does, an array of zero points are added at the end of the time series. With this done, a
matrix of N windows of chunked subsequences is created, each one of win_len time length

and separated within each other by win_len—overlap_len. After this, the various features
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are applied over the matrix, making the operation along the window simultaneously to all
chunked subsequences. After all of these, the chunks are concatenated, with the process

being iterated along all dimensions of the database until it obtains the final output.

5.3 SSM Calculation

As it was previously described, the main method which will be used for the detection
of events will be the analysis of the resulting SSM. This theme was introduced in Section
2.3 and a deeper study within the literature of the subject was made in Section 3.3. As
such, at this point, the SSM can be seen as a tool that is able to facilitate the visualization
and description of dynamic behaviors prevalent in a specific signal. This is a technique
that requires some contextual conditions to be used, or otherwise, it will not signal much
relevant information. Overall, the data needs to 1) describe a sequence of patterns that
are recurrent, and repetitive throughout the time series 2) there needs to exist some time
intervals which are significantly dissimilar from the overall behaviour of the remaining
time series. These are all conditions that can be seen in a work motion acquisition. The
calculation of the SSM was not made with a typical distance measure, but rather, because
we followed the process of audio signal analysis, we represented the time series into a
feature matrix and used the dot product between the transposed matrix and itself. This
process enables the calculation of the similarity between a window of the signal, described
by all features extracted, and all the remaining windows.

Not entering again in further details, as it was already previously described, there
is still a consideration regarding the calculation of the SSM of time series representa-
tion, which is the similarity distance that is used. In the literature, there are various
measurements that are used, but this work will only use the dot product, as it displays
a behaviour approximately as good as most complex measurements with the benefit of
having a simpler and faster processing methodology. The facility of this method is that it
only requires the inner product of the signal with transverse of itself.

Considering a representation of time series as a matrix X, of (k+xn+) dimensions, then
calculation of the SSM can be defined by

SSM=X'.X

, with X' being the transposed of X, a matrix of dimensions (1 = xk).

5.4 Event Detection

The following section describes the processes to search for different events. With this
said, all these processes do share some characteristics in common:

1. Transform the SSM into a different, more simplified measurement where the in-

tended characteristic is highlighted in 1 dimensional signal.
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2. Perform a change point detection methodology along this new simplified signal to
identify points that represent the intended events.

After explaining the actual detection, it will also be listed a set of variable parameters

for each section. Then it will be described the method of selection used for each database.

5.4.1 Work Period Transition Events

In a working environment acquisition, the subjects” activity can firstly be divided into
two moments: periods of Active Work (AW) where the subject is doing a specific repetitive
and intensive job, and Non-active Work (NAW) where the worker is at the workstation,
but not doing that specific AW, despite also not being necessarily at rest. Examples of
NAW would be moments where they are instructing a partner, breaks in the car chain-
supply, waiting for the next car to enter the manufacturing line, or moving themselves to
a new workstation.

The kernel convolution intends to highlight moments of transition within blocks. The

simplest definition of this kernel would, as such, be (2 x 2) unit checkerboard kernel,

defined as
-1 1 0 1 1 0
K = = —
Box [1 —1] [1 ol [o 1]

This definition considers the kernel as the difference between a "coherence"kernel and an
"anti-coherence"kernel. The "coherence"kernel measures the self-similarity on either side
of the center point, highlighting it whenever these two regions are more homogeneous.
Meanwhile, the second kernel of "anti-coherence"measures the cross similarity between
those two regions, being highlighted whenever these two regions are similar within each
other. As this last component will be negative, the opposite will be expected. With this
said, Kp,, will be used to highlight the regions with a high level of self-similarity, but
yet different between each other. As the interest of this work will be to detect changes
between big-time intervals and not only two-point positions, these kernels will have to
be further extended. Checkboard kernels’ dimension will be defined by (M x M , where
M =2L+1, for L € N. The central column and central row coordinates of the kernel Kp,,
will have the values of 0, followed by four planes which will be either be 1 or -1 according

to the same pattern as previously seen in Kp,,. For example, if L=2, then

-1 -1 0 1 1
-1 -1 0
Kgx=|0 0 0 0 0
1 1 0 -1 -1
1 1 0 -1 -1

To avoid edge effects, this kernel is smoothed with a radially symmetric Gaussian

function. This function is defined as
o(s,t) = exp(—ez(s2 + tz))
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, with the parameter ¢ >= 0 adjusting the level of smoothing applied in the kernel. The
resulting Kernel, will as such be described as :

KGauss(kl l) = (P(S, t) : KBox(S: t)

Furthermore, the kernel is also normalized to compensate for the influence of the actual
kernel size and of the tapering. The normalization is done by dividing the kernel by the
sum of all absolute values of the kernel.

KGauss(le)
Knorm(k, 1) =
Norm (1) Zk,le[—L,L] | KGauss(k, 1) |

Figure 5.5 illustrates an example of this type of Kernel, for L = 10. This process was

mostly inspired by the work made in [145], more specifically over the online notebook of
(174].

m
:

(a) (b)

Figure 5.5: 2D (a) and 3D (b) representation of the kernel Ky,,,,, with dimension of 10
units.

This kernel Ky, is then convoluted along the main diagonal of the SSM. This
process will result in a convolution function Convy, a signal with greater values in the
points with more contrast in between blocks. This methodology will compare at each
point of the main diagonal the close neighborhood at the left and at the right of that point,
and then compare it. In the case of them representing two blocks in the main diagonal
of the SSM with a consistent texture, but still with a considerable difference between
each other, then there will be a significant high peak on the Conv;. In figure fig:schem
convf, it is displayed an example where it is possible to observe the application of Convy.
This signal can visibly highlight the time instances where the SSM transitions from high
valued, squared, and homogenous blocks, which represent periods of NAW, to blocks
with several parallel diagonals equally spaced, which represent the periods AW. From
here, it’s only necessary to use a peak detection methodology to identify the points of

interest.
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Figure 5.6: Schematic of construction of the Convolution Function Convy. Each image
row represents a peak detection process. The first step represents the x coordinate of
the hand accelerometer durig a working period, where the subject has several periods of
active periodic work and periods on non active work, accordingly represented with the
acronyms of AW and NAW at the top of the image.

In this following section, the peak detection methodology was structured in 3 process-
ing phases. Firstly, it was subtracted to the signal its own averaged signal. This method
highlights the peaks of interest present in the signal. Followed by this, it was applied
a smoothing window to diminish or even eliminate the smaller peaks. Then the actual
simple peak finding function was applied, with it only searching for time instants that
had a positive derivative before that point and a negative derivative after that point. The
final process was to select the events with a higher intensity than a given threshold, so

the smaller peaks were not selected as correct points.

There are six variable hyperparameters that will be used for the detection of this
event with each one being related with specific processing steps. Firstly, the Wind,,, and

Overlapy,,c, which were already introduced in section 5.2 will give information regarding
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the process of data representation. Also introduced in this section there is the Kernelj,,
which will regard the process of constructing the convolution function Convy. Regarding
the previously described process of peak detection, there are three parameters to describe
each one of those steps: SubWind,,,, which describes the smoothing window length that
will be subtracted in the first step; SmoothWind,,,, which describes the length of the
smoothing window of the second step; and Threshy,, for the final filtering of that signal.

WD WU WD WU WD WU

H oy TPV ROTTN R e

Conv;
f-‘ Wind , = 9s

/ i '\ r‘ Overlap ¢, =0.8
Kemel ., =20s

Subtraction of the
averaged Signal

SubWind .. =5s

len

L F L Smooth and
! T threshold
P

® 1 s 3 SmoothWind |, =7s

Thresh,,. = 0.2

0 116s

Figure 5.7: Schematic of Peak Detection. The represented example originates from a
cropped sample (number 2) of the UCI database. Each image row represents a peak
detection process, with the right column giving information regarding the process and
the parameters required for that step. The first step represents the z coordinate of the
accelerometer in a cycled process where the subject is asked to walk up and walk down
some stairs, accordingly represented with the acronyms of WU and WD at the top of the
image.

Figure 5.7 serves as example to further clarify the explanation of the peak detection
and parameter selection. Each one of the schematic’s rows depict processing steps to

detect the events of interest. The first phase considers the raw data, with the time series
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representing a transition between walking up (WU) and down (WD) some stairs. Im-
portantly these steps are intercalated with a small transition time interval. During the
second step, it is represented the Convy, which calls for the stipulation of the param-
eters Wind,,,, Overlaps,,. and Kernelj,,. For this example, the values of Wind,, and
Overlapy,, were very purposively defined as very high, when compared to the shorter
transition states, which on average, lasted only about 4,8 s. This resulted in a Convy which
only considered the main states of WU and WD, "filtering out"these smaller transitional
states. Despite this being a helpful tool when it is intended to remove noise or to disregard
some small changes present in different instances of the same type of state, in this context,
it is prejudicial. As such, the third phase will subtract the averaged signal (created with a
smoothing window of length SubWind,,,) to highlight these smaller transitions. Finally,
after further smoothing (with a window of length SmoothWind,,,), the peak detection
can actually be performed in this pre-processed signal. The only requirement in this final
process is that the peaks must be over a threshold described by the parameter Threshy,

to assure that the events found only represent significant changes in the signal.

This methodology was tested in two database: UCI database, and then the Industrial
database. The UCI database contains about 61 samples, each performing and transi-
tioning between several diverse human motions. Due to the large number of time serie
samples of this database, a hyperparameter optimization techniques was used to set the
best possible parameters for each sample. The optimization of hyperparameters is a well-
documented process that can be implemented in various manners[175], with the chosen
process being a Grid Search. Grid Search is the most basic of these methodologies, being
also known as full factorial design. It describes a process where every possible combi-
nation of a predefined collection of parameters is tested and assessed. The predefined
collection of parameters for this section is presented in appendix B.1. As Grid Search
suffers from the curse of dimensionality with the time complexity growing significantly
with an increase on the resolution of the analysis[175], there were only selected some
few values for each parameter. The set of parameters with the highest accuracy value,
obtained with the Grid Search, was then saved, and the measurements of interest were

calculated.

The Industrial database is composed of 11 samples where six operators perform their
work in 2 different workstations. From this database, only seven samples were selected as
some were very homogeneous, being only centered on the AW period and not having any
instances of pause or deviation, which might be of interest to be identified. The parameter
selection process did not include any hyperparameter optimization technique. Instead,
the parameter selection was made manually, since there were very few samples which
facilitated this process. These had also a large volume of data point, which slowed the

algorithm and consequently made the optimization process harder to execute.
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5.4.2 Work Cycle Transition Events

The next logical process is to focus on each one of the detected AW periods and to fur-
ther detect instants of relevant interest, now on this subsegment. The initial assumption
made in the previous chapter was that the work would be recurrent, then to properly orga-
nize the human activity, the most relevant analysis would be to segment the database into
these periodic work cycles. It will be expected that the AW signal will only be composed
of a single fundamental motif repeated recurrently over time.

During this section, there will be analyzed each block of AW individually after the
previous detection has been made, only the subsegment of interest will be transformed
into a SSM. This has the purpose of both simplifying the overall computing process and
taking off the noise related with other time instants not relevant for the analysis. Ideally,
what would be expected to have is an SSM composed only of multiple parallel diagonals
(like exemplified in figure 5.8). These diagonals will represent each instant of the work
cycle motif, giving information regarding their transition points and their length. With
this said, the main purpose of this section will be to identify the time instants where a
diagonal ends and another begins, to annotate the moments of transition between these
motifs.

To detect this type of events, a different variation of the method of similarity function
was used. To briefly review, a similarity function is a univariate time series where each
value represents how different is a specific time instant with the rest of the time series.
With this said, we expect that the points of transition will display a significant valley, in
some way much like the method of matrix profile, which will also later be tested.

To calculate the similarity function Simy, it was made the sum throughout one of the
axes of the SSM.

N
sp(x) = ZSSMix
i=0

with, N being the size of the SSM. Due to the property of symmetry of the SSM, this
function can either be applied over the lines or the columns, with the final result being
the same. Figure 5.8 presents an example of the application of a similarity functionSim;.
This signal has an almost sinusoidal behavior with the valley positions synchronizing
perfectly with the points where the parallel diagonals end in the upper corner of the SSM,
and another one starts in the lower corner of the SSM. These points indicate the time
instances when a work cycle ends and another restart. As such, it is only necessary to
further apply a valley detection methodology, to identify the points of interest.

Also, like the previous section, the valley detection will first pass by a simpler but
much more extensive database, in this case, the HAR database, before analyzing the
Industrial database. The main requirement of choice for the HAR database is that the
sample data should only display a specific human motion repeated periodically over time,

like what is excepted to be studied under a work-related ergonomic context acquisition.
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Figure 5.8: Schematic of construction of similarity function Simy. Each image row rep-
resents a process step. The first step represents the an accelerometer axis signal a cycled
process where the subject is doing an active work exercise. This signal also corresponds
to the second AW period represented in Figure 5.6

Another change in this chapter will be the peak/valley detection process. As the
distance between event annotations does not tend to variate considerably, there is no need
to make the subtraction process, as this was mainly intended to intensify smaller peaks
that were being absorbed into more prominent peaks. Instead, the detection comprises
only the smoothing of the similarity function Simy, and the sequent valley detection,
also without the application of a threshold. This results in a process with only three
parameters: Wind,,, Overlapg,,., which like the previous section, indicate the length
and overlap fraction of the window function, which takes the features along the time
series; and SmoothWindj,, which indicates the length of the smoothing window function
applied to the Simy before getting the valley points of interest.

Much like section ??, there was also applied a grid search, over the various time series
samples, with the parameters of interest being listed in appendix C.1. The reasoning for

this procedure was the same as that previous section, as the database was significantly
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extensive, it is simpler to automatize the adjustment of those values.

The parameter combinations selected were those able to detect all the cycles of interest,
with the smallest value of duration error D, possible. The measurement of duration
errorD, will be further explained in section [subsec:evaluationmetrics]. Once again, the

Industrial database had a manual selection of the parameters.

5.4.3 Sub-Segment Example Search

D(x)

Figure 5.9: Schematic of construction of distance function Disty. The figure schematizes a
simplified representation of an SSM with several repeating parallel diagonals represented
in blue. The strides in green represent the various repetitions of the subsegment in red.
In the bottom there is a representation of the expected behaviour of Dist; with the valleys
intersecting with the starting points of the repeated sub sequences

The two previous detection methods were mainly concerned with the identification of
the structure of the working schedule. However, this subsection will focus on identifying
moments that may have some relevance for the analyzer through a method of search by
example. There is great importance in detecting some specific human action throughout
a working database. For example, if a more concerning motion is performed and detected,
an ergonomist may want to see how recurrently that action is performed, allowing for
a deeper analysis of the ergonomic risk. This proposal will nonetheless require first
identifying a specific motion in the time series, then the method will search for moments
of greater similarity in the rest of the SSM.

After identified the subsegment of interest SSM;(, and considering it has an origin in
the point t; and a time length of L, then a distance function is performed between this
segment and the rest of the time series. To calculate this distance function Disty a sliding
window is applied throughout the matrix, where the sum of absolute differences between
the windowed matrix and the sub-segment of interest is calculated.

x=N
Dists(t)= Y \(SSM(1) - SSMyo)?
t=0
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, where SSM(t) is a subsegment of the matrix which starts in point t and has a length of
L (Figure 5.9). After this, the detection of these events requires only a valley detection
methodology along the distance function. The identified instant will represent the time
instants where the subsegment of length L starts.

The peak detection methodology will be the same as the one made in the previous sec-
tion 5.4.2, with the distance function Dist; being passed by a simple smoothing window
before being identified the points of interest. The parameter set was only composed by
three variables: Wind,,,, Overlapg,,., SmoothWind,,,. The first two parameters would
serve to codify the length and overlap fraction of the window function representation,
while the SmoothWind,,, would inform about the window’s length for the smoothing

during the peak detection.
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REsuULTS AND DISCUSSION

In this chapter will be presented the main results achieved with the proposed methods.
These methodologies will be tested in various databases to evaluate their applicability to
detect the three event types of interest in a human motion data context: 1) work period
transition; 2) work cycle transition; and 3) sub-sequence match with query. There will
also be a joint discussion of these results along with their presentation. For each database,
the results will be presented based on the ground truth of events, being the accuracy of
the method displayed based on metrics explained in section 5.4. Regarding type event 2
(Work Cycle Transition), the results will also be compared with the Matrix Profile.

The structure of this chapter is divided into three sections depending on what type
of event is meant to be detected, as was made in section 5.4. Each section will start by
describing the used score metrics, the peak detection techniques, the parameter variabil-
ity, and other methods of interest to understand the results acquired. This explanation
step will then be followed by the presentation of results of these metrics when applied to
two databases, with the final event of "sub-sequence match with query"only being tested
in the Industrial database. For the first two sections, each method will be tested with
the standard and lab-controlled databases (HAR and UCI databases) before showing its
applicability to the real-environment database from the automotive industry. The results

will be discussed afterwards.

6.1 Change Point Detection

The problematic of the change point detection is described in section 5.4.1. Shortly
summarised, a kernel convolution is used to create a convolution function Convy, which
is a time series where each sample point represents a value of how the data is dissimilar

from behind and beyond that time instant. The peak points are then identified as events,
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as these point instants represent moments of significant dissimilarity when compared
with their neighboring area. Before moving to test the Industrial database, this section will
start by providing an analysis of the UCI database, as it affords a continuous sequence of
various simple human motions at different time lengths and repetition cycles. The intent
of this is to test if the algorithm can indeed segment efficiently different types of human
activities. Over this section, it will be used the term state to describe a homogeneous type
of human motion that is expected to be identified. To clarify, this means that after all
change point events are detected over a time series, it will be segmented into various non
overlappingstates with each one representing some different dynamic behaviour of the

signal.

6.1.1 Evaluation metrics

To assess how well the algorithm identifies the transitions, the events identified by the
algorithm Bgg; will need to be compared with the ground truth annotations Bg,f of the
data. These are obtained a priori, with the case of the Industrial database being labeled
manually, while the UCI database had its annotations already provided in the online
source. With this setting, the definition of a correct event detection should not be seen
simply as determining if the time instant of the found event is equal to the respective
ground truth annotation, as in essence, this precision would be close to impossible. The
ground truth is not necessarily the most precise value, as for instances in the case of
the Industrial database, the annotations were done manually by analyzing the video
recording done during the acquisition. Despite being a good method, it still is susceptible
to small divergences when transferred to the actual signal time series. Furthermore,
human motion signals are very complex and noisy, besides, a repeated human motion
tends to return mildly different signals each time, and a specific motion might also be
divided into hierarchically less specific motions. An example would be the ECG or Gait
Signal, which, despite having an easily identifiable structure, can be further sub-divided
into other minor recurrent waveform structures (ECG into P wave, QRS complex, and T
wave; Gait into Heel Strike, midstance and toe off). These substructures might incorrectly
be seen as segmentable options by an unsupervised algorithm. This concern regarding
the various forms that the same signal might be divided was solved by applying several
smoothing steps throughout the data processing and by creating adjustable parameters
which codified, in part, the degree of smoothing applied. This way there can be delineated
a resolution of events of interest to be detected by the analyzer while at the same type
removing unnecessary information. Nonetheless, this usually involves a loss of precision
of the detection process. As such, it will be argued that the main interest will not be to
identify the exact time instant of annotation, but instead that the detection of the event
should be close enough to the event annotation that it is concluded that what is being
identified is indeed the dynamic behavior of interest. The easiest method to achieve this

will be to define a tolerance distance 7 centered in this ground truth points, such that the
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events are only considered as truth if it fits within this close time interval.
To further detail on this subject, let us consider a ground truth annotation of an event
bRef e Bg.r and the respective event estimation made by the algorithm bEst € Bgy,. Then,

the transition event is correctly identified if
| pEst _ bRef <t

These instant occurrences are defined as True Positive (TP). On the other hand, the
remaining b®*! which do not fulfill that condition are defined as False Positive (FP). Like-
wise, the remaining bR¢/ with no events in its T-neighborhood are considered as False
Negative(FN). Now, if it is analyzed a more ambiguous case scenario, given a bR/ point
instant, if, within the time interval of its T-neighborhood, there are present several bEst
then one will be considered a TP point, while the others will be considered as noise and
be counted as a FP points. Between these events, the one singled out to be TP is the bs!
instant with the closest time distance to bR¢/,

After defining these occurrences, it is possible to calculate the accuracy metric, defined

by the expression of
nTP

A=
nTP+nFP+nFN
where nTP, nFP, and nFN represent the number of TP, FP, and FN instances counted,

(6.1)

respectively. This formula is a variation from the classic accuracy formula from statistics,
where the True Negative (TN) number of occurrences (nN'TN) would also be added to
the nominator and the denominator (A = nTP + nTN/nTP + nFP + nFN). Given the
previous descriptions of the occurrences, what would be expected is for the TN points
to be all the points that are correctly not altered. In other words, they would be all the
time series coordinates that are not included either on Bgg; or in Bg,r. However, this
classic description raises a problem, as, under it, nTN is not only far superior to the
sum of nTP, nFP, and nFN, but they also result in very different values depending on
the sampling rate of the signal. This is an issue that is defined in the literature as an
imbalanced classification. Meaning that not only, the accuracy results would constantly
be very high, but that it would not be possible to compare signals of considerably different
lengths or different sampling rates. The accuracy measure intends to theoretically assess
how many correct predictions exist among the total number of cases examined. The
reasoning behind the formulation of equation (6.1) is that if it is only considered the
cases of interest to be the assessed event points, then we can eliminate the TN from the
formula. Nevertheless, it will also be presented the results of precision (P), recall (R),
and F,-score (F), as these are statistic measurements that do not require to take into
consideration nT N, with the last one being cited as a common substitute to be used in
a binary imbalanced classification context[176], like this one. The formulation of these

measurements are followed below:

P nTP
- nTP+nFP
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R nTP
nTP+nFN
2PR
" P+R
This entire explanation still requires the pre-definition of the value 7. Theoretically,

T could vary within the time intervals of

| pRef bRefk |

k+1 —
2

0<t<

, with the last part of the equation meaning that the maximum value does not make
sense if it is superior to half the distance between two consecutive event annotations.
Because this will mean that the tolerance windows will overlap with each other and that
the tolerance value is superior to the time length of the states under analysis. For each
time series sample, the T was defined as being the maximum value possible, as these
will return the best possible values. This is the minimal value of the distances between
reference events divided by 2.

To also retrieve information about how different the time records of Bg; and Bg,f
are, it is also required to have approximation measurements. For this end, the selected
measurement was the MAE, which is defined as the mean value of the absolute difference
between every b%** and bR/ match. In the case of FN or FP instances existing, those will be
ignored for this assessment, and only the TP will be considered. This liberty can be made
due to the first analysis concerning the accuracy, with the intent of this approximation
error analysis being only to understand how far away the events correctly classified are

to ground annotations. The formulation of this measurement is the following
1 n
_ - Est 1 Ref
MAE_HZ;M bRef | (6.2)
n=

, where n is the nTP, and bF*! € By, bR/ € Bgey are in this context the time coordinates

for each of the matched TP instances.

6.1.2 Human Activity Change Point Detection

The following section will serve to present and discuss the results retrieved from the
UCI Database. As this database is too extensive, having 61 different samples, there was a
need too summarize their presentation. The results of this method are all discriminated
in appendix B.3, with the smaller table of 6.1, providing an overview statistical summary.

From table 6.1, the first conclusion to be taken is that as long as the parameters are
properly adjusted, this method can provide very high values of A, P, R, and F. This
proves the validity of this methodology for detecting moments of transition between
different human motions in inertial sensor signals. The example provided in figure 6.1
illustrates two examples of a perfect classification of events, where the blocks created

by the SSM, and the peaks that exist in the pre-processed Convy are visually evident
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Table 6.1: Statistical summary of the A, R, P, F and MAE results, for the detection of type
1 events, over the UCI Database. The discriminated results for each sample are presented
in appendix B.3. This table focus on presenting the distribution of these measurements
through: the first and third quartiles (1%t Q and 3™ Q, respectively), the mean, maximum
(max), and minimum values (min), for all the time series samples of UCI Database.

A R P F MAE()

min  0.73 0.76 0.76 0.84 0.31
1*Q 0.83 09 09 091 0.62
mean 0.88 0.94 0.93 0.93 0.89
34Q 092 1 1 0.96 1.14
max 1 1 1 1 1.84
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Figure 6.1: The 2 best case scenario examples of a detection of type 1 events, in the UCI
Database. The colored blocks indicate what type of motion is being performed in those
time instances, with block 1: transition between sitting, standing, and lying states of
motion; block 2: walking; and block 3: walking up and downstairs. The larger squared
image in the center represents the SSM of the time serie sample 3 for subfigure (a) and 35
for subfigure (b). The higher values of similarity are indicated with a red color and lowest
with a blue color. The signal of blue color represents the respective Convy, the dark lines
represent all the Bg, s instants and the green points represent TP instances of Bgg;.

to intersect perfectly with the respective ground annotations. The examples of figure
6.1 represent a perfect classification because not only all the eventsBg,s were found but
there was no instant of a false classification. Moreover the MAE were considerably small
being 0.87s and 0.86 s, for subfigures 6.1a and 6.1b, respectively. These two examples
also inform about the composition of the tested data, as most samples followed the same
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structure of these examples. Most samples were about 349,19 s (varying within 151.52-
460.8 s) and had about 21 states. Most of these states represented simple human motions
as described in section 4.2, notwithstanding some few shorter states also represented
transitional periods between those requested motions. The most common structure of
these samples usually started by transitioning between sitting, standing, and lying, with
each states lasting on average 2.29 s (with the dispersion of time between these three
motions being reasonably similar), represented in the top corner of the figures 6.1 and 6.2,
by the block 1. This was followed by a walk usually intercalated with stopping intervals
and represented by block 2. The states of continuously walking would vary a lot between
2.8 - 28.2 s but being on average closer to 19.21 s; meanwhile, the stopping intervals
tended to happen only one in each sample, with the highest number of occurrences being
three, also in a much shorter period, never surpassing 10.2 s. In the end, they would
perform the shorter motions of walking up and downstairs during block 3, with these
being repeated 3 or 4 times (excluding an anomalous sample with 0), lasting on average
12.16s (between 4.3-17.89 s). The significance of these deeper inspections is that by being
validated with this database, it means that this methodology is also able to: 1) separate
significantly different temporal dimensional states of human motion; 2) separate between
repetitive states (like walking or going up or downstairs) but also between static ones (like
sitting, standing and lying); and 3) separating between significantly similar actions like
the ones which were previously listed.

After obtaining the best possible set of parameters for each sample, it was retrieved
the TP, FP, and FN occurrences, and from those, it was calculated the scores of A, P, R,
and F. It was obtained an average A value of 0.88 for each sample, a considerably great
value. The smaller accuracy registered was as great as 0.72 and the highest as 1, with
six sample acquisitions displaying this perfect A score, which means that despite most
samples still having some wrong event identification, these classifications are relatively
few and usually distributed throughout the samples. Even in the cases where the event
identification is not perfect, this methodology still provides a relatively good result. As
expected, the f-score provides results relatively similar despite slightly higher. The sam-
ples with the highest score of 1 are still the same, but the lowest value is 0.84, and the
mean is 0.93. In contrast, the P and R measurements are more tendentious to have higher
values, having a skewness of -0.66 and -0.91, respectively, while the A and F-score had
a skewness of -0.25 and -0.08. These values describe a considerably higher distribution
of P and R towards greater values, while A and R distribution remain considerably more
centralized. This is an interesting contrast, as F-score considers the values of P and R in
equal proportion in its formulation. Such a different behavior from P and R, to R means
that when one of the P, R scores is in its minimum, the other measurement tends to be
on its maximum range values. In other words, in the samples with a lower score, there
tends to either exist an oversized number o FP or FN, seldom some rare exceptions they
are in approximate proportions. In this context, when possible, it is preferable to opt

for a greater recall instead of precision. A presence of FP could be noticed in a further
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Figure 6.2: Some of the 2 worst case scenario examples of a detection of type 1 events, in
the UCI Database, when considering the A value. The colored blocks indicate the motion
type, with block 1: sitting, standing, and lyingn; block 2: walking; and block 3: walking
up and downstairs. The SSMs are calculated from the time series sample 57 and 6, in
the subfigures (a) and (b), respectively. The signal of blue color represents the Convy,
the dark lines represent all the Bg, instants, with the dashed dark lines representing an
undetectedBg, s instant, i.e. a FN instant. The green points represent TP instances of By,
while the red points represent FP instances.

analysis of the results, as, after all, the motivation of this work is to serve as a support for
the analysis of ergonomic data. There was always assumed by the start that there would
be some following interactivity with a user, as such, the identification of FP becomes
a process much less demanding to solve when compared to FN. The FN assumes that
there was an inability to distinguish between different motion states, which requires an
assessment of the entire time series, a much greater effort that as such should be avoided.

To better understand the limitation of the proposed methodology, the worst scoring
samples were analyzed, and the contexts where the detection fell behind were noted. To
facilitate the following explanation, Figure 6.2 will provide some visual support to better
understand the difficulties of this type of event detection. To simplify, the following
explanation will focus on the A, but the pointed concerns are relevant in samples with
lower P, and R. Overall there were pointed three types of instances that led to a lower A

score:

1. In some case samples, some motion changes were performed during the database
acquisition but were not annotated. This happened mostly during the first seconds
of acquisition (subfigure 6.2a 0-20 s, subfigure 6.2b 0-70 s), but could also happen
in between motion states(subfigure 6.2a 224-232 s, subfigure 6.2b 321 s). Despite
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being a concern more related to the annotation instead of the methodology, this
point issue was indeed a factor that was often present in these results, lowering the

overall score measurements.

2. There might be some miss adjustment of the parameters across the time series.
As it was already explained, the ideal parameters will be associated with the time
duration of the state subsequences which are meant to be identified. What may
happen in some time serie samples is an extreme variation in the length of different
states. This means that the parameters optimized for some states are not suitable
for different states of the same time serie. This may lead to one of two outcomes
to happen or 1) the transition representing either the beginning or the ending of
a certain state is not identified, due to the fact of them being subsequences that
are too brief in time, and the parameters used being too great. Leading to an over
smoothing and the absorption of these events, falling to detect an event that was
annotated and consequently increasing the nFN. To serve as an example there are
subfigure 6.2a within 312-316 s, subfigure 6.2b within the 430-437 s). In both of
these cases, there is a noticeable but small peak, which is unfortunately too small to
pass the specified threshold; 2) Conversely, the transition between states may also
develop multiple points when only one was expected. Contrary to the previous
concern, sometimes the transition may be considered approximately instantaneous,
although in practice is much slower, at least when comparing to the predefined
parameters. This, as expected, will lead to an increase on nFP, with some examples
including subfigure 6.2a 224-232 s, subfigure 6.2b 144 s, and between 252 - 260 s.

The first point is primarily due to a limitation provided by the database annotation, as
it was not without some noise associated with unpredictable motion changes. With this
said, despite the methodology used not being directly at fault, it means that the algorithm
still can be sensitive to changes that were not predictable initially by the user and that
care should be taken into consideration. The second issue is much harder to solve, but
it seems that there needs to be some consideration relating to the dynamic nature of the
time series, as the parameters which are adjusted for the identification of a specific state
might not be appropriate for another state of a much shorter or longer time dimension.
With figure 6.2 it was possible to see that the parameters may both be too small and
too high for different states in the same time series. This analysis is essential to make
further improvements while acknowledging the limitations of the current methodology,
but overall we can conclude that FP instances are usually associated with a specific motion
that is somewhat present in the data but is not intended to be annotated. Meanwhile, the
FN instances are related with an over smoothing of the data making the prominence of
the events too short to be efficiently detected.

As introduced before, these results are all obtained with the predefined assumption
that there is a degree of tolerance 7, where the identified events B, are matched with ref-

erence points Bg, s independently of how distant these points are from each other, as long
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as they do not go over the 7 threshold. Of course, there is an interest in understanding
how different the annotations made with the proposed kernel convolution and the ground
truth are. To this end, there was retrieved the measurement of MAE to understand better
how different is Bgy; and Bg,, with the formulation having been presented in 6.2. By cal-
culating the MAE for each sample, an average value of about 0.89 seconds was obtained,
varying between 0,31 and 1,84 seconds. Overall, these are all very small time distances,
especially considering that the time series samples are on average 349.19s. Adding to
that, the maximum distance of error between an event and its matched annotation is 6,7

seconds, a yet reasonably close error.

Figure 6.3: Some of the 2 worst case scenario examples of a detection of type 1 events,
in the UCI Database, when considering the MAE value. The subfigure (a), represents
a zoomed sub-section of the time serie sample 36, meanwhile subfigure (b), represents
the time serie sample 20. The signal of blue color represents the Convy, the dark lines
represent all the By, s instants, with the green points represent TP instances of Bgy;. The
subfigure (a) presents the Br;, Br.s match with greatest error within all the database and
subfigure (b) presents the worst MAE score, with it being 1.84s.

Once again, by analyzing the worst-case scenarios, it is possible to identify that the
highest MAE distances were due to some particular circumstances. Figure 6.3 will display
samples that display the worst MAE score to further serve as examples when explaining
the major concerns of this methodology. As already mentioned, there are some samples
with disturbances happening during the first seconds of acquisition. In the example
of subfigure 6.3a, the first identified point is farther from its respective reference point
than the other instances. This actually represents the greatest distance error acquired
in the entire UCI database, and it is due to the motion before the acquisition being very
similar to the first state, which in this case was just «standing». This, of course, is more

an error of annotation than an error of the algorithm’s performance, but once again, it
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Table 6.2: Statistical summary of the parameters, for the detection of type 1 events, over the UCI
Database. The discriminated results for each sample are presented in Annex B.2. This table focus on
presenting the distribution of the selected parameters through: the first and third quartiles (15t Q and
314 Q, respectively), the mean, maximum (max), and minimum values (min), for all the time series
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reveals that it can still be sensitive to noise and that this concern must always be taken
into account. In the second subfigure 6.3b, we can observe a different case. This is an
interesting case because despite it having a maximum Accuracy score of 1, it has the
lowest scores of MAE. Moreover, it also follows a very different structure than most
other sample time series from this database, only having the equivalent to a block 1
displaying only the motions of sitting, standing, and lying. The explanation for this worst
measurement is because the states are without one exception considerably significant
in time, especially when considering the size of the time series, which is much more
reduced. This leads to an enlargement of the windowing parameters, in this case, more
of the Wind,, and the Kernelj,, with the final objective of not identifying the lower-level
motions which are not of interest. The risk of a greater extension of these parameters is
the over smoothing and loss of temporal definition of the data, consequently results in a
greater lag between the time instant where the information had initially been and where
it is actually represented. In subfigure 6.3b it is visually evident that the Conv; and the
SSM have a meager resolution due to parameters that were very highly defined. Resulting
in a considerably great difference between the point detected Bg,s and their matching

ground annotations Bgg;.

samples of UCI Database.

Windy,, (s) Overlaps,,c Kernelj, (s) SubWindj,, (s) SmoothWindy,, (s) Threshya

Min 1 0.5 5 5 0 0
tQ 1 0,6 10 10 5 0
Mean 5.13 0.71 13.93 15.16 6.31 0.06
3dQ 9 0,8 20 20 10 0,1
Max 17 0.8 25 20 15 0.2

As a note regarding the parameterization of this function, it is self-evident that there
is some considerable variability within the values considered, being hard to interpret
any infallible rule of selection within these results. Moreover, as the parameter selection
method was a simple grid search, there is still much space to make optimizations, and
it means that these values might just be brute approximations of what are actually the
best set of parameters for each time serie sample. Non-withstanding, there are some
interesting patterns that surged when considering the entire set of the data results. As
for starters it seems that the value of the Wind,,, tends to be close to the duration of the
shortest state which vary between 2.8s and 7.1 s, per time serie sample. Meanwhile, the
mean Kernel),,, value tend to be closer to the average value ofstate duration, which varies
between 10.28s and 19.92s, per sample. These conclusions in retrospective make sense, as

a Wind,, closer to the smallest state duration is essential to make sure that all states are
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somewhat differentiated before transporting that information to the SSM. Otherwise, this
smaller states would, in theory, tend to be enveloped in the representation step by their
neighborhood. Concerning the Overlapy,q,, its value much interestingly tends towards
0.7, proving that it is unnecessary to increase this parameter too much, as it also has
the disadvantage of considerably enhancing the time requirements of the algorithm. The
parameters SubWind,,, and SmoothWind,,, vary a lot between the set of values provided
in the grid search, which do not allow to retrieve any definite conclusion. The threshold
is always considerably small, even within the small values which were provided, leading
to the conclusion that the states are considerably well discriminated, with each one being
differentiated enough to be easily detected. This is an exciting conclusion as similar states
like «walking upstairs» and «walking downstairs» would, at first sight, seem to be very
hard to distinguish when using an unsupervised algorithm without previous information
related to the data. This analysis is important as the assessment of these relationships

can facilitate parameter selection for future processes.

6.1.3 Working period segmentation

The following section will serve to present and discuss the results retrieved from
thelndustrial database. Most samples that were selected for this analysis were composed
chiefly by instances of periodic AW motion, whose duration would vary between 187 s
and 1169.11 s. These instances would be intercalated with 1 to 3 moments of rest, which
tended to be much shorter, lasting on average only 128.53 s. Also, all of these samples had
a calibration time at the start of the acquisition, which might vary considerably between
65s and 211.39s, with some cases also having another calibration phase at the end of the
sample acquisition. During NAW periods, beyond the calibration posture and just being
at rest, the worker may be waiting for the next piece of the assembly line, it may be giving
or receive instructions or transit between different workstations. However, it is important
to retain that these moments of NAW were not necessarily periods of inactivity. As such,
the main objective of this section will be to segment, from the complex motion time
series, these various states of AW and NAW, by detecting the events which represented
the instances of transition.

Figure 6.4 schematizes this process, where a SSM constructed over the time series of
sample "Opr2 Wkst1&2"is decomposed into 7 blocks along the main diagonal, with 4 of
them representing NAW states and 3 blocks representing AW states. The NAW blocks
translate instances when the worker is not performing the actual intended work. In this
case, the first and last blocks of the time sample represent processes of device calibration
at the start and the end of the acquisition. There is also a period in the middle of Wkst1
when there is a stop in the assembly line, and the subject remains still while waiting, and
another third block where the worker moves into a new workstation. The other three AW
blocks represent periods of work in two different workstations, with the symbols "A"and

"B'distinguishing between the workstation type. The different structure of these blocks
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Figure 6.4: Schematic of type event 1 (work period transition) detection. The presented
example comes from time serie sample of "Opr2 Wkst1&2".The left column has an SSM
in the top corner and the raw data of the x coordinate of the Acc in the bottom corner.
The left column presents a schematic division into blocks of the SSM, where the borders
of these blocks present the events which are intended to be detected. The blocks are
also coded in bottom corner with various symbols: Ci - NAW,Initial calibration; A - AW,
work on Wkstl; B - AW; work onWkst2; S1 - NAW, first resting phase; S2 - NAW, second
resting phase, Cf - NAW, Final calibration.

Table 6.3: Results of type event 1 (work period transition), discriminated per time serie
samples. Measurements of P, R, F, A and MAE, of each according sample.

TS sample P

Oprl Wkstl 0,78
Oprl Wkst2 1
Opr2 Wkst1&2 0,86
Opr3 Wkstl 0,80
Opr4 Wkstl 1
Opr5 Wkstl 1
Opr5 Wkst2 1

F A  MAE(s)

0,88 0,78 11,87
1 1 34,77
0,92 0,86 10,17
0,89 0,80 3,21
1 1 8,83
1 1 8,54
1 1 8,38

r—\»—t»—k»—t»—\»—t»—\w

along the SSM main diagonal is visually evident, and the objective of this section will be
to identify these point transitions between blocks, so that these events may summarize

the entire time series into smaller nonoverlapping motion states.

Overall this process was very successful without the necessity of a very intense search,
and by performing a simple manual optimization of the parameters, most events were
able to be detected. The measurements of the algorithm’s performance are summarized

in the following table 6.3. It is possible to see that 4 of the 7 samples had the perfect score
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measurements, detecting every single intended event without any false classification.
From the remaining 3 samples, the false classifications were all FP, which, as previously
explained, are more affordable given the current context when compared to FN classi-
fications. As such, it was given greater significance on the measurement of R against P.
This means that the identified FP events just tended to divide the NAW states into various
sub-states, which might be comprehensible as there might be a more complex motion
description within these time instances. However, this is a manageable error, as long
as there is still a clear segmentation between the AW time instance from the remaining
time series, the segmentation of the NAW is irrelevant for the context of the problem.
Examples of when such a thing can be seen are present at 102 s and 1062 s of "Oprl
Wkst1"(subfigure 6.5a) and in the 486 s of "Opr 2 Wkst1&2"(subfigure 6.5c). This results
in a maximum recall score for all the time series samples, and a precision value high but
yet imperfect for "Oprl Wkst1", "Opr 2 Wkst1&2"and "Opr 3 Wkst1".

The time series which were provided in this database were not composed by many
states, having only between 3 - 8 state motions. But like the previous section 6.1.2 there
was a significant time variability within these samples transitioning between very large
states of AW, to shorter states of NAW. As predictable, this fact tended to diminish
the performance of the algorithm, as it was not possible to smooth areas of the data
extensively because of the shorter NAW states. However, due to this fact, surged an
interesting pattern that was not so noticeable in the previous section 6.1.2 where the
parallel diagonals were much more prominently observable in the SSMs. This leads to
a much noisier Convy, with a lot of high-intensity peaks constructed as a consequence
of those parallel diagonals. This can be, to a degree, observed in the various figures of
6.5, where most of these peaks tend to appear in time instants of transition between
parallel diagonals. As a response to this, there was a significant increase over the values
of Threshy, to filter out these more intense noise peaks. As those still tended to be
smaller than the peak events that indicated a transition between AW and NAW blocks.
However, if the NAW block which is intended to be detected is considerably short, those
peak noises may acquire significantly high intensities. In the case of the sample "Opr 3
Wkst1,"this happens, resulting in the only FP point which was detected within an AW
period.

Regarding the MAE value, these tended to be greater when compared with the previ-
ous section 6.1.2, being on average 11.25 s, and varying between 3.21 s and 27.77 s. This
was expectable as the applied parameters were considerably larger, leading to a higher
smoothing factor that distanced the events from their ground annotations. Notwithstand-
ing, when considering that the AW period of interest tended to be about 1169.11 s and
even the smaller states tended to be of 128.52, these MAE values can be seen as too short
to be considered a significant hurdle for the analysis process.

Usually, the methodology of kernel convolution is pointed in the literature as a tech-
nique for change point detection, between states. In practice, what it does is to search in a

SSM for two intensely consistent blocks, which are at the same time considerably different.
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As already it was already seen, when fitting this database to the proposed methodology,
the greatest difficulty of an optimized detection was that the SSMs constructed tended to
have prominent diagonals. During a paper publication related to this thesis work, instead
of this methodology, a technique more closely related to the one of the next section(whose
methodology is described in section 5.4.2) was proposed [177]. Instead of constructing a
convolution function Convy, it was calculated the similarity function similarity_funct
and the time instances with a significantly lower similarity score would be considered
as anomalies and annotated as time instances of NAW. This technique is more directed
towards the analysis of motifs over SSM, and as described in the paper, it would also be
able to be used under this specific context. However, it was not the methodology pursued
in this work because it would not work for too similar motions. If the objective was to
detect moments of transition between two similar workstations, this technique would not
probably work as efficiently. Notwithstanding, it is essential to refer the potentiality of
this type of processing, as it was able to detect most of the specified NAW periods with a
high average accuracy of about 82.67%[177].

Overall, this has proven to be a valid proposal to segmentate the time series of interest.
Despite the small amount of data, it was possible to segmentate the database with great
success into the intended ground annotation, meanwhile still having a significantly low
number of false classifications. Not only that, as most of these errors tended to be FP
and within the NAW periods, which made them negligible inaccuracies. The greatest
limitation yet to improve upon in respect to the analysis through SSM relates with the
storage and time complexity of this method. The size of the SSM can cause memory
errors for signals with a large number of samples, increasing the memory requirements
by a quadratic function. Adding to that, the extraction of features step turns the process
considerably slower. These are considerations that should be further optimized in future

work.
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6.2 Cycle Segmentation

The cyclic segmentation was described in section5.4.1, where there is taken advantage
of how a signal described by the systematic repetition of a single motion will be repre-
sented in a SSM by several parallel diagonals across the matrix. When calculating the sum
of the matrix over a single axis, what is constructed is a similarity function Sim¢ where
each point coordinate represents how similar that point coordinate is with the remaining
time series’ coordinates. This of course will be minimal in the little transition instance
between the ending part of a cycle and the starting of a new one. By detecting the valleys
within this Sim; it’s expected to detect all events of interest. This section will describe
how well this methodology works when applied over the HAR database and then under
the Industrial database. The first describes a set of data where there is a cyclic repetition
of specific human motions. In the end, the analysis of the Industrial database will be

resumed from the point it was left in section 6.1.3.

6.2.1 Evaluation metrics

Despite also performing a point event detection, unlike the previous section 6.1, the
interest of this study will not necessarily insist on the detection of the instant transition,
but instead on how consistent and close to the reality are the motifs that are recursively
repeated along the time series. Motifs can be a subjective tool, considering the case
represented in figure 6.6, it is possible to see discriminated into sub instances a work
cycle from the sample "Opr2 Wkst1&2", of Industrial database. However, the motifs
detected may not necessarily be the same as those represented in the image, and this
does not mean that the detection was not well performed. In other words, instead of the
motif being considered a sequence of the instances 1, 2, 3, 4, 5, 6, like it was in 6.6, the
detection algorithm might segment the data in the transition from 2 to 3, returning a
motif described by the sequence 3, 4, 5, 6, 1, 2. This is not necessarily incorrect, as long as
the following cycles are also segmented in the same transition point, it can be considered
a work cycle motif. This consideration means that the assessment will insist more on the
question of the consistency of the detections made rather than on how close they are to
the labeled positions.

The required metrics will, as such, need to be different to assess the performance of
the event detection process properly. In the following section, there will be two measure-

ments to make the analysis of this method:
1. number of cycles detected

2. calculate the error between the duration of the ground truth segmentation cy-

cles and the algorithms segmentation cycles

The first point is somewhat evident. The focus was to assess the consistency of the found
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6.2. CYCLE SEGMENTATION

Figure 6.6: Representation of a work cycle from the time sample "Opr2 Wkst1&2", of
Industrial database. The example represents a work cycle from the first work station
Wkstl. The top region depicts the signal from the x coordinate of the Acc acquisition.
The lower region has various intant representation from a video recording, displaying the
various phases of work of the work cycle, during which a worker interacts with various
tools and performs various minor motions.

moments. For this, there are counted the number of cycles correctly segmented. A cy-
cle segment is considered correct if the moments at which the cycles are segmented
correspond to a consistent position on the signal. Even if the segmentation of cycles
occurs delayed from the ground truth-selection, what is evaluated in this category is the
algorithm’s consistency in defining the working cycles. Meanwhile, the second point
intends to assess how different are the events found from the ground annotations. The
ground-truth duration of cycles is compared with the duration of the detected cycles by
calculating the absolute difference between these time intervals. This error is expressed
in terms of seconds per a 100 s cycle or equivalently the duration percentage of the cy-
cle. Overall, this last measurement intends to return how squished/extended the motifs
detected compared to the ground truth.

To clarify the second metric D, of error between the ground truth and the segmented
algorithm, let us consider a Bgy; and a Bg,s of equal lengths. Then the first step to
retrieve the error is to associate each point of bRef ¢ Bgef to a point of b®t € Bg,,. This
relation is made in such a way that the error distance between all matched points D), is
as minimized as possible.

Dpp(bRef, pEsty = pEst _ pRef

, with bRef | pEst being the detected event and ground annotation which were matched.

By expanding this definition to the organized vectors of By and Br.y, it’s possible to
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define the error between matched events and annotations also as a vector defined as
Dpp(BRef: BEst) = [bESto - bRef() bEStn - bRefn]

, where n is the number of retrieved events. With this, the error between each cycle

D, will be calculated by determining the distance by which each estimated cycle c£* is

dislocated from the ground truth annotation cycle cR¢/.

DCC(CESt, CRef) — CEst _ CRef

, where ¢t and cR¢f were cycle durations, with c£** defined by the distance between two

sequent bF**; and cR¢f by two sequent bR%f. As such this formula can be further simplified

to

Dic(e5, e8) = (05 0y = 051) = (08T 1y = bR
Dec(e5,¢8) = (05 g =08 1) + (05, 51,
DCC(CEStl CREf) = DPP(bEStn+1f bRefn+1) - Dpp(bRefnr bEStn)

Once again, this formula can be generalized to Bg, and By, , obtaining the distance error

between all considered cycles
Dec = [Dpp (05511, b7 1) = Dy (bR 0, b1 ) ... Dpp(bE , bRET ) = Dy (07 ,_y, BEY,, )|

Having the formula of comparison of duration between the £ and cR¢f, it’s still
nonetheless an irrelevant value if it does not have any point of reference. As such the
measurement of D, will be expressed in relation to the duration of the reference cycles
cRef , which are being analyzed. In the end, to unify the various error annotation we only
consider the mean absolute value of this vector. In summary, the final measurement can

be expressed as

DE! ) BREF 1)-D, (R b )| | Dy (05 %7 )-D, (07T b, )|
bEstl_bEstO bE”n—bEStnq

D, = mean([|DPP(

|Dpp(bESt1,bRgf1 )_Dpp(bkchIbES[O)I |Dpp(bEStnrbkefn)_Dpp(bRcfn—lrbEan—l)|

; S +ee+ = ;
pEst, _pEst pEst _pEst _
D, = ! 0 . nl x 100%
n

These results will also be retrieved with a matrix profile (MP) algorithm for the pur-
pose of comparing this method with some more established methodology. The choice of
this algorithm in specific relates to the fact that the MP has already proven itself as a valid
tool for detection of similar events in a workplace environment, as previously referred to
in section 3.2. For the implementation of the matrix profile, it was used the stumpy [178]

library.
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6.2.2 Cyclic Motion Segmentation

The following section will serve to present and discuss the results retrieved from the
HAR database. The HAR database has about 15 different time series samples, each one
representing the cyclic action of a specific human motion. This database is not as exten-
sive as the previous UCI database. Still, unlike the other databases which only consider
time series retrieved from Acc and Gyro sensors, each sample has a much greater dimen-
sion resultant of several biosensors retrieved during the acquisition phase (EMG sensors,
electrogoniometer, airborne microphone, a piezoelectric microphone, force sensor beyond
the already refereed 3-axial Acc and Gyro sensors), as it was already explained during

section 4.1.

Table 6.4: Detected cycles and D, results of the detection of type 2 events, over the HAR
database.

TS sample Detected Cycles D,(%)

1 19/19 13,25

19/19 8,81
3 19/19 8,82
4 19/19 5,82
5 19/19 9,73
6 19/19 6,69
7 19/19 6,18
8 19/19 5,26
9 19/19 6,66
10 19/19 6,97
11 31/31 7,22
12 19/19 8,19
13 19/19 8,96
14 19/19 12,30
15 19/19 6,81

Despite using only very simple methods of valley detection and of hyperparameters
optimization, it was still a very successful technique as it identified all the intended cycles,
with a considerably short D,. This proves that the Sim is indeed a very useful tool, valid
for the analysis of the recurrence behavior of the SSM. Regarding the values of D,, these
tended to be significantly small as well, proving that the found cycles were very similar in
duration with the ground annotations. Despite this, most events were rarely intersected
with the ground annotations. Instead, the most common was that all the events had some
delay in relation to the ground annotations, which was perpetuated over the time series.
The D, were in average 8.56%. This means that on average, if the reference cycle cR¢/ had

100s of duration, the cycles detected cFs!

were either squeezed or stretched by about 8.56
s. Some examples of good detection are further displayed in figure 6.7.
These D, values present a very small deviation and prove that the algorithm accurately

detected the intended cycles. Most time-series samples had D, values relatively close to
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Figure 6.7: The 2 best case scenario examples of a detection of type 2 events, in the HAR
database. The larger squared image in the center represents the SSM of the time serie
sample 4 for subfigure (a) and 8 for subfigure (b). The signal of blue color represents
the respective Simy, the dark lines represent all the Bg,s instants and the green points
represent TP instances of Bgg

this average of 8.56 %, as can be seen by a very small interquartile range of only 2 %,
against the 9.9 % max-min distance. However, there were still some outliers with yet
significantly higher D, values (13,24 % in sample 1; 15,16 % in the sample 11; and 12,3
% in sample 14), which means that despite the overall success of this methodology there
still needs to be taken care on the process of analysis, as there might exist some cycles

detected which are less precise than others.

6.2.3 Working Cycle segmentation

Once again, the data provided from the Industrial database will be tested to under-
stand if this methodology is valid for a labor context acquisition. However, unlike section
6.1.3 where the data was used in its integrity to detect the transition state events, this sec-
tion will instead just focus on the intervals of interest. As such, by applying a mask over
the time intervals of NAW, this analysis may focus only on the intended cycle segmenta-
tion. Additionally, the time series which were not considered in the analysis of section
6.1.3 will be used in this analysis. This totalizes into 11 time-series samples where six
operators perform their work in 2 different workstations. The method of selection of the
parameters Wind,,,, Overlaps,,. and SmoothWind,,, will also be made manually.

Table 6.5 presents all the results of interest, with these also being further compared
with an event detection made by the matrix profile algorithm. As previously mentioned

in section 3.2, the matrix profile algorithm has proven itself to be a good technique for
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Table 6.5: Detected cycles and D, results of the detection of type 2 events, over the Indus-
trial database. With the results being separated according with two different methodolo-
gies with the SSM being the technique described at section 5.4.2, while the other is the
Matrix Profile algorithm described at section 3.2

Signal SSM Matrix Profile

Detected Cycles Duration Error  Detected Cycles Duration Error
Oprl Wkstl 11/11 3.265 (3.04%) 11/11 11.08s (10.34%)
Oprl Wkst2 14/15 16.97s (15.83%) 14/15 8.09s (7.55%)
Opr2 Wkst1 14/14 6.45s (6.40%) 14/14 6.74s (6.70%)
Opr2 Wkst2 11/11 8.48s (8.62%) 11/11 11.2s (11.39%)
Opr3 Wkst1 16/16 12.35s (11.79%) 16/16 7.39s (7.05%)
Opr3 Wkst2 13/13 8.81s (8.25%) 12/13 11.41s (10.68%)
Opr4 Wkst1 14/14 1.05s (0.4%) 14/14 8.72s (8.24%)
Opr4 Wkst2 11/11 3.425 (3.32%) 10/11 4.95 (4.75%)
Opr5 Wkstl 12/12 2.83s (2.85%) 11/12 5.39s (5.43%)
Opr5 Wkst2 10/11 3.47s (3.45%) 10/11 6.75 (6.69%)
Opr6 Wkst1 14/15 3.79s (3.74%) 15/15 7.258(7.15%)
Opr6 Wkst2 14/15 5.79s (5.73%) 15/15 6.13s (6.06%)

Total 154/157 6.12% 153/157 7.6%

the segmentation of work cycles in a time series. As such, by attempting to compare
the proposed algorithm with a more well-established methodology, it was implemented
the Matrix Profile (MP) algorithm from stumpy python library, with the only parameter
received being a time scale of the repeating pattern. For each time series sample, the
average size of the working cycle was taken into consideration for the usage of the MP

algorithm.

Overall, the measures considered for this analysis portray an algorithm that can in-
deed identify these work cycles with a high amount of certainty. Almost all the work
cycles of interest were detected, as 154 cycles were detected within the 157 ground an-
notation cycles. The duration error was mostly good with an average value of 6.12% of
the working cycle, however still significantly high in some outlier cases. These results
did not change considerably between the MP, and the SSM proposed methodology. With
the latter one having only one more detected cycle and with both having similar duration
errors D,, despite this last measurement being a bit better for the SSM algorithm as well.
The slight difference in duration error might have occurred because of the smoothing fac-
tor used for the Matrix Profile, which was higher, and therefore increased the chance of
errors in the duration of the working cycle. These considerations prove that the proposed
algorithm can indeed segmentate the data retrieved from a labor context into the smaller
constituent work cycles. The proposed methodology also shows that it can work for sev-
eral scenarios, namely different types of workstations made by the same worker, as well
as different workers performing under the same workstation, with the same performance

as more well-established techniques.
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Figure 6.8: Schematic representation of a type 2 (work cycle transition) event detection.

An interesting characteristic of the final results is a delay between the detected cycles
and their respective ground annotations. Through a visual assessment of the example of
Figure 6.8, there can be observed that despite the identification of the cycles being very
consistent, along with the time series sample, there is a constant delay between the point
events identified and the actual ground annotations. Resulting in cycles with different
margins, as illustrated in the right half of Figure 6.8, where the first and last 3.47 s of the
signals are different from what was expected. This delay is comprehensible considering
that the unsupervised algorithm does not have a reference of where the cycle has the
“real” start. The algorithms consider the beginning of the data as a reference, which would
not always match with the instant the operator would start the cycle. The lag detected
does not affect the detection of the entire cyclic information since both algorithms are
consistent with their decision of where the ”start” is and are able to identify the cyclic

pattern.

When considering all the time series samples, the average value of Duration error D,
is acceptably small, only being 6.12% of the working cycle. In other words, if we consider
a working period with cycles of 100 seconds, there would be, on average, a difference of
about 6 seconds between the detected cycles and the ground annotations. This value is
considerably small to do not interfere significantly with the detection process. However,
there are some time series with significant values, the highest one being 15.83%, for the
Oprl Wkst2. The major contributions to this error might have come from the loss of
resolution when extracting features or when smoothing the similarity function to detect
the minimums. Moreover, like in the previous section 6.1.3, the ground annotations
probably are not perfect as they were annotated from video footage of the performed
work. This might have created errors when transposing the annotations to the time
series, also increased because as the cycles are considerably short, then any significant

divergence would seriously affect the end result.
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6.3 Search With Query

This final section intends to display how by making an analysis based on the SSM
there is also another promising alternative analysis. To evaluate occupational exposure in
a manufacturing scenario, it is relevant to analyze specific motion and human postures.
Some human motions, due to their unergonomic posture, intensity, duration, or frequent
repetition, may display a serious risk for musculoskeletal disorders. The methodology
of search by example proposed in section 5.4.3 will further be tested in the Industrial
database to assess its validity.

The actual detection entails constructing a distance function Dist fr which describes
how similar the example sub-sequence is to the rest of the working period. Then, the
remaining process just requires a valley detection, where the points of more significant
similarity are annotated. As this method is based on the match of equal-sized columns,
it’s expected that this event point will indicate the start of the motion of interest, with the
duration being the same for every repetition of this motion.

In the example presented in Figure 6.9, it is demonstrated this process. The top image
represents the SSM built from the time series sample "Opr2 Wkst1&2". In blue, there
is illustrated one dimension of this multivariate time series. The signal in orange is the
same as the previous section, representing the similarity function, and the minimums
signaled with green dots describe the work cycle transitions. The grey signal represents
the aforementioned distance function Dists, with the minimums indicating the events
of interest. The green areas represent the time intervals where the motion of interest is
repeated, always being present in the same position of the working cycle, as expected.
The red window indicates the time interval, which served as an example for the query.

1200 [ T i e = | . -
ottt R oA L ol TRl T - T — R —
L — U ol S T ST T S —" P — = " it ——|
1000 e —Ey"yi' s M}V
" S — — ——— — AT S -
e e e i B ™ o e o ol ]
- ‘#’.&"—7‘@@“ = {-’—‘{Q_-!—‘-"!-—
800 | —_— i - - - i = -
_.’_r‘.‘_._-{:/ _-fa =} 5 e B
—'_'f—.-‘-.'l'———.t"‘?'f--_’.’- G e ey B
“EETEozazazo20 soEos
- =) : ’
l‘!i"! ‘!./-{.: e W iy =1 e iy S
400,-‘.—’-!:/‘/".1"_/‘ - S ol el
e e e~ e
B, e e W - .
Pl — =" e =
I S — N — T ™ T Nl
3 TR ~"’",«" - -
0 200 400 600 800 1000 1200
- N
=1
S -2 /\/\/\ '
= -
g
@
® v & » e ® ® b L ES v @
0 200 400 600 800 1000 1200

time(s)

Figure 6.9: Schematic of type event 3 (sub-segment example search) detection
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CHAPTER

ConcLusioNSs AND FUTURE WORK

In this chapter will be presented the main conclusions that derived from the current
work and some prospects for future works in this research line. As such, the structure of
this chapter is divided into two sections: section 7.1 for the main conclusions, and section

7.2 for future work suggestions.

7.1 Conclusions

There has been an increased interest in the field of occupational medicine. This in-
terest has surged in part due to the high prevalence of MSDs in society, along with the
increased burden on the well-being that these conditions bring to subjects. Additionally,
it is also due to a realization that monitorization and job analysis are essential tools to im-
plement intervention strategies, which have proven to significantly reduce the prevalence
of MSDs and their comorbidities. [179] This thesis aimed to tackle one of the issues that
is still lacking for a complete implementation of direct measurement of risk assessment
in the work environment. To promote the use of direct sensing techniques, this work
proposed a methodology of event detection that structures the data acquired by inertial
sensors into a more comprehensive representation to be used by professionals in the field
of ergonomy. Through a pre-segmentation of the periods of interest, it is expected to
facilitate the hard work of analysis over an entire database and instead to make the use of
inertial sensors in a work setting as a more approachable option. The methods used were
inspired from the sound analysis domain into human motion analysis field, an approach
which until recently had not been extensively explored. Through processing method-
ologies applied over the SSM, it was possible to detect the three event types of interest
with success. With these having been tested in a database retrieved from a real-world

manufacturing scenario and by two external sources of data with simple representations
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of human motion.

The objective predefined for this thesis was the design of an unsupervised algorithm
of event detection to be applied under a labor context. In the previous section 1.3, there
were described in more detail a list of requirements necessary for this algorithm to have.
With the completion of this thesis, it is possible to conclude how well those requirements
were accomplished:

Agnostic to time series type: The most tested type of data was inertial sensing data,
as the two of the three databases used (UCI and Industrial databases) only Acc and Gyro
time series. However, the HAR database used a set of different types of data which
included EMG. Not only this type of data seemed not to affect the analysis process in any
negative way, but it might have been a positive addition as the HAR database had some
of the best performing results. As SSM based analysis measures how each point of time
is similar to the remaining signal, it is actually expected that by describing each time
instant with multiple measurements that then the comparison between time instances
will be closer to reality, and that the algorithm will gain with that.

Multidimensionality: A caution which was taken throughout the construction of
the algorithm was how the various dimensions of the data could be analyzed at the
same time. Each algorithm step had various processing steps where it actively tried to
vectorize the more time-demanding operations along the various dimensions of the data.
When designing the feature retrieval, the subsegments of each window iteration were
segmented from the original data and overlayed before actual retrieving the features from
all the windows simultaneously; when constructing the SSM, it was necessary to compare
various segments and to facilitate this procedure it was made the algebraic dot product
between vectors. In the actual process of detection, independently of the dimension of
the SSM, the detection is simplified to the analysis of a single univariate signal, Convy,
Simg or Dist; depending on what is the event of interest. This was also possible due
to the numpy and scipy[180] python libraries, which allow for the construction of dense
matrices and to perform algebraic functions over them in an optimized manner, and also
with the usage of the libfmp library, which provided methods to compute the SSM and
extract relevant information from it[181].

Time-Efficiency: The procedure is still slow and needs to be otimized. This was a
great limitation observed during the results as an increase in the dimension of the data
was accompanied by a significant increase in time demands as well. Despite not being a
highly limiting time demand for the current context, it still is a detail that will require
improvement in future work. This issue is also associated with the exponential increase
in memory for the computation of the SSM.

Interpretability: This criterium was fulfilled during the definition of three event
types (work period transition, work cycle transition, and sub-segment example search).
The three events were selected with the final objective of structuring the work period into
smaller sections that could be more easily understood while also providing a tool that

segments the periods of interest, with the criterium of interest still remaining adjustable
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by the user.

Additionally, the results retrieved by applying the algorithm in different database
settings were overall very good. This proves that the algorithm is not only valid to be
applied in this context but that it is also malleable enough to possibly work in different
work settings. Due to the current pandemic of Covid-19, it was impossible to extend the
acquisition database already provided by the work of [164]. As such, the testing of the
algorithm in a real-work scenario was only made for a relatively small database of 11
time series samples. Despite the retrieved results being significantly high, the testing of
this methodology should still be extended to more and different work settings in future
studies.

In conclusion, this work has fulfilled most of the required expectations which were ini-
tially proposed. Successfully identifying the events of 1) work period transition; 2) work
cycle transition; and 3) sub-segment example search. The application of this method in
the ergonomic context can be of great interest since it can improve the current approaches
of ergonomic evaluations in these scenarios. This strategy turns the process more flexible,
allowing to identify in the working cycle sources of risk factors. Moreover, this allows
not only to compare the occupational exposure of different workstations for the same
worker but also to compare the occupational exposure throughout the working period.
Ultimately, this method can decrease the workload associated with the manual identifying
of working cycles and anomalies while improving the accuracy of the evaluation.

Overall this algorithm constructs a good base of work to further built on, if intended
to construct a summarizing algorithm focused towards real-work acquisitions. The most
significant utility provided by this algorithm is the automation of processes related with
the identification of periods of relevance, segmentation of the signal, and further iden-
tification of periodic regions. Moreover, the detection of events for the description of
patterns in a labor acquisition is something yet scarce in the literature, and the proposed
analysis by means of SSM seems to be an innovative approach with the potential to be

expanded upon.

7.2 Future Work

This work has been a promising step into the objective of creating analysis method-
ologies that could facilitate the analysis of ergonomic data. However, it is still work that
could be expanded upon. As referred in the previous section, the greatest limitation with
the proposed methodology relates with the time and storage demand and, as such, the de-
velopment of optimization strategies could be considered so to surpass these constraints.
A simple methodology would be a reduction of the number of parameters and of features
selected for the algorithm.

Another consideration which could be made would be to further expand the technique
to other types of processing to test if there is something which could be improved upon.

An example could be a change in the similarity function, because as seen in section 3.3.3
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there could also be applied instead the Euclidean, Cosine between angles or Kullback
Leibler distances. Another example could be the feature selection. Multiple features were
used in the context of this work, as it is the normal procedure when dealing with shallow
learning of human motion data. However, these features could be expanded upon and
through reduction techniques like PCA, and understand which of them are more useful
for the type of signals acquired in a working labour context.

Introduced in section 2.2.1, it was explained the multiple dimensions of search that
an algorithm may focus on. As this proposal focused exclusively on a uni scale analysis,
an interesting improvement would be expand to a multi scale analysis, where there could
be analysed the recurrence of events adapted to the window scale. This would allow for
a more complete analysis of the events, where more events of interest could identified.

Another interesting path would be to further classify the segmentated motion states,

as well as the found events.
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APPENDIX

Industrial DATABASE INFORMATION

Table A.1: Individual characteristics of the testing subjects [164].

Subject’s characteristics

Number 12

Gender (m:f) 9:3
Age (yr+0) 36+9
Height (1 +0) 17247

Gender (r) Right hand (11:12)

Table A.2: Time differences of the calibration t pose position. For each time subject,
the time differences of the hand, forearm, arm and torso IMU signals being respectively
represented. The 0 points in red were the first positions where this position was registered,
and served as reference points for the others

Time axis Onand CSforearm Oarm Otorso  UT len
Oprl Wkstl 9.45 4.46 0.0 18.9  1547.89
Oprl Wkst2 10.3 10.1 9.7 0.0 1788.61
Opr2 Wkst1&2 0.0 2.14 0.24 205 1.35
Opr3 Wkstl 12.7 0.0 12.7 0.1 1562.81
Opr3 Wkst2 0.01 0.0 0.01 0.01 1577.31
Opr4 Wkstl 0.0 25.86 1.36  11.36 1952.04
Opr4 Wkst2 0.01 0.0 0.01 0.01 1228.75
Opr5 Wkstl 0.0 0.3 1.3 1.4 1640.3
Opr5 Wkst2 0.01 0.0 0.02 0.03 1641.58
Opr6 Wkstl 0.01 0.0 0.02 0.03 2010.76

Opr6 Wkst2 0.0 10.34 13.52 17.37 1533.18
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Table A.3: Temporal information regarding the Industrial Database.

Time axis itime time len samplelen AverageFs minFs maxFs
Oprl Wkstl
Hand
Acc 1994.15 1593.8 158082 99.19 0.44 102.4
Gyr 1994.15 1593.8 158136 99.22 0.45 102.4
Forearm
Acc 1999.23 1552.36 153304 98.76 1.34 100.73
Gyr 1999.23 1552.36 153444 98.85 1.18 100.73
Arm
Acc 2004.04 1583.43 68152 43.04 3.25 101.35
Gyr 2004.21 1583.31 81170 51.27 5.3 100.68
Torso
Acc 0.0 1602.0 318148 198.59 197.21 200.1
Gyr 0.35 1601.65 318079 198.59 197.21 200.1
Oprl Wkst2
Hand
Acc 1981.23 1800.02 181464 100.81 0.08 101.58
Gyr 1981.23 1800.02 181464 100.81 0.08 101.58
Forearm
Acc 1981.42 1799.27 179164 99.58 0.08 100.83
Gyr 1981.42 1799.27 179154 99.57 0.08 100.83
Arm
Acc 1981.63 1799.09 78600 43.69 0.08 101.68
Gyr 1981.63 1799.09 92356 51.33 0.08 101.68
Torso
Acc 0.0 1789.12 355310 198.59 197.33  199.78
Gyr 0.36 1788.77 355239 198.59 197.33 199.78
Opr2 Wkst1&?2
Hand
Acc 2706.85 2656.5 127834 48.12 1.85 102.53
Gyr 2706.85 2656.54 149080 56.12 1.99 102.53
Forearm
Acc 2694.12 2669.44 268130 100.44 2.58 101.65
Gyr 2694.12 2669.44 268118 100.44 1.97 101.65
Arm
Acc 2696.25 2667.24 262034 98.24 0.08 100.68
Gyr 2696.25 2667.22 262464 98.4 0.08 100.68
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Table A.3: Temporal information regarding the Industrial Database.

Time axis itime time len samplelen AverageFs minFs maxFs
Opr3 Wkstl
Hand
Acc 59.7 1575.5 158744 100.76 0.1 101.58
Gyr 59.7 1575.5 158756 100.77 0.11 101.58
Forearm
Acc 72.17 1562.81 156930 100.42 4.03 100.83
Gyr 72.17 1562.81 156946 100.43 5.3 100.83
Arm
Acc 59.7 1575.5 158744 100.76 0.1 101.58
Gyr 59.7 1575.5 158756 100.77 0.11 101.58
Torso
Acc 0.22 1569.41 77920 49.65 49.56  49.72
Gyr 0.08 1569.57 311709 198.59 197.24 199.72
Opr3 Wkst2
Hand
Acc 67.74 1577.32 160128 101.52 100.52 101.57
Gyr 67.74 1577.32 160128 101.52 100.52 101.57
Forearm
Acc 67.56 1577.44 158728 100.62 99.6 100.83
Gyr 67.56 1577.44 158728 100.62 99.6 100.83
Arm
Acc 67.39 1577.49 156148 98.99 4.38 100.68
Gyr 67.39 1577.47 155534 98.6 6.71 100.68
Torso
Acc 0.0 1577.99 628685 398.41 44.31 415.74
Gyr 0.14 1577.86 628641 398.41 199.44 415.74
Opr4 Wkstl
Hand
Acc 5204.41 1953.42 198292 101.51 100.46 102.53
Gyr 5204.41 1953.42 198292 101.51 100.46 102.53
Forearm
Acc 5183.07 1974.67 194288 98.39 0.07 101.65
Gyr 5183.07 1974.67 194556 98.53 0.07 101.65
Arm
Acc 5203.93 1953.61 191314 97.93 3.99 101.35
Gyr 5204.14 1953.41 190304 97.42 6.71 101.35

113



APPENDIX A. INDUSTRIAL DATABASE INFORMATION

Table A.3: Temporal information regarding the Industrial Database.

Time axis itime time len samplelen AverageFs minFs maxFs
Torso
Acc 0.0 1968.75 390982 198.59 197.17  199.96
Gyr 0.36 1968.38 390910 198.59 197.17 199.96
Opr4 Wkst2
Hand
Acc 1637.45 1228.98 124748 101.51 100.49 102.41
Gyr 1637.45 1228.98 124748 101.51 100.49 102.41
Forearm
Acc 1637.6  1228.75 123628 100.61 99.6 101.65
Gyr 1637.6  1228.75 123628 100.61 99.6 101.65
Arm
Acc 1637.25 1229.13 123696 100.64 99.6 101.68
Gyr 1637.25 1229.13 123696 100.64 99.6 101.68
Torso
Acc 0.0 1229.41 122970 100.02 83.35 689.05
Gyr 0.03 1229.39 614763 500.05 361.25 507.69
Opr5 Wkstl
Hand
Acc 643.75 1641.87 164874 100.42 5.34 101.58
Gyr 643.75 1641.87 164654 100.28 6.77 101.58
Forearm
Acc 643.94 1641.83 165200 100.62 99.6 101.65
Gyr 643.94 1641.83 165200 100.62 99.6 101.65
Arm
Acc 644.1 1641.61 165224 100.65 99.3 101.68
Gyr 644.1 1641.61 165224 100.65 99.3 101.68
Torso
Acc 0.0 1642.43 654257 398.35 49.81 415.43
Gyr 0.15 1642.28 654209 398.35 199.42 415.43
Opr5 Wkst2
Hand
Acc 643.75 1641.87 164874 100.42 5.34 101.58
Gyr 643.75 1641.87 164654 100.28 6.77 101.58
Forearm
Acc 643.94 1641.83 165200 100.62 99.6 101.65
Gyr 643.94 1641.83 165200 100.62 99.6 101.65
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Table A.3: Temporal information regarding the Industrial Database.

Time axis itime time len samplelen AverageFs minFs maxFs
Arm
Acc 644.1 1641.61 165224 100.65 99.3 101.68
Gyr 644.1 1641.61 165224 100.65 99.3 101.68
Torso
Acc 0.0 1642.43 654257 398.35 49.81 415.43
Gyr 0.15 1642.28 654209 398.35 199.42 415.43
Opr6 Wkstl
Hand
Acc 38.98 2010.78 204028 101.47 6.77 102.53
Gyr 38.98 2010.78 204038 101.47 14.5 102.53
Forearm
Acc 38.81 2010.82 202008 100.46 2.45 101.68
Gyr 38.81 2010.82 201948 100.43 3.73 101.68
Arm
Acc 38.68 2011.05 202400 100.64 99.6 101.68
Gyr 38.68 2011.05 202400 100.64 99.6 101.68
Torso
Acc 0.0 2011.41 801249 398.35 132.8  416.03
Gyr 0.13 2011.28 801201 398.35 199.44 416.03
Opr6 Wkst2
Hand
Acc 96.41 1533.19 155636 101.51 100.49 101.58
Gyr 96.41 1533.19 155636 101.51 100.49 101.58
Forearm
Acc 96.23 1533.33 154224 100.58 20.12 101.65
Gyr 96.23 1533.33 154196 100.56 20.13 101.65
Arm
Acc 96.06 1533.43 154328 100.64 99.6 101.35
Gyr 96.06 1533.43 154328 100.64 99.6 101.35
Torso
Acc 0.0 1533.88 611046 398.37 99.87  412.37
Gyr 0.11 1533.77 611006 398.37 199.43 412.37
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UCI DATABASE INFORMATION

Table B.1: Range of values applyed for the hyperparameter otimization of the UCI
Database

Range of values

Parameters for Grid Search

Wind,,, (s) 1,5,9,13,17

Overlapy,qc 0.5, 0.6,0.8,0.9

Kernel;,, (s) 5,10, 15, 20, 25

SubWind,,, (s) 0,5,10,15,20
SmoothWind,,, (s) 0,5,10,15,20

Threshfqc 0, 0.05, 0.1, 0.15, 0.2, 0.3, 0.5
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Table B.3: Results of A, R, P, F and MAE results, for the detection of type 1 events, over
the UCI Database

TS Samples A R P F  MAE(s)

1 0,83 0,93 0,89 091 0,76
2 0,96 1,00 096 0,98 0,60
3 1,00 1,00 1,00 1,00 0,87
4 1,00 1,00 1,00 1,00 0,47
5 0,83 1,00 0,83 0,91 0,31
6 0,92 1,00 092 0,96 0,52
7 0,80 0,80 1,00 0,89 1,07
8 0,80 0,80 1,00 0,89 1,38
9 0,88 0,95 091 0,93 0,60
10 0,86 0,90 095 0,93 1,12
11 0,88 0,91 095 0,93 1,29
12 0,83 091 091 091 1,17
13 0,85 1,00 0,85 0,92 1,57
14 0,88 091 0,95 0,93 0,41
15 0,92 1,00 092 0,96 0,69
16 0,89 1,00 0,89 0,94 0,36
17 0,87 091 095 0,93 1,05
18 0,83 0,90 090 0,90 0,58
19 0,88 096 0,92 094 0,65
20 1,00 1,00 1,00 1,00 1,84
21 0,81 0,93 087 0,90 0,91
22 0,85 0,96 0,88 0,92 1,02
23 0,90 0,95 095 0,95 0,95
24 094 094 1,00 0,97 1,40
25 0,90 0,90 1,00 0,95 1,35
26 0,90 0,90 1,00 0,95 0,83
27 0,83 0,87 095 091 0,75
28 0,85 1,00 0,85 0,92 0,71
29 0,83 0,90 090 0,90 0,68
30 0,88 0,95 091 093 0,78
31 0,91 1,00 091 0,95 0,50
32 0,92 096 096 0,96 0,68
33 1,00 1,00 1,00 1,00 0,67
34 0,96 1,00 096 0,98 0,69
35 1,00 1,00 1,00 1,00 0,47
36 0,96 1,00 096 0,98 0,86
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Table B.3: Results of A, R, P, F and MAE results, for the detection of type 1 events, over
the UCI Database

TS Samples A R P F  MAE(s)

37 0,85 1,00 0,85 0,92 0,56
38 0,76 0,76 1,00 0,86 0,75
39 0,86 0,90 095 0,92 0,75
40 0,96 0,96 1,00 0,98 0,96
41 0,82 0,86 095 0,90 0,86
42 0,88 1,00 0,88 0,94 0,62
43 0,91 091 1,00 0,95 0,67
44 0,88 0,91 095 0,93 0,51
45 0,86 1,00 0,86 0,92 0,59
46 0,76 0,86 0,86 0,86 1,25
47 0,80 0,89 0,89 0,89 1,62
48 0,87 0,95 091 093 1,60
49 0,85 1,00 0,85 0,92 0,93
50 0,86 0,86 1,00 0,93 1,26
51 0,90 0,90 1,00 0,95 1,17
52 0,96 096 1,00 0,98 0,86
53 0,92 1,00 092 0,96 0,92
54 1,00 1,00 1,00 1,00 1,45
55 0,92 1,00 092 0,96 1,20
56 0,76 0,83 090 0,86 1,19
57 0,73 0,84 0,84 0,84 0,84
58 0,92 1,00 092 0,96 0,89
59 0,96 1,00 096 0,98 0,37
60 0,73 096 0,76 0,85 1,20
61 0,79 1,00 0,79 0,88 0,48
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Table C.1: Range of values applyed for the hyperparameter otimization of the HAR
Database.

Range of values

Parameters for Grid Search
Wind,,, (s) 2,4,6,8,10
Overlap,qc 0.5, 0.6, 0.8, 0.9

SmoothWind,,, (s) 0,2,4,6,8,1025
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