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Abstract

Time series analysis is crucial in understanding and extracting valuable insights from
temporal data, capturing the inherent patterns, trends, and dependencies that evolve
over time. This study concisely overviews the state of the art key components and
methodologies involved in time series analysis and classification for both industrial and
Electrocardiogram (ECG) signals using deep learning approaches like CNNs, LSTMs and

transformers etc.

The analysis begins with a use case study of industrial collaboration with the lens manu-
facturing industry where the process models called CRISP-DM and DMME for industrial
data science are implemented to an industrial production dataset. The collaboration im-
proved industrial production by decreasing the downtime for cleaning the machinery. The
study also delves into the shortcomings of the process models and the actual challenges
faced during the implementation of data science in real industrial projects. Furthermore,
the study explores fundamental concepts such as the methodology of analyzing ECG in
particular and time series in general. To lay the groundwork for subsequent advanced
techniques of classification by deep learning, the basic construct of the human heart and

ECG signals is also presented in detail.

The next vital TSA subject probed was fall detection using ECG signals. The paper
introduces a novel approach using electrocardiogram (ECG) signals for fall detection
and activity classification. An algorithm employing pre-trained convolutional neural
networks (AlexNet and GoogLeNet) as classifiers is proposed, achieving a significant val-
idation accuracy of 98.08% for distinguishing between fall and no-fall scenarios in the first
model. The signals are pre-processed to reduce noise, and frequency-time representations
(scalograms), which are obtained through continuous wavelet transform, serve as feature
extractors. The trained model accurately distinguishes ECGs with fall activity from
those without at an accuracy of 98.02%. The robustness of the algorithm is verified by
augmenting the experimental dataset with publicly available datasets, achieving a clas-
sification accuracy of 98.44% in the second model, which classifies fall, daily activities,
and no activities. The models, developed through transfer learning from real images
to medical images, offer a lightweight solution compared to traditional deep learning

approaches, avoiding redundant computational efforts.



In recent studies on electrocardiogram (ECG) signal classification using deep learning
(DL), the focus has been on complex DL methods like transfer learning or feature ex-
traction based on domain knowledge. As the next steps, this study challenges the
common assumption that deeper and more complex DL models lead to better learn-
ing. Instead, the authors propose two novel DL models: a CNN-LSTM hybrid and an
attention /transformer-based model with wavelet transform for dimensional embedding.
These models extract features from ECG signals in the initial layers, demonstrating per-
formance on par with or surpassing many contemporary deep neural networks. Validation
using three publicly available datasets shows benchmark accuracy, reaching 99.92% for
fall detection and 99.93% for PTB database classification of myocardial infarction versus

normal heartbeat.

While transformer models have demonstrated superior performance in natural language
processing, their careful adoption is essential for achieving comparable results in the
realm of time series classification. This study, to the best of our knowledge, for the first
time, explores the impact of various dimensional embedding techniques in time series
classifications. The exploration includes the use of wavelet transformation, discrete and
continuous wavelets, scattering, and feature maps from convolutional neural networks for
performance comparison. Several ECG datasets from UCR dataset and Physionet are
employed for both multi-class and binary classification. The experimental results con-
sistently reveal that incorporating relevant feature extraction techniques as dimensional

embedding outperforms a plain transformer approach.

In conclusion, this dissertation offers a comprehensive overview of the multifaceted realm
of automatic feature extraction for time series classification, serving as a guide for re-
searchers, practitioners, and enthusiasts seeking to work with temporal data and harness

its capability for informed decision-making.
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El analisis de series temporales es crucial para comprender y extraer informacioén valiosa
sobre datos temporales, capturando patrones inherentes, tendencias y dependencias que
evolucionan con el tiempo. En este estudio se describen de forma concisa los princi-
pales componentes y las metodologias més recientes que se aplican en el anélisis y la
clasificacién de series temporales, prestando atencion particular a series provenientes
de procesos industriales y senales de electrocardiogramas (ECG) y empleando enfoques
de aprendizaje profundo como redes convolucionales (CNN), redes recurrentes (LSTM),
arquitecturas de tipo transformer, etc. El analisis comienza con un estudio de colabo-
raciéon industrial con la industria de fabricacion de lentes donde los modelos de proceso
CRISP-DM y DMME, que se originan en la ciencia de datos aplicada a procesos in-
dustriales, se aplican a un conjunto de datos de produccién de lentes. La colaboracién
mejord la produccién industrial al disminuir el tiempo de inactividad para la limpieza
de la maquinaria. El estudio también profundiza en las deficiencias de los modelos de
procesos y en los retos reales a los que se enfrenta la aplicacion de la ciencia de datos en
proyectos industriales reales. Ademas, el estudio explora conceptos fundamentales como
la metodologia de analisis de ECG en particular y de series temporales en general. Para
sentar las bases de las posteriores técnicas avanzadas de clasificacion mediante apren-
dizaje profundo, también se presenta en detalle la construcciéon bésica de modelos del

corazén humano y la obtenciéon de senales de ECG.
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El siguiente tema abordado en analisis de series temporales fue la detecciéon de caidas
mediante senales de ECG. El articulo presenta un enfoque novedoso que utiliza senales de
electrocardiograma (ECG) para la deteccion de caidas y la clasificacion de la actividad.
Se ha desarrollado un algoritmo que emplea redes neuronales convolucionales preentre-
nadas (AlexNet and GoogLeNet) y que obtiene una precision del 98% en el problema
de clasificacion binaria entre escenarios de caida / no caida. Las sefiales temporales de
ECG son preprocesadas para eliminar ruido y pasar a una representacion en frecuen-
cias (escalogramas) que se obtiene mediante la aplicacion de transformadas de ondiculas
(wavelets) continuas y suponen una extraccion de caracteristicas novedosa. La robustez
del algoritmo se valida al ampliar el dataset experimental con nuevas fuentes de datos
publicas, llegando a una precision de 98.4% en el segundo modelo que clasifica actividades
en tres clases: caida, reposo y actividades diarias. Estos modelos se han desarrollado
mediante la aplicacion de aprendizaje por transferencia (transfer learning) sobre modelos
desarrollados para imégenes reales (ImageNet) para adaptarlos a imagenes médicas, lo
cual supone una mejor eficiencia en el entrenamiento y coste computacional de nuestra
solucion.En estudios recientes sobre clasificacion de senales de electrocardiograma (ECG)
mediante aprendizaje profundo (DL), la atencién se ha centrado en métodos de DL com-
plejos como el aprendizaje por transferencia o la extraccion de caracteristicas basada en el
conocimiento especifico. Como préximos pasos, este estudio desafia la suposiciéon comin
de que los modelos de DL maés profundos y complejos conducen a un mejor aprendizaje.
En su lugar, los autores proponen dos nuevos modelos de DL: un modelo hibrido CNN-
LSTM y un modelo basado en el mecanismo de atencién con transformada wavelet para
embedding dimensional. Estos modelos extraen caracteristicas de las seniales de ECG en
las capas iniciales, demostrando un rendimiento a la par o superior al de muchas redes
neuronales actuales. La validacién con tres conjuntos de datos ptuiblicos muestra una pre-
cision en los benchmarks estudiados que alcanza el 99,92% para la deteccién de caidas
y del 99.93% para el problema de clasificacion de senales correspondientes a infarto de

miocardio frente a sefiales normales.

Si bien es cierto que los modelos transformer han demostrado un rendimiento superior
en procesamiento del lenguaje natural, es esencial prestar atencién a ciertos detalles en
su aplicacién para lograr resultados comparables en el &mbito de la clasificacién de series
temporales. Hasta donde sabemos, este trabajo es el primero en explorar el impacto
de varias técnicas de embedding dimensional en la clasificacion de series temporales. La
exploraciéon incluye el uso de la transformada wavelet, wavelets discretas y continuas,
dispersién y mapas de caracteristicas en redes neuronales convolucionales para la com-
paracion del rendimiento. El estudio aborda clasificacién binaria y multi-clase en dos
conjuntos de datos de ECG provenientes de UCR y Physionet. Los resultados demuestran

de manera consistente que la incorporaciéon de técnicas de extracciéon de caracteristicas



como el dimensional embedding mejoran el rendimiento de los modelos transformer. En
resumen, este trabajo ofrece una panoramica sobre el Aambito de la extraccién automética
de caracteristicas para abordar problemas de clasificacion de series temporales, siendo de
interés para investigadores y usuarios que trabajen con datos temporales para mejorar

su toma de decisiones.
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Chapter 1
Introduction

‘We are drowning in information but starved for knowledge.’- (John Naisbitt)

The modern world is comprised of technology such as cell phones, radio, video, and
connected IoT devices. According to a report by Statistica for the data produced daily
online in the year 2023 |70|, approximately 328.77 million terabytes of data are created
each day. In fact, it is estimated that 90% of the world’s data was generated in the last
two years alone and is increasing (See Fig.1.1). The data generated is an amalgam of
videos, audio, text, and time series. This large amount of data would be of no use if

relevant and meaningful information could not be extracted from it.
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FIGURE 1.1: The comparison in an increase in the data generated annually [70]

As aresult of the advancement in ubiquitous sensing, time series data exists from multiple
application domains such as entertainment, biotechnology, pharmaceutics, telecommu-

nications etc., to name a few. Since all time-ordered values can be categorized as time

1
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series, they appear organically in many domains. This technology is available to us

through primarily signals and signal processing [168].

approximates

e, e,
S

sojelaual

FIGURE 1.2: The conceptual flow of a model generation for time series [117]

Analysing and manipulating time series have been classical problems in the field of signal
processing. It has been augmented and boosted by scientific progressions like digitization,
acquisition, transfer and storage of the signals. One of the basic activities with time series
is classification which is fundamentally a knowledge intensive task [51]. The pipeline
from data generation of time series from sensors to classification by DL models is shown
in Fig 1.2. The research on representation learning and classification has uncovered

numerous potential applications.

The development in the computation devices and popularity of deep learning methods

have contributed equally to the more automated models for time series manipulation.

A time series is defined as values ordered with respect to time. A time series can be
categorized as univariate and multivariate. Formally a univariate time series X is defined
as

X = [z1,22, eeeen, 7] (1.1)

where T is the total number of real values in X. Similarly an N-dimensional multivariate

time series,
X =[X5 X2 ... XN (1.2)

which consists of N different univariate time series with X* € R” [111].

The primary focus of this dissertation is time series classification and automatic feature
extraction for the classification task using data based learning and its applications. This
chapter introduces the problem statements and the research questions that have moti-
vated this study. It also highlights the motivation for pursuing the targeted research

questions in the course of this thesis.
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1.1 Motivation

One of the aims of statistical learning is to extract useful information from a corpus
of data D through estimating good probabilistic models. There are two approaches to
achieving this according to Breiman et. al [30]. In the first traditional approach, data
is assumed to be generated from a given stochastic data model. The other approach
assumes the data generation mechanism unknown and complex and uses algorithmic
models. The focus in the second approach is to find a function f(x), which is an algorithm
that operates on x to predict the responses y. However this is aimed to be achieved in a
manner that is as automated as possible. Breiman argued that focus on data modeling
has hindered the experts from exploring scientific and commercial fields where data is
rendered to be suitable for analysis by data models. In this thesis, we have used both

approaches depending on the specific research question.

According to [119], the classical machine learning models are usually created in a three
step process: manually pre-process time series, create a model which is domain specific,
or use an existing learner with more effective representation. All three steps have their
challenges while implementing. Hence, deep learning and feature extraction have to go
hand in hand for classifying underlying trends in a particular time series. The temporal
dependencies and features which are unique to each time series are not exploited properly
in an attribute-value representation which is applied to time series classifiers in classical

machine learning methods.

Although deep learning has outperformed its predecessors in the field of vision and
natural language processing (NLP), there is still a lack of a unified/general DL model
that works best for most time series. Most of the effort in the literature is steered
towards adopting existing DL models from NLP or vision towards TS. Another focus
in the current literature is to find the appropriate techniques to represent and use time
series for its use with deep learning methods. Since no best learning algorithm exists
according to Wolpert’s 'No Free Lunch’ theorem [261], it is always important to base the

conclusions conditionally on the experimental protocols and the given data sets.

Understanding and predicting patterns within time series data is crucial across various
domains, from industrial production optimization to healthcare and climate science. By
delving into time series analysis, the hidden structures and trends can be explored that
can drive informed decision-making and provide a deeper understanding of underlying

phenomena.

The ability to model and forecast time-dependent behavior empowers professionals to
anticipate future trends, identify anomalies, and optimize strategies. The analysis is

particularly relevant in scenarios where historical patterns play a pivotal role in shaping
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future outcomes, such as stock market predictions, energy consumption forecasts, and

epidemiological studies.

Whether it involves optimizing supply chain operations, improving patient outcomes,
or aiding in strategic decision-making, time series analysis offers a powerful toolkit for
transforming raw temporal data into actionable knowledge. In this study, the time series
from different domains were analyzed. We analysed the production data set from eyeglass
lens coating machines, Electrocardiogram (ECG) signals, and an air pollution dataset.
All of these analyses served different usecases. The production data set from eye lens
coating aimed to understand the mechanics of the process and to improve the production
up time. The data from ECG is used to human activity recognition and diagnostics.
Similarly the pollution dataset aimed to detect the different level of pollutants before
they reach a certain level in an enclosed space. All of these usecases can be addressed

using appropriate data analytic, machine learning, and deep learning techniques.

Many classical machine learning models exist to classify time series in multiple domains.

For more details related to each model please refer to a Bishop [23].

According to [186], the time series classification approaches can be instance based (near-
est neighbor (NN), similarity measures like Euclidean distance etc.), feature based (di-
mension reduction techniques, related feature selection etc.) and symbolic based, support
vector based and model based (statistical approximation, generative stochastic methods

and probabilistic networks etc).

The focus of this study has also been to find meaningful representations for different

time series to be used for classification.

1.2 Research Questions and Goals

The aforementioned motivation leads to many interesting areas of research but following

research questions (RQs) had been the primary focus of this dissertation.

e RQ1: Are existing deep learning methods for time series classification as effective
as they are for other domains like natural language processing (NLP) and computer

vision?

e RQ2: What are the hindrances in the actual realization of Industry 4.0 even with

the availability of modern data analysis methods?

e RQ3: How can data science be effectively used in industrial set up to decrease

production down time?
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e RQ4: How features could be automatically extracted from different time series

for classification problems?
e RQ5: Can human activity including fall be detected from ECG signals?

e RQ6: Can wavelet transforms act as feature extractors for time series to be used

in deep learning models?
e RQ7: How can transformers be adopted to time series classification?

e RQ8: Does positional encoding plays any vital role for TS classification, if we

already have wavelet transformation representation of our T'S?

The corresponding answers and related discussions to these research questions are part
of this dissertation and will be discussed during the course of this work. In order to
provide a structured overview to the answers of the aforementioned research questions,

a dedicated section will contain the research questions including the detailed responses.

The main objectives of this study has been as follows:

e Objective 1: Develop a method (a hybrid or ensemble model) which can capture

the latent representation effectively from the T'S datasets for our specific use case(s).

e Objective 2: To verify as a proof of concept that the state of fall from the state

of rest and other activities can be detected from the electrocardiogram signals.

e Objective 3: To investigate the performance of multiple deep learning models
and propose a solution which is computationally and parameterically effective for

time series.

e Objective 4: To explore and compare different mathematical projection tools
like wavelet transforms and polynomials as feature extractors for time series clas-

sification.

e Objective 5: To classify myocardial infraction from other heart diseases using

deep learning tools and methods for an automatic detection.

e Objective 6: To deeply analyze dimensional embedding adaptation for time series

in transformer model.

1.3 Contributions

The principle contributions of this thesis are listed below along with the corresponding

chapter that contain the details about corresponding contributions.
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1. The development of a deep learning model using transfer learning for detection of

fall from other human activities from electrocardiogram signals (see Chapter 4).

2. The development of a CNN-LSTM algorithm to prove that a similar or better

performance can be achieved without manually pre-processing for the ECG signals

3. Using wavelet transformations as embedding in transformers to remove the manual

effort in effort to extract features automatically.

4. Applying, comparing and evaluating different multiple embeddings/feature extrac-
tors (CNNs, wavelets, polynomials) for the optimal performance of transformers

for time series classification.

5. Applying, identifying and highlighting the short comings of applying a standard
process model for applying data science exploratory project to industrial production

data set.

6. Proposed and demonstrated the effect of different feature extraction embeddings

for transformers for time series data for the task of classification.

1.4 Publications

The elaboration and the results obtained during this thesis have been published in several

journals and scientific conferences contributing to the content of this dissertation.
The list of publications is presented below:

Peer reviewed Journal Publications

e F.S. Butt, L. La Blunda, M. F. Wagner, J. Schéfer, I. Medina-Bulo, and D. Gémez-
Ullate. Fall Detection from Electrocardiogram (ECG) Signals and Classification
by Deep Transfer Learning. Information, 12(2):63, 2021. doi:10.3390/info12020063
[34]

e F. S. Butt, M. F. Wagner, J. Schéifer, and D. G. Ullate. Toward automated fea-
ture extraction for deep learning classification of electrocardiogram signals. IFEE

Access, 10:118601-118616, 2022. doi:10.1109/ACCESS.2022.3220670 [37]

e J. Rosa-Bilbao, F. S. Butt, D. Merkl, M. F. Wagner, J. Schéifer, and J. Boubeta-
Puig. In loT-based Indoor Air Quality Management System for Intelligent Educa-
tion Environments, 2024. Submitted [199]


https://doi.org/10.3390/info12020063
https://doi.org/10.1109/ACCESS.2022.3220670
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Scientific Conferences and Workshops

1.5

F. S. Butt, J. Schifer, M. F. Wagner, and D. G.-U. Oteiza. Time series analysis
using machine learning techniques: Medical and industrial applications. In proceed-
ings of 1l Jornadas de Investigacion Predoctoral en Ingenieria Informdtica (JIPII
2022), Cadiz (Spain), 2022. Department of Computer Science and Engineering,
UCA. [35]

F.S. Butt, J. Schéfer, M. F. Wagner, and D. G.-U. Oteiza. Towards Automated Fea-
ture Extraction For Deep Learning Classification of Electrocardiogram Signals. In
8th Spanish-German Symposium on Applied Computer Science (SGSOACS 2022),
Toledo (Spain), 2022 [36]

F. S. Butt, J. Schéfer, M. F. Wagner, and D. G.-U. Oteiza. Explainable Al for time
series classification - An Overview and future directions. In 9th Spanish-German
Symposium on Applied Computer Science (SGSOACS 2023), Tutzing (Germany),
2023 [3§]

F. S. Butt, J. Schifer, M. F. Wagner, and D. G.-U. Oteiza. Automatic Feature
extraction for time series analysis. In Workshop: Statistics, Machine Learning and

Applications, Kaub (Germany), 2023 [39]

F. S. Butt, J. Schafer, M. F. Wagner, D. Stegelmeyer, and D. G.-U. Oteiza. Ap-
plication of crisp-dm and dmme to a case study of condition monitoring of lens
coating machines. In Proceedings of the 2023 IEEE International Workshop on
Metrology for Industry 4.0 & IoT (Metrolnd4.0610T), Brescia (Italy), 2023. IEEE.
doi:10.33965/ac2019 201912c¢027 [40]

A. M. Binder de Serdio, D. Stegelmeyer, and F. S. Butt. Early Indicators of Project
Abandonment in Industry-Academia Collaborations: Developing an Assessment

Framework for Industrial Data Science Projects. In 10th Spanish-German Sym-
posium on Applied Computer Science (SGSOACS 2023), Cadiz (Spain), 2024 [22]

F. S. Butt, M. F. Wagner, J. Schifer, and D. G.-U. Oteiza. In Adopting Di-
mensional Embedding For Time Series Classification In Transformer Architecture,
2024. Submitted [41]

Structure of the PhD Thesis

In this chapter the structure of the thesis is presented containing an overview of the

sections which include a description of the content.


https://doi.org/10.33965/ac2019_201912c027
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e Chapter 1 presents an overview of the problem in time series analysis using DL
techniques. This chapter also highlights the research questions focused and objec-
tives achieved during this thesis. The publications published during the course of
PhD. have been categorized as Journal publications and scientific conferences and
workshops publications and mentioned to highlight the attainment of the require-

ments of this doctoral program.

e Chapter 2 establishes the ground work by formally defining the terms such as time
series and classification from a statistical point of view. It also presents an overview

of the time series analysis problem.

e Chapter 3 emphasises on the application of TSA for an Industry 4.0 use-case. This
chapter describes an industrial collaboration and steps taken to adapt time series
analysis and data science for industrial setup. CRISP-DM and DMME were ap-
plied as the process model to acquire knowledge form the data in a systematic
way. Research question RQ2 and RQ3 were discussed in detail as an effort to-
wards finding the gaps in CRISP-DM and DMME was made. Not only were the
weaknesses of these process models discussed but also recommendations have been
made to improve for the better adaptation of data science in industrial framework.
This chapter also lays out the foundation of time series analysis for other domains

during the course of the thesis.

e Chapter 4 presents a comprehensive state of the art for the time series analysis
at its various stages including classification and feature extraction specifically for
the most recurrently occurring domain in this dissertation, i.e. electrocardiograms
(ECGs). It gives an overview on the working of the human heart to elaborate the
construct of the ECG signals and the focuses on the different patterns of ECG
signals and their normal ranges. It also highlights in detail the existing work and

different approaches used for feature extraction for deep learning and TSC.

e Chapter 5 is based on the study to verify the RQ5, that fall can be differenti-
ated and detected from other human activities using ECG signals. The chapter
foregrounds the steps to pre-process the raw ECG signals obtained like filtering,
resampling, normalizing, and augmenting. Than the experimental details for the
modeling and explaining the deep learning models are layed out. It describes the
details of the transfer learning to two of the most prominent pre-trained CNNs

available, AlexNet and GooglLeNet.

e Chapter 6 This chapter is built on the idea of extracting features from the time
series specifically ECG’s by using different approaches. To this end, two algorithms

are proposed. Both consist of well-known mathematical operations of convolution
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and wavelet transformation placed in front of LSTMs and transformer respectively.
This chapter explains the experimental setup, the data sets used and the results
obtained by the proposed algorithms. The results are statistically verified to be
significant and are computationally and numerically better than state of the art
results for majority of the datasets. This chapter addresses the research questions
RQ4 and RQ6.

e Chapter 7 This chapter is detailed on feature extraction mechanisms for deep and
machine learning in general and for biomedical in particular. This includes expla-
nation of wavelet basics and then this chapter also looks into details mathematically
as in to why wavelets can act as better feature extractors with transformers. This
chapter lays the foundation of more experiments in the coming Chapter 8 and to

the research questions RQ7.

e Chapter 8 takes forward the experiments from Chapter 6 and investigates the
role of different embeddings for TSC in Transformers. For this purpose, a new
architecture of transformer is proposed to adapt better to time series classification.
RQ6, RQ7 and RQ8 are answered in detail in this chapter. Additionally this
chapter provides a review on latest literature on transformers for time series and
how the dimensional embeddings are adapted across different studies. This also
includes experiments and results from different wavelet transformations and feature

maps as dimensional embeddings

e In Chapter 9 iterates through each research question and discusses the findings

respective of each RQ.

e In Chapter 10 examines its accomplishments, and also outlines future research
plans that are expected to enhance the existing feature extraction of time series

solution.






Chapter 2

Time Series Analysis

‘Although this may seem a paradox, all exact science is dominated by the

idea of approximation.’— (Bertrand Russell)

This chapter describes the basic foundations of defining time series and time series anal-
ysis from statistical point of view. In this chapter, the formal definitions and a little

background for the terms used frequently used in this thesis are given.

2.1 Probability Spaces and Time Series

The following definitions have mainly been taken from Fuller [80].

While investigating observing an experiment or a natural phenomenon, it is important

to have a representation of all the possible outcomes.

The elementary events are referred to as individual outcomes denoted by w. The set of
all possible elementary events is called sure event represented by €2. For example, in case
of a dice, 2 = 1,2,3,4,5,6. Let A be a subset of 2 and let F be a collection of such
subsets. If we observe the outcome w and w is in A, then A is said to have occurred.
Similarly, P(A) is intuitively specified as the probability that A will occur. The function
P(A) is required to satisfy following:

e AXIOM 1.P(A) > 0 for every A in F.

o AXIOM 2. P(Q) = 1.

e AXIOM 3. If Ay, As.... is a countable sequence from F and A; () A; is the null
set for all ¢ # j, then P(U;2,4i) = > oy P(Ai).
11
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For technical mathematical reasons, defining P(A) for all A in P(£2) and also to satisfy
Axiom 3 is always not possible. To address this, the class of subset F of {2 on which P

is defined is required to:

1. If A isin «, then the complement A€ is also in F.
2. If Ay, A, ... is a countable sequence from «, then (J7°;A4; is in a.

3. The null set in is F.

So, a non-empty collection F of subsets of {2 that satisfies conditions 1 to 3, is said to

be a sigma-algebra or sigma-field.

A probability space, is represented by (€2, F, P), is the sure event €2 together with a
sigma-algebra F of subsets of Q2 and a function P(A) defined on F that satisfies Axioms
1 to 3. For the practical implications, it is deemed enough to record the outcome of
an experiment by some function that assumes values on the real line. This is done by

assigning each outcome w a real number X (w) and, if w is observed, we record X (w).

Formally, a random variable X is a real valued function defined on €2 such that the
set w: X(w) <z is a member of F for every real number x. The function Fy(z) =

P(w: X(w) < x) is called the distribution function of the random variable X.

2.2 Time Series Analysis

Let (2, F, P) be a probability space and let T be an index set. A stochastic process is a
collection of time indexed random variable X (w,t), where w belongs to a sample space
and t belongs to an index set. X (w,t) is a random variable for a fixed t. For a given w,
X (w, t), as a function of ¢, is called a sample function or realization. In time series analysis
and stochastic processes, the population that consists of all possible realizations is called
the ensemble. Some concepts and terminologies are explained below for a better appreci-
ation of time series analysis. The index set is assumed to be the set of all integers unless
mentioned otherwise. Consider a finite set of random variables { Xy, Xy9, ..., X4} from
a stochastic process X (w,t) :t = 0,41, £2,.... The n-dimensional distribution function
is defined by:

Fx, oo xom (@1, zp) = P{lw: X(t,w) <oy, o, X, w) <y, } (2.1)

where x;, 1 = 1,..n are any real numbers. A process is a first-order stationary in distri-

bution if its one dimensional distribution function is time invariant, i.e., if Fx,, (z1) =
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Fx, ., (x1) for any integers t1, k, and t; + k; second order stationary in distribution
if Fixy xp(21,72) = Fx, 5 X000 (T1,72) for any integers t1,%o,k,t1 + k; and nth-order

stationary in distribution if

FXtL---,th (ml? xn) = FXt1+k:----:th+k ($1, Sx3) xn) (2'2)

for any n-tuple (1, ...t,,) and k of integers. If equation 2.2 holds for any n,.e., n =1,2...,
the process is said to be strictly stationary [257|. After establishing that a stochastic
process, X (w,t), is a set of time indexed random variables defined on a sample space,
the variable w is suppressed and write X (w,t) as X(¢) or X;. For a given real-valued

process Xy :t =0,+1,%2, ..., we define the mean function of the process
e = E(Xy) (2.3)
the variance function of the process
of = BE(X; — )’ (2.4)
similarly the covariance function between X;, and X,

7(t17t2> = E(th - Mt1>(Xt2 - Mt2) (2'5)

and the correlation function between X;, and Xy,

p(tite) = —(—F—= (2.6)

2.3 Time Series Classification

TSA is an umbrella term used to describe many tasks including classification, segmenta-
tion, predicting, anomaly detection, motif discovery etc. According to [74] and [111], time
series classification is one of the most vital and challenging task in time series analysis.

This section formally defines TSC as it is also the main focus of this thesis.

Categorization of data into identifiable classes is called pattern classification. The term
pattern refers to the observable information that is in form of quantitative description
of the data of interest. Pattern classification problem can be reduced to a classification
problem in most cases. Classification, in turn, can be both supervised and unsupervised.
In statistical literature, the supervised learning is mostly referred to as discrimination,
which would imply that classification rule is established from the given correctly classified

data. In this thesis, since we deal with time series data, whose under laying pattern
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generation is majorly a statistical process, the classification problem is often defined

within the framework of statistical decision theory [192].

The classification or pattern recognition in humans is a closed process and we do not
know the details about how precisely a decision is made. In contrast to this, the decision
taken by machine pattern recognition algorithms follow a series of mapping from a high

dimensional pattern space to a smaller decision space as shown in Fig. 2.1.

Pattern Space | Feature Space Classification
> Space
P F C
n dimensional space r dimensional space m dimensional space

FIGURE 2.1: Standard Model for Statistical Pattern Classification [192]

While the intricacies of deep learning remain incompletely understood, the fundamen-
tal concept revolves around explicit mappings. These mappings require a recognition
paradigm expressed in a rule-based form that is both explainable and implementable by
machines, despite the overarching mystery surrounding the nature of deep learning. The
pattern recognition mapping can be considered to be formed by two stages as shown in
the Fig. 2.1: A mapping that maps the observable pattern space to a feature space.
This stage is known as feature extraction. Another mapping from the feature space to
the classification space which decides the class membership of the data point. One of
the characteristic of feature extraction is isolating the useful attributes of the pattern.
The feature space should reflect properties that enhance the in class similarities and

between-class dissimilarities.

In the next step, the feature space is attempted to be separated into regions pertaining
to each class (usually 7 > m). But these divisions between feature space and classifi-
cation space are more practical than theoretical. A good feature extractor would make
the task of a classifier trivial. Similarly, a good classifier would bypass the need for a
feature extractor[192]. Some of the major concerns regarding the would-be classifiers are

accuracy, speed, time to learn and interpretibility according to [166].

Many statistical approaches exist for the pattern recognition. Some of the classic clas-
sification approaches include Fisher’s linear discriminant, decision tree and rule based
methods, k- nearest neighbour and density estimates etc. Efron in [72] refers the collec-
tion of algorithms such as random forests, gradient boosting, support vector machines,
neural nets (including deep learning) as "pure prediction algorithm". A prediction al-

gorithm is a generic algorithms for inputting a dataset d = (x;,9;),7i = 1,2,...,n and
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outputting f(z,d) that would for any predictor vector z, yields a prediction
§=f(.d) 2.7
The true error rate of the rule for classification where §; # y;, is given by
Err=Ef(X,d)#Y (2.8)

Where (X,Y) is a random draw from the same probability distribution gave the (z;,y;)

pairs in d.

2.4 Bayes Decision Theory

Bayes decision theory is one of the most prominent decision making theory in statistics.
It is based on the assumption that the decision problem is fully expressed in probabilistic
terms and that all relevant probability terms are known. This is not always true in real
applications. The problem is described as followed: Given an n-dimensional measurement
vector x = [mle....:ﬂn]T, determine it class membership or state of nature. There a
M potential classes labelled by the set Q = {Mj, Ma, ..., Ms}. Let the set A =
{aq,a9,...,apr, ... } represents all possible actions; we allow r > M since in certain
situations it may be advantageous to enable the system to take a course of action that
does not result in a forced decision on class membership. For example, a soft decision
or ’doubt’ option if more than one of the classes seems plausible and an ’outlier’ option
if none of the classes is acceptable. The action «;, Vi = {1,.., M}, corresponds to the

decision that x belongs to M;.

From Bayes rule the probability of assigning x to class M;.

p(x|M;)P(M;)
p(x)

P(Mifx) = (2.9)

where P(M;) is the a priori probability that the class is M; ; and p(x|M;) is the
conditional probability density function (PDF) of x given that it belonged to class M;.

If A(a;|M;) is the cost or loss incurred by taking action c; when the class is actually

M then the expected loss or conditional risk associated with «; is given by

M
R(ai|x) = Y M| M) P(M;]x) (2.10)

J=1
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The optimal Bayes decision process tries to select the action which eventually minimizes
the conditional risk. In case of classification, a natural decision rule would minimize the
average probability of error. To this end, the suitable cost function is the zero-one cost

function,

)

1=
MailM;) = TV = 1 M (2.11)

1, i#j

This assumes that a class membership decision is achieved through all courses of action
and that the correctly classified vectors lead to a cost of zero and for all incorrect decisions
is unity. The Bayes risk, or the expected loss under this decision rule, corresponds to
the classification with the minimum error rate and represents the optimal performance

achievable by a classifier.






Chapter 3

Time Series Analysis - An Industrial

Application

‘Machine intelligence is the last invention that humanity will ever need to

make.’— (Nick Bostrom)

This chapter is based primarily on an industrial application of the time series analysis on
usecases which were obtained as a part of industrial collaboration between my research
group INDAS and industrial partners. The content below is mainly derived from the

publication [40].

3.1 TSA for Industry 4.0

Digitalization is the transcendent future. The Covid-19 crisis has only emphasized the
need to digitalize the world as quickly as possible. From classrooms in schools to the
operation theatres in hospitals, automation has proven to be a necessity rather than

luxury.

Decisions regarding essential industrial processes such as scheduling, maintenance man-
agement and quality improvement etc. are being influenced by the availability of data
and its usage [235]. The definition by the Industry 4.0 Working Group initiated by the
Federal Ministry of Education and Research (BMBF), Germany is as follows:

"Networks of manufacturing resources (manufacturing machinery, robots, conveyor and
warehousing systems and production facilities) that are autonomous, capable of con-

trolling themselves in response to different situations, self-configuring, knowledge-based,

18
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sensor-equipped and spatially dispersed and that also incorporate the relevant planning

and management systems".

"Industry 4.0 is a national strategic initiative from the German government through the
Ministry of Education and Research (BMBF') and the Ministry for Economic Affairs and
Energy (BMWI). It aims to drive digital manufacturing forward by increasing digitization

and the interconnection of products, value chains and business models. It also aims to

support research, the networking of industry partners and standardization" [53].

Human-robot

collaboration
6 = Customisation
= Cognitive

systems

* Smart sensors

.-li? 9 = loT
5 = Cyber physical
- systems
£ = Cloud and
(=4 Automation networks
o * Computer and
electronics
= IT systems
= Robotics
= Mass production
9 * Electric power
* Assembly lines
= Mechanisation
= Water and steam
power
>
1784 1870 1969 2000 2023

F1GURE 3.1: Schematic illustration of the four industrial revolutions and projection
into Industry 5.0.

The 4.0 in Industry 4.0 refers to the 4th industrial revolution that mankind has ever
recorded. The first revolution happened around 10,000 years ago by domesticating the
animals. It combined human effort with that of animals to produce, transport and
communicate (See fig.3.1). The second revolution called industrial revolution happened
in the second half of the 18th century shifting from manual work to mechanical work
through machines enabling mass production. The third revolution also known as digital
revolution began in 1960s. The fourth industrial revolution actually started with the
digital age and has come of age in the present world of mobile devices, powerful and
cheaper sensors along with artificial intelligence (Al). Industry 4.0 was a term coined
at Hannover Fair, Germany in 2011 describing the concept of ’smart factories’ through

revolutionizing the global value chains [213]. Maintenance is a vital industrial operation.
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Every machine has a finite usability and lifetime. To prolong the lifetime, the machine
needs to be maintained periodically. Predictive maintenance (PdM) helps us estimate
when machine failure will occur so that we can maintain in advance, reduce downtime

and maximize equipment lifetime. The maintenance’s are of three main types:

e Reactive maintenance where we wait for the machine to go down or fail and then

perform the repairs on it.

e Preventive maintenance where we check the performance periodically and repair it
if required. This leads to increased down time hence resulting decreased produc-

tivity.

e Predictive maintenance which lets us estimate the time-to-failure of a machine.
This helps us to reduce the downtime by scheduling the repair only when a time-
to-failure is approaching. Since for industry 4.0 this decision has to be made using
sensor data, we can use the data to even pin point the exact issue and that can

help us improve the performance of the machine as well.

One of the objectives of this thesis was to apply time series analysis to the vital field of
Industry 4.0 production using appropriate machine learning techniques for the purpose
of predictive maintenance. Working on the predictive maintenance is also important to
understand certain behaviors of machine and helps to outline the correlation of use cases
with certain parameters which cannot be otherwise seen. This objective has helped to
focus primarily on the maintenance phase of the Industry 4.0 by shifting it from preven-
tive or reactive maintenance to predictive maintenance. Involving Al in different facets
of industrial processes and products is vital for the growth of Industry 4.0. [14] provides
a comprehensive overview on the current potential of artificial intelligence application in

the manufacturing industry.

The successful deployment of Al in industrial enterprise is still absent in large despite
the high presumptions of its usability. According to Accenture, 87% of manufacturers
have not yet implemented an Industry 4.0 approach [95]. It creates a roadblock for
the Industry 4.0 vision for data-driven digital transformation in practise. This absence
is mainly contributed to the lack of many successful applications of Al in Industry 4.0.
According to [183], most of the research is done in laboratory settings instead of successful
deployment at later stages. Deploying a new automated system in an already successful
traditional running system can disrupt the production supply chain and might not be
so interesting for the conservative industries. Another reason mentioned in [183] is lack
of documentation of the failed use-cases which could highlight the limitations of certain

approaches for other researchers. All the case studies reviewed by [183] had common
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limitations of data availability, quality and related issues (e.g. scarcity, contamination,
drift).

Condition monitoring industrial machinery by using data mining in industrial projects
has been extensively extended in the last few years. Applying data science to industrial
processes should be straightforward in theory, but very few instances in the literature deal
with the actual practical issues encountered while carrying out industrial data science
projects. The case study discussed in this chapter was pursued in accordance with
the steps outlined in the standard CRISP-DM (CRoss-Industry Standard Process for
Data Mining) including its latest holistic approach for engineering applications called
DMME (Data Mining Methodology for Engineering Applications). The industrial data
was acquired as part of industrial cooperation from multiple anti-reflective lens coating
machines. Various deep learning (DL) models like long short-term memory (LSTM), and
machine learning (ML) models like Decision Trees and Support Vector Machines (SVM)
were used as proof of concept for confirming the domain understanding of the process
experts. Our main contribution is the description of deficiencies and gaps of the standard
process framework CRISP-DM based on the issues faced in implementing each phase of
the process in a real world case study. In addition, we propose future research ideas to
close these gaps. This complements findings in the literature on gaps in CRISP-DM and
DMME.

3.2 Background and Motivation

The application of data sciences in an industrial setup has expanded exponentially. The
field has vast new advancements which are not captured in the process models for tradi-
tional data mining. Data mining now includes the latest data pre-processing techniques
as well as machine and deep learning techniques. With the expansion of Industry 4.0 in
the last decade, the amount of available sensor data has increased tremendously. Many
industries are joining the Industry 4.0 family by rapidly transforming and incorporating
digitization to improve the decision making process, existing processes and product de-
velopment etc . Data science has helped Industry 4.0 navigate its processes and services
in a meaningful manner from conception to its goal in terms of business model and tech-
nological advantage over its competitors. Applying data science for knowledge discovery
from Industry 4.0 in a systematic manner is not explored in detail in the literature [44].
The need for a standardized process model for knowledge discovery in Industry 4.0 is
evident. Though data science is applied to industrial problems very often in current
times, no systematic approach is in sight. Although the need for Al assisted industrial

operations has increased rapidly over the last decade, according to [110], 75 to 85 percent
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of practical ML projects currently do not match their sponsors’ expectations. The major
reasons for the unmet expectations as listed are unrealistic expectations, high accuracy
threshold for adoption, lack of focus on business goals, and lack of quality data. But there
is not enough literature available to highlight the practical implementation challenges for

these process models in real industrial set-ups.

Applying data science for time series in an industrial set up in an agile manner is chal-
lenging and has to follow some structure. In the following work, we apply a standard
CRISP-DM procedure along with its extension DMME to a case study of eyeglasses
anti-reflective coating quality assessment project. While we describe the case study per
se which yields many interesting insights carefully, the main focus of this study is the
description of the many benefits of applying the standard process model for data mining
but also the many gaps and shortcomings which are highlighted and discussed in this
chapter in detail. These findings will serve as a basis for future research to improve the
methodologies CRISP-DM and DMME to close these gaps.

Business
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Deployment Understanding
() 'Iiechnicnl ’ () Ter.ihnical
Implementation \ ' Realization

Data Data
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Data Legend

() Step of CRISP-DM

() Step of Extension for Engineers
O Number of Step
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Preparation

FIGURE 3.2: Graphical representation of the DMME process [108]

3.3 Related Work and Our Contribution

Some process models have been defined originally for the purpose of carrying out data
mining on industrial data sets, such as KDD (Knowledge Discovery in Databases) and
SEMMA (sample, explore, modify, model, and assess) developed by SAS institute in
2005[244]. [260] introduced a comprehensive process model for the application of data
mining (DM) on Industry 4.0 called "CRoss Industry Standard Process for Data Mining”
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or CRISP-DM. Since then, it has become a de facto standard for DM. This process model
intuitively documents the commonly used steps in most of the data mining projects.
Many projects involving industrial data mining still follow this process model such as
[24],[187] and [222]|. For a comprehensive survey on CRISP-DM usage in recent years,
see [212]; for a recent survey on generic data mining, see [185]. However, according to
[156] CRISP-DM is most suitable for projects which are goal oriented and process driven

and might not fit projects with exploratory data science nature.

CRISP-DM serves as a base framework to layout the critical phases which occur in per-
forming data mining related projects. It has been adapted for different specific tasks
resulting in multiple variations e.g. CRISP-TDM for temporal data mining [45], CRISP-
DMO for null-hypothesis driven confirmatory data mining [98], CRISP-EM for evidence
mining [250], and CRISP-MED-DM for data mining in healthcare [175]. Similarly, [233]
uses CRISP-DM as a basis to develop an end-to-end process model for ML based appli-
cations and it covers the appropriate phases in the life-cycle of a ML application develop-
ment. In 2019, another extension to the classic CRISP-DM model named DMME (Data
mining methodology for engineering applications) was presented in [108] see Fig. 3.2.
One of the draw backs of CRISP-DM highlighted in this paper is that it does not specify
a data acquisition phase with production scenarios. The CRISP-DM model has six se-
quential phases. DMME has been specifically tailored for the engineering applications.

It also includes a dedicated step for data acquisition.

In this study, DMME is applied to evaluate the sensor data from an anti-reflective (AR)
coating machine for lenses keeping the original CRISP-DM model as the base process
model. We aim to predict the quality of the coating based on the machine parameters.
We have highlighted the principal real-life challenges in the application of the CRISP-
DM and DMME model at every step of the process. Another goal was to mminimize
the downtime of the production line through appropriate data analytics by predicting

production and equipment failure beforehand.

The major contributions of this study are the application of CRISP-DM and DMME
to a real industrial process and to highlight real-life challenges at each process step’s
implementation in a real industrial setup identifying deficiencies and gaps of CRISP-DM
and DMME.
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3.4 Process Models: CRISP-DM and DMME

The main difference between CRISP-DM and DMME is the introduction of two ad-
ditional steps called technical understanding and conceptualization and technical real-
ization and testing for engineering applications. We used technical understanding in
addition to our traditional CRISP-DM process as shown in 3.3. Our collaboration was
interdisciplinary and focused on an engineered approach to process maintenance and

data handling.

3.4.1 Business Understanding

The interdisciplinary collaboration in this study consisted of three partners, who all had

different business cases:

e Biihler Leybold Optics/Partner 1: The designer and manufacturer of the glass

coating machines as shown in the fig 3.4.

e Optovision Moderne Brillenglastechnik GmbH /Partner 2: A customer of Biihler
using the coating machine for the anti reflective coat to its eyeglasses. This partner

would be the main provider of the data.

e INDAS, Frankfurt University of Applied Sciences/Partner 3: The research group
applies data mining on the data provided by Partner 2.

The main aims of this step was to set the collaboration goals which would align with the
Industry 4.0 vision for the all the partners. For Partner 1, the goal was to achieve more
insight into the effect of each parameter on the final quality so that the basic structure

of the machines can be improved using sensor datal.

Partner 2 had two business cases, indeed. The first was to increase the productivity and
quality of the processes by reducing the number of failed batches due to coating and the

second one was to predict the next batch and/or optimizing the process parameters.

For the Partner 3, the goal was to have good quality data which can be used for appro-
priate machine learning and data mining. On the other hand, the industrial partners
would generally have the vision to either increase their production directly or indirectly
or to understand their processes better. One of the ways forward is to make sure at this

phase that the business case defined is an actual and important use case for the industrial

IThe lack of quantitative definition of this business case became apparent only during the course of
the project, see the discussion below.
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partners. Otherwise, the project in the long run would suffer from lack of managerial

backup and interest.

As described in [86], an important goal for engineers in the data mining processes are to
extract relevant parameters that influence the quality of the target predictors. In most
glass coating industries the quality evaluation process is still manual as it seems to be
cost and time effective. This presented a challenge in later phases because of absence of
the objective quality criteria. The data scientists have to be involved at this point to
evaluate the prediction criteria for the explained use case and make sure that all the data
obtained are meaningful and quantitative. One of the main issues faced at this stage
is that the industrial partners would prefer to start the data mining process without
objectively defining the use case for the data scientist. This may be caused by lack of
experience and expertise for implementing an industry 4.0 project and must be avoided

at any cost.
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FIGURE 3.3: Phases of the reference model of DMME (data mining methodology for
engineering applications). (a) State of CRISP-DM, (b) holistic extension for engineering
application.[108]

3.4.2 Technical Understanding and Conceptualization

This DMME phase develops the understanding and concrete objectives for data mining

and machine learning experiments.

3.4.2.1 Determine Technical Objectives

Understanding the technical tasks and determining the use cases to be solved. The
technical task was to improve the coating process by determining the parameters affecting
the coated quality of the lenses. Also, the specific use case was to increase the number

of processes run on the machines before the downtime for cleaning the machine.

The technical goals were stated for all the parties separately. For Partner 1, the technical
goal was to learn about cause-and-effect relationship of important parameters through
the data in the coating machine to the quality of the lenses. This is aimed to improve

the design of the machine in future.
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For Partner 2, since they use the machines in their processes, the main goal was to
increase their productivity by increasing the number of processes before stopping the
machine to clean. An existing domain related assumption was that after every 24 pro-
cesses the machine needs to be cleaned. That means machines had a downtime of some
hours after every 24 processes. It is important to note, that while extending the cleansing
interval to save costs is part of the use case of Partner 1, it was treated as a technical
“given” constraint rather by some operational staff. Therefore, we conclude that ques-
tioning hidden assumptions like this one should be a paramount step in any data mining

methodology.

F1GURE 3.4: A Coater Machine by Biihler Leybold Optics for Air Coating Lenses.
(©AIll rights reserved by Biihler Leybold Optics)

3.4.2.2 Analysis of the Technical Situation

This activity analyzes the initial situation as part of the preparation of the development
work. To this end, Partner 1 and 2 explained in detail the structure of the system and
how the process is carried out. To gather more knowledge about the problem and process
understanding, an onsite visit was paid by partner 3 to partner 1 and 2. Also, in order to
have a better continuous support setup for online meeting twice a week was setup between
the data scientist and the process engineers. One of the main challenges at this phase
was to determine the relevant physical and technological interactions and their influence

on the target variable as it was a part of the problem description. At this phase the
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experts involved were the process engineers, manufacturing process planner, and quality
assurance personnel to contribute in the understanding of the process and evaluating the
current situation. Another real time issue determined at this phase was that the target
variable, i.e., the quality of the reflex is determined manually by a quality assurance
manager. Applying objective quality measurement solutions such as spectrometer is not

cost effective in a mass eye lens producing industry.

3.4.2.3 Conceptualization

This activity mainly focuses on the development of the solution approach as a proof
of concept. Hence it aims to determine the physical effects and their mapping to the
technical objectives. This is achieved through a constant follow up between process

engineers and data scientists.

As the first step, the principal effects that influence the quality are determined from
domain knowledge. There are many kinds of air coating done inside the coater machine.
Each one called a recipe is a different combination of substances and results in a different
coating. The coating is achieved by heating and evaporating the substances which then

attach themselves to the surface of the lenses.

The process of coating leaves residue inside the coater machine; and with every subse-
quent process the residue increases. With residue inside, the humidity is trapped inside
the coater machines which in turn makes the initial pump down phase, where a vacuum
is created, difficult or more time-consuming to achieve. The longer the machine takes to

achieve vacuum, the lower the assumed probability of producing good quality.

3.4.2.4 Acquisition Concept

In the case of this project, the related sensor data was already available at Partner 2 site.
The data set consists of a batch file that contains all the information about the process
files. Each process file contains time series for multiple parameters over time such as

temperature, pressure, ion source rate, etc.

A data mining approach was also developed as part of this activity. The DM idea was
to start with correlation analysis to look for any relationships between the parameters

and target parameters.
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3.4.2.5 Experimental Planning

This step focuses on the experimental setup for the data acquisition and knowledge
generation. In our case, knowledge generation was generated through regular meetings
with the process engineers of both Partner 1 and 2 every week. This created a feedback
loop where domain related knowledge misunderstanding or missing in data, could be

clarified in a short span of time.

The data was from the process from all the machines manufactured by Partner 1 and

deployed at Partner 2.

3.4.2.6 Specification and Project Plan

The project plan and specifications had been decided at a managerial level of the project.
Partner 1 assumed the project management, a steering committee met regularly to over-
see the project and a biweekly project meeting was decided. In the course of the project
this was changed to a scrum approach to speed up the transfer of knowledge between

industry and data scientists.

3.4.3 Technical Realization and Testing

In this phase the prototype for the realization of experimental plans along with proof of

concept is achieved.

3.4.3.1 Prototype Realization

As the test bed for proof of concept, a linear correlation analysis was done on batch
files to find any related correlation between lenses marked for quality check due to reflex
issues and the number of processes ran on the corresponding machine. From the domain

understanding the more the number of processes, the worse the quality of the lenses.

3.4.3.2 Test of the Concept

After the initial correlation analysis, no substantial correlation was found between the
said parameters as shown in Fig. 3.5. This was not in conformance of the domain
understanding. The explanation to this by the process engineers and data scientist was
that the machines are still not carrying out the optimal number of processes before the

downtime for cleaning. So we can increase the number of processes before cleaning.
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F1GURE 3.5: Correlation matrix displaying the correlation between important different
quality parameters

This was already interesting for partner 2 but partner 1 needed more insight into the
individual or combined effect of each parameter to the final quality of coating on the
lenses. For understanding the parameters and their role in the quality determination,
another set of experiments were designed. This included applying deep learning models

for time series such as LSTM'’s to the process files.

3.4.3.3 Perform Experiments and Collect Data

From the results from previous step, the number of processes before cleaning were in-
creased by two processes at a time until they reached 36. The caution in increasing the
numbers was that a sudden decrease in quality of lenses at any machine must not be

observed. The goal is finally to double the processes numbers before cleaning.

3.4.3.4 Documentation

The initial conclusion from the increase in processes was that in principle the number of

processes could be increased without any noticeable affect on the end quality.
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3.4.4 Data Understanding

The data understanding was achieved in a continuous process though visualization and
domain experts input. This understanding also helped to further improve the data quality

by eliminating files or parameters which did not align with the domain understanding.

The data was described initially through a data dictionary where each parameter was

described with its purpose along with the units.

The data set was explored through visualization as shown in Fig. 3.6.
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FIGURE 3.6: Diagram representing the distribution of (aggregated) pressure between

good and bad quality processes. The x-axis represents (aggregated) pressure in milliBar

(mbar) and the y-axis represents chamber pressure i.e. pre-vacuum line (mbar). Green

stars represent good quality and red bad quality batches. Where 0: < 10 % bad lenses
per batch(in green) , 1: >70% bad lenses per batch(red)

3.4.5 Data Preparation

This step of the original CRISP-DM aims to prepare the data for related data mining and
machine learning processes. However according to [69], the main focus of the methods
like Crisp-DM and KDD is only focus on the vital tasks at every phase without going
into details of actual adapted methods. [69] presents guidelines which are based on the
DMME and they enable machines to acquire data that is suitable for data mining. In the
first step for the data preparation all files with no data were eliminated. The next step
was to eliminate files which were corrupt and/or when the process was interrupted in
between. So only complete processes were taken into account. A total of 200 parameters
were recorded in each process file. For initial elimination, Pandas profiler was used to

create a statistical overview of the a parameter file. The parameters with low or no
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variance were filtered out and parameters with substantial variance were removed. The

Calculate
statistical
variance for
parameters

Remove files with
interrupted
processes

Remove parameters

with zero or low i
variance Data mining
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FIGURE 3.7: Flow diagram depicting the initial data cleaning process

initial data preparation process is shown in Fig. 3.7. After major filtration we worked
mainly with maximum of 10 parameters. In order to gain a better understanding for
Partner 1, experiments were designed to apply a deep learning and machine learning
approach to predict the quality parameter from the parameters in the process file. For
a better and stronger possibility of classification, the complete data set was divided
into two classes: Class A, where quality of the lenses is less than or equal to 10%, and
Class B, where quality is more than 70%. This threshold was chosen so that substantial
difference in parameter ranges can be detected. Also, the complete time series for each
process was taken initially. Since the time duration could vary from process to process
slightly, all process files were padded with zeroes at the end to be of the same length.
Each process had specific steps which were uniform across a specific coating recipe. In the
second part of the experiments, the data was aggregated for each step. The aggregation
functions applied were MIN, MAX, STANDARD DEVIATION and AVERAGE. But for

this experiment, only similar recipe processes could be trained together.

3.4.6 Model Building

For the initial modeling, a simple LSTM was applied with rework due to reflex as a
predictor from the parameters recorded during the processes. The pre-processed data set
was used for the modeling. Similarly CNNs and other variations of LSTMs (BiLSTMs)

were also implemented. The LSTMs could achieve accuracy beyond 55%.
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3.4.7 Model Evaluation

The data was filtered progressively towards a more meaningful direction with application
of domain knowledge. Data pre-processing techniques like data set balancing, filtration
of processes using different machines and recipes were applied and respective models were
trained with the filtered data. Different parameters were included to test the effect on
the deep learning parameter prediction, but the maximum accuracy achieved was 65%,

roughly the division between the classifying classes.

FIGURE 3.8: Decision tree to identify the threshold for each parameter for different
classes

Initial results were seen once the shift towards the more classical Support Vector Machines
and Decision Trees (Fig. 3.8) was made to classify the processes based on the process
information. The decision trees specifically were helpful in not only identifying the critical
parameters for the classification of quality parameters but also in determining some of
the data quality issues. The decision trees would often pick up noise in the data and
present it as a rule for classification. During the verification process, the domain experts
would pick these rules as noise and then the data would be filtered further for those
values or parameters. Various experiments were carried out to determine parameters

that appear to affect the outcome to the model.

No substantial results for a conclusion could be drawn from the deep and machine learn-
ing models. However, upon the application of permutation feature importance [9], the
common predictor found in both support vectors and decision trees was mainly the pump

down vacuum and the pressure.
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3.4.8 Results

As discussed earlier, different deep learning models including CNNs and LSTMs were
trained but the accuracy’s were never adequate for implementation. Fig. 3.9 depicts

different CNN models which were trained with different parameters. The result from the

70

Accuracy in Percentage

Model Names

FIGURE 3.9: Accuracies of different convolutional neural network models where each
model was trained with different input parameters

permutation feature importance was in accordance with the domain knowledge. The re-
sults for permutation feature importance and correlation analysis confirmed the process
engineers’ observations. So this project acted as a proof of concept for both industrial
partners. At this phase since no ML model was ready for execution, a technical imple-

mentation phase of DMME was not required.

3.5 Case Study Insights

This section reviews the usefulness and relevance of both process models in industry 4.0

predictive maintenance setup.

As stated earlier, this project has been beneficial for all the partners involved. For
Partner 1, this project helped them verify the proof of concept. Similarly, for Partner
2, the number of processes has increased before the down time, which serves already
a direct monetary benefit to them. No conclusive link was found between the process
parameters and the quality parameter through the deep learning models. This might be

contributed to the qualitative nature of the predictor.
During the execution of the case study the following short-comings of the CRISP-DM
and DMME have been identified:

1. Lack of business case

2. Lack of data quality description
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3. Lack of role descriptions

These are in-line with the findings in [156] that CRISP-DM and DMME are most suitable

for goal oriented and process driven projects but not exploratory data science projects.

3.5.1 Business Case

As mentioned in [222], a concrete business case is often missing in real industrial col-
laborations. Usually, the problem definition is high level and abstract. This has to be

defined as precisely as possible.

The CRISP-DM is not very useful for business understanding and developing a business
case that is viable for all co-operation partners. To this end, one must search outside

the paradigms of this process model and proceed in an agile manner.

This is in contrast to the findings in [212], where a lack of deployment was considered
as major short-coming. However, in our experience the lack of business case is a much
more fundamental problem. For instance, Partner 1 was lacking a clear business case for
its business, but was rather interested in “learning” about the relationship of complex
process parameters to quality. Although these were identified, it was never clear, which
level of prediction accuracy was necessary to achieve a real business benefit. On the
other had, had Partner 2 identified the reduction of the cleansing intervals as a clear
business case from the beginning, the extension from 24 to 36 would have been regarded
as a huge success. Furthermore, while Partner 2 had a business case for investigating the

relationship of complex process parameters to quality, it was not quantifiable.

While these facts seem to be not uncommon and rather typical for exploratory data
analysis projects, CRISP-DM neither systematically addresses any of these issues nor

helps to manage them.

3.5.2 Data Quality Description

The data must be evaluated at this initial phase to be able to go forward. The CRISP-
DM and DMME do not lay out concrete measures to determine the quality of the data
in the initial phases. Both briefly mention the importance of evaluating and creating
a data quality report. But no guidelines on how to achieve that are presented. Data
quality can be one of the largest obstacles in any data mining project which deals with
real data sets. One of the main challenges was the manual determination of the quality

parameter.
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3.5.3 Role Description

Similarly, CRISP-DM does not provide any insight on how to obtain the domain-related
knowledge from the industrial experts to be used for data mining procedures such as
ML and DL. Although this problem is addressed partially by DMME in their techni-
cal understanding phase, it is still unclear which resources can bridge the gap between
the knowledge acquired through experience by the process engineers and translate that
knowledge into the actual modeling phase. Another related issue found is that the roles
participating in each phase are not clearly highlighted in the DMME or original CRISP-

DM. In [99], an overview of each role is presented.

3.6 Discussion and Future Work

Since all the latest machinery has sensor data available, most industries incorrectly as-
sume that they are ready to move towards Industry 4.0 with the sensor data. The

availability of data alone is deemed enough to start a data mining project.

As part of future direction, in order to address the lack of business case, we would like
to merge existing business modelling frameworks with CRISP-DM and DMME to close
this particular gap.

To address the data quality issue we will rely on more quantitative measures. For this
particular project, we will use a spectrometer reading for instance that can be used since
qualitative measurements have a lot of noise present to clearly indicate a relationship

between parameters and the end parameter.

Furthermore, as future work, based on [99] we would like to objectify more concretely
the role of each contributor in the project so that it is quantified and useful to engage

similar roles in future projects using CRISP-DM and DMME.

3.7 From Industrial Time Series to Bio-medical Time Series

This study started with a focus on time series analysis for industrial domain. To this end,
the research group INdustrial DAta Science (INDAS) started actively started acquisition
of potential industrial collaborations. The acquisition of industrial partners has been the
most time and effort taking step. The acquisition steps include any intermediate phases
including but not limited to the initial contact, development of a non disclosure agree-

ment, sharing of the data, and availability of the data to the analysts etc. Immediately
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after the start of this doctoral studies, Covid-19 emerged. Due to this, the acquisition
became more challenging because the focus of the industrial partners shifted from re-
search to survival. Even after Covid-19, industrial partners are still recovering from the
aftermaths of the pandemic. Some of the collaborations after the acquisition stage had
to be terminated. The main grounds for ending the collaboration were the differences in
objectives or finding later on that the raised hypothesis is not suitable for data science

application.

After the Biihler/Optovision co-operation, many co operations are still under negotiation,
e.g. with Deutsche Bahn, Boeing, Samson etc. But the duration of acquisition and
meaningful application of data science to the industrial use-cases had exceeded the time
frame of a normal doctoral study, that is why the shift towards different time series was
essential. Another crucial aspect of working with industrial data set is that quality of
data is almost never fit for immediate analysis or application of different ML models.
This takes away most of the effort from algorithm development or research for time
series analysis towards data cleaning. However, moving towards other time series than
industrial production data set is not a diversion of objectives rather an expansion of them
because the principle problem remains the same i.e. time series analysis with machine

and deep learning techniques.

3.8 Conclusion

This case study was successful in implementing the combination of CRISP-DM and
DMME process on an industrial data set. The implementation included most of the
DMME phases except for deployment and technical implementations. The data mining
techniques used in this study ranging from linear correlation analysis to ML models like
SVMs and Decision Trees also helped to indicate which parameters can affect the out-
come of the AR-coating process. The parameters found were in line with the domain
understanding of the process experts. Though DL or ML models did not produce suffi-
cient results (in terms of model evaluation criteria such as accuracy, evaluation matrices
etc.) to be deployed as an end product, still the results obtained were in line with the
domain understanding. In the areas where CRISP-DM or DMME did not provide any
concrete guidelines, the study had to take an agile approach and rely on the experience

of senior management to navigate the project.






Chapter 4

ECG Signals - Construct and
Analysis

‘Things are never simple when it comes to the human heart.’— (Gillian Jacobs)

4.1 Time Series Classification

Time series classification is a classical problem and many ways exist in literature to
handle it. Since major part of this thesis is based on the ECG signals classification,
this chapter overviews the origin and acquisition process of the signals. Later in the
chapter, an overview of the state of the art for ECG signal analysis and classification is

also presented.

4.2 ECG Signals

The ECG signal records the electric activity of the heart. It was first invented by a Dutch
physician William Einthoven in 1902. In 1910, arrhytmia and the patterns associated
with angina were discovered with the help of ECG and Einthoven was awarded Nobel

prize in Medicine in 1924 for his revolutionary work|[209].

In order to understand the construct of the ECG signals, an overview of the heart
structure and its working is presented briefly in the section below. The following section

has been extracted mainly from my Master thesis [33].

38
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4.2.1 Structure And Physiology Of Human Heart

The heart is a muscular organ which pumps and supplies the blood to different parts
of the human body. It is situated between the thoracic cavity and the lungs space
called mediastinum. It is often referred to as a pump due to the fact that a contraction
mechanism is used to develop a pressure which in turn expels the blood into major

channels called aorta and pulmonary trunk [15][21].

A human heart resembles a pinecone. It is usually 12 cm in length, 8cm wide and 6 cm
in thickness, almost the size of our fist. The weight and size differ in males and females.

The heart of a well-trained athlete can be considerably larger than a normal heart [21].

The heart is composed of a right heart pump and a left heart pump. An atrium and
a ventricle further make up two chamber pumps of each of these hearts. So in total, a
heart has four chambers. Each atrium helps to move the blood into the ventricle and is

the weaker primer pump.

Now the ventricles, supplying the main pumping force, thrust the blood either through
the pulmonary circulation by the right ventricle or through the peripheral circulation by
the left ventricle[15]. Fig 4.1 represents a human heart with its different parts and the

passage of blood in them.
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FIGURE 4.1: Structure of the heart, and course of blood flow through the heart cham-
bers and heart valves.[15]

4.2.2 Cardiac Muscles And Electrical Activity

The heart is made up of three primary types of cardiac muscles: atrial muscles, ven-
tricular muscle, and conductive muscle fibers. Atrial and ventricular muscles share few

characteristics with skeletal and smooth muscles. That is one of the reasons why muscle
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noise is embedded within the ECG signals because of the similarity in the structure.
The conductive muscles of the heart have exceptional properties to initiate an electrical
potential at a fixed rate that triggers the contractile mechanism by spreading from cell
to cell. This property is known as autorhythmicity [21]. Though the cardiac muscles

have autorhythmicity, heart rate is regulated by the endocrine and nervous system.

The heart is made up of two major types of muscle cells:

e 99% of the cells in atria and ventricles are made up of myocardial contractile cells.
The impulses are conducted by these cells, and they are responsible for contractions

that pump blood through the body.

e The remaining 1% of the cells are myocardial conducting cells which form the
conduction system of the heart. They are functionally similar to neurons. The
electrical impulse or action potential initiated by these cells propagate and travels

throughout the heart and triggers the contractions to push the blood.

A fully developed human adult heart is capable of generating its own electrical impulse,
which is activated by the cells pacing the fastest, as part of a system called the cardiac
conduction system. The cardiac conduction system consists of the sinoatrial node, the
atrioventricular node, the atrioventricular bundle, the atrioventricular bundle branches,
and the Purkinje cells. The activation of heart muscle cells starts with the change in its
initial electrical potential via a membrane-bound ion in- and outward flux. This event is
called depolarization which is followed by repolarization. Repolarization is the successful
recovery of the initial ion concentration state between intra-cellular and extra-cellular
space [15][21].

4.2.3 Sinoatrial (SA) Node

The sinoatrial node is located close to the opening of the superior vena cava, in the
walls of the right atrium. It is a specialized clump of myocardial conducting calls. Due
to its highest built-in rate of depolarization, it creates the normal cardiac rhythm and
hence, is also called the pacemaker of the heart. The electrical pattern known as sinus
rhythm starts from this SA node and is followed by contraction of the heart. After
initialization, the impulse spreads throughout the atria and the atrioventricular (A-V)
node. A time duration of approximately 50 ms is taken by the impulse to travel between
two nodes. The muscular contraction is triggered by the current of depolarization that
begins in the right atrium and spreads across the upper part of both atria and then down
to ventricles. The blood is then pumped into ventricles by contracting from superior to

inferior portions of the atria.
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4.2.4 Atrioventricular (AV) Node

There is another clump of specialized myocardial conductive cells called the atrioven-
tricular (AV) node which is situated in the lower section of the right atrium. Before the
depolarization of AV node and transmission of the impulse to the AV bundle, a delay
takes place, which is of approximately 100 ms. This delay is very critical to heart func-
tion. The heart cells complete their contraction that pumps the blood into ventricles
before the transmission of the impulse to ventricles cells itself during this delay. The
impulses can be transmitted maximally at 220 per minute by the AV node with extreme
simulations by SA node. This duration corresponds to the typical maximum heart rate

of a young adult [21].

"Another cluster of cells called the Purkinje fibers spread the impulse to the myocardial
contractile cells in the ventricles. They are located throughout the myocardium extending
from the apex of the heart towards the atrioventricular septum and the base of the heart.
These fibers have a fast conduction rate and conduct the impulse to all of the ventricular
muscle cells in about 75 ms. The contraction begins at the apex with the electrical
stimulus and travels towards the base of the heart in a similar manner as squeezing
toothpaste from its bottom. This results in the blood pumping out of the ventricles and
into the aorta and pulmonary trunk. The total time from the initialization the impulse

in the SA node until depolarization of the ventricles in approximately 225 ms" [15][21].

4.3 The Cardiac Cycle

The cardiac cycle is defined as an activity of the heart that takes place from the onset
of one heartbeat to the next one. Each cardiac cycle begins with the generation of an
action potential in the SA node like explained earlier. The cycle consists of diastole (a

period of relaxation) followed by systole (a period of contraction).

4.3.1 Phases Of The Cardiac Cycle

The blood flows according to the pressure gradient. The cycle begins with diastole,
during which both atria and ventricles are relaxed. Blood flows in the right atrium from
the superior and inferior venae cavae. Similarly, the four pulmonary veins allow the
blood to flow in the coronary sinus and the left atrium. The tricuspid and mitral valves,

both atrioventricular valves open allowing the blood to flow from atria to ventricles.
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FIGURE 4.2: The cardiac cycle starting with atrial systole and progressing to ventric-
ular systole,atrial diastole, and ventricular diastole. Corresponding ECG correlation is
highlighted|[21]

Approximately, 70-80% of the ventricular filling occurs in this way. The two valves,
the pulmonary and aortic valves, are closed to prevent the backflow of blood into the

ventricles from the pulmonary trunk on the right and aorta on the left [21].

4.3.2 Atrial Systole And Diastole

Due to the contraction of atrial muscles, the pressure builds up within the atria resulting
in the blood being pumped into the ventricles through the open valves. In the start of
atrial systole, ventricles are filled up to approximately 70-80% of their capacity due to the
inflow of blood during diastole. The contraction of atria prior to ventricular contraction
takes place to pump blood into the ventricles before the strong ventricular contraction
begins. Thus the role of atria here is mainly that of the basal pumps for the ventricles
whereas ventricles provide the major source of power for the blood flow through the

body’s vascular system.
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The duration of atrial systole is approximately 100 ms, and it concludes before the start

of ventricular systole bringing atrial muscles to rest(diastole) [21].

4.3.3 Ventricular Systole

Ventricular systole is caused by the depolarization of the ventricles. It is further divided
into two phases. Initially, with the contraction of ventricles, the blood pressure within
the chamber rises but not high enough to open the pulmonary and aortic valves and to
be ejected from the heart. This results in an increase in blood pressure above the atria

(which are now in diastole).

This causes the blood to flow back towards the atria closing tricuspid and mitral valves.
In the later phase, the pressure within the ventricles is higher than the pressures in
the pulmonary trunk and the aorta due to the ventricular muscle contraction. Blood
is pumped from the heart by push opening the pulmonary and aortic semilunar valves.
Since the existing pressure in the aorta is much higher, the pressure generated by the
left ventricle is considerably higher than the pressure generated by the right ventricle.
Despite this fact, both ventricles pump the same amount of blood known as stroke

volume. The ventricular systole lasts a total of 270ms [15][21].

4.3.4 Ventricular Diastole

This phase follows the repolarization of the ventricles. In its initial stage, the ventricular
muscle relaxes resulting in the decrease in pressure on the remaining blood within the
ventricles. When the pressure within ventricles is lower than the pressure in both the
pulmonary trunk and aorta, the blood flows back toward the heart, producing a dicrotic
notch (small dip) which can be seen in blood pressure tracing. Now the semilunar valves
close preventing the backflow of blood into the heart. There is also no change in the
volume of the blood because the atrioventricular valves remain closed at this point. This

early phase of ventricular diastole is called isovolumic ventricular relaxation period.

In the second phase of ventricular diastole, pressure on the blood within the ventricles
drops even further due to relaxation of the ventricular muscle. When the pressure drops
below the pressure in atria, the blood flows from the atria into the ventricles by push
opening the tricuspid and mitral valves. The blood flows from major veins into the

relaxed atria and from there into the ventricles.

The ventricular diastole lasts approximately 430 ms. Both chambers are now in diastole,
the atrioventricular valves are open, and the semilunar valves remain closed. The cardiac

cycle is complete.
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4.4 The Normal Electrocardiogram

The cardiac impulse passes through the heart causing the electrical current to spread
from the heart to adjacent tissues. A small current extends all the way to the surface of
the body. The electrodes placed on the skin can effectively detect the current on opposite

sides of the heart, and record the electrical potentials generated by the current [15].
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FIGURE 4.3: A normal ECG [140]

The normal ECG is composed of a P wave, QRS complex and a T wave (Fig 4.3).

The P wave is generated due to the depolarization of the atria. The atrial depolarization
is followed by atrial contraction (systole) which continues until QRS complex. The
atria re-polarize about 0.15 to 0.20 seconds after termination of the P wave which is
about the same time when the QRS is being recorded. The QRS complex represents
depolarization of ventricles before contraction and the electric potential generated due
to this depolarization. Both the P wave and components of the QRS complex are known

as depolarization waves. The normal duration for the peaks is presented in Table 4.1

The repolarization of the ventricles creates the T wave and marks the beginning of
ventricular relaxation. No potential is shown on ECG when the ventricular muscle is
completely polarized or depolarized. The current can only travel from one part of ven-
tricular to another when the ventricular muscle is either partially polarized or partially

depolarized hence shown on the ECG.

Fig 4.3 charts out the normal ECG ranges for each interval. Ten electrodes are placed
on the patient’s limbs and the chest in a conventional 12 lead ECG. That provides
12 different angles to measure the magnitude of the heart’s electrical potential. So at
each moment, the magnitude and direction of the heart’s electrical depolarization are
measured during the cardiac cycle. A graph is plotted between corresponding voltage

versus time.
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Feature Normal Value Normal Limit
P width 110 ms +20 ms

PR interval 160 ms +40 ms

QRS width 100 ms 420 ms

QTc (corrected) interval 400 ms +40 ms

P amplitude 0.15 mV +0.05 mV
QRS height 1.5 mV +0.5 mV

ST level 0 mV +0.1 mV

T amplitude 0.3 mV +0.2 mV

TABLE 4.1: Typical lead IT ECG features and their normal values in the sinus rhythm
at a heart rate of 60 bpm for a healthy male adult [52]

4.4.1 The ECG Electrodes And Leads

Two electrodes are placed on different sides of the heart to record an electrocardiogram.
A lead is composed of two wires and their electrodes to make a complete circuit between

the body and the electrocardiograph [21].

The term lead means an imaginary line between two ECG electrodes. During ECG the
electrical activity of different leads is measured and recorded. The electrodes are wires
attached to the body of the patient to record the ECG, and they allow respective leads
to be calculated [68].

The electrical activity of different parts of the heart muscles is calculated by placing
electrodes on different sides of the heart. The ECG displays the voltage between the

pairs of these electrodes and the muscle activity measured by those electrodes.

In a 12 lead ECG, three different types of leads called bipolar limb leads, Unipolar limb
leads, and Unipolar precordial (chest) leads are used, each looking at the different angle
of the heart. The bipolar limb leads, also known as standard leads, are called leads I,
IT and III. They use a single positive electrode and a single negative electrode between
which electrical potentials are measured. The bipolar leads view the frontal plane of the

heart from these two points [20].

4.4.2 Einthoven’s Triangle

Einthoven’s Triangle as shown in fig 4.4 is drawn around the area of the heart. The top

of a triangle, surrounding the heart, is formed by two arms and left leg.

The upper two corners of the triangle represent the points where fluids around the heart
are connected electrically with the two arms and the lower corner of the triangle represent

the point at which the left leg connects with the fluids [21].
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FIGURE 4.4: Conventional arrangement of electrodes for recording the standard elec-
trocardiographic leads superimposing the Einthoven’s triangle[21]

At any given point in time during the cardiac cycle, the heart current flows in a particular
direction in the heart. A vector representation is used to measure the electrical potential
generated by the current flow. An arrow pointing in the direction of the electrical po-
tential with the arrowhead in the positive direction is used. The arrow length is drawn
proportional to the voltage of the potential [21]. The direction of the vector is different
at different points of the cardiac cycle and is captured by different leads. The electrical
heart axis is the direction and size of the vector of the electric heart field. The changes
or fluctuations in the electric heart field can be detected only during depolarization or

repolarization.

4.5 Systematic Methodology of ECG Analysis — An

Overview

ECG is one of the most important parameter indicating one’s physiological well being.
It is extensively used for evaluating the cardiac situation of the patients [216]. The

periodicity in the ECG signals over time has made it effective for several non invasive



Chapter 4. ECG Signals - Construct and Analysis 47

biomedical applications like heart monitoring, blood glucose monitoring [243], bio-metric

identification [173], emotion recognition|97], fall detection [34] and prevention [238].

Studies like [120], [165] and [52] presents a comprehensive overview of the different ECG
analysis techniques. The analysis of ECG, like most of the time series analysis, involves
pre-processing, feature extraction, feature selection, feature transformation, classification

and interpretation as shown in Fig.4.5 .

ECG signals requires the preprocessing techniques for noise reduction since the signals
are contaminated with different types of noise and artifacts during the acquisition pro-
cess. Major types of noises include power line interference, baseline wander, electrode
contact noise, electrode motion artifacts, muscle contractions, electrosurgical noise, and
instrumentation noise [120]. More details on ECG noise and filtration can be found in
Chapter 5, section 5.5.2. The prime function of applying preprocessing methods is to
make the peaks and joints of the ECG signals, like QRS(onset and offset), RR interval,
P-onset, T-onset clearer and reliable to further processing. The major preprocessing

techniques include filtering, resampling, digitization, artifact removal and normalization.

This section outlines the systematic methodology to time series analysis with focus on
the ECG signals.

Feature Feature Feature

Extraction Selection Transformation Classification  Interpretation

~
LDA
Rule based

Convolutional
Kernel
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P-QRS-T
Complex
features

Filtering Filters

Statistical
Resampling, Features
digitization and Deterministic

artifact Wrappers
removal Morphological
features

Randomized

Normalization Wavelet Wrappers

features

Local Proxy
methods

FIGURE 4.5: Systematic Methodology for Analyzing a Time Series in general and ECG
in particular
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4.5.1 Feature Extraction

One of the eventual steps after preprocessing is to extract relevant features for the anal-
ysis. Feature extraction is a vital step specially for bio-medical signals because of their
unique nature. Physiological signals are non-stationary, non-linear, non-Gaussian and

non-short form which poses its own challenges in analysis.

Feature extraction aims to reduce dimensionality and compress data, allowing for a more
concise representation using a subset of features. This streamlined data representation
is advantageous for optimizing machine learning and artificial intelligence models, par-
ticularly in tasks like classification and diagnosis. Additionally, feature extraction filters

out redundant data from the dataset, retaining only the essential information of interest.

The features can be extracted both manually and automatically depending on the ap-
plication. Several techniques exist to extract features based on the domain knowledge.
Most common feature extraction techniques for ECG analysis include P-QRS-T com-

plex features, statistical features, morphological features, and wavelet features. Singh
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FIGURE 4.6: An overview of the Feature extraction techniques fro ECG signals

et al. |225] categorizes the many existing feature extraction technique for ECG signals
into four domains called time domain, frequency domain, time—frequency domain and

decomposition domain as shown in Fig 4.6. For details of each algorithm, please refer to
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the original reference at [225]. In this dissertation, mainly wavelet transformation from

decomposition domain were used as feature extraction techniques.

4.5.2 Feature Selection

Feature extraction can still result in high dimensional features which makes the ECG
signals difficult to model since many pattern recognition techniques are originally not
designed to cope with higher dimensional feature space. It is not only computationally
inefficient but also effects the performance of the classifiers in later steps. Hence, some
methods should be employed to select the relevant features after the extraction process.

The selection can be automatic or based on the domain knowledge.

Saeys et al. [203] categorizes the feature selection methods into three kinds: filter,

wrapper and embedded as shown in Fig.4.7.

The filter based selection uses scoring mechanism to score relevant features and filter out
the ones with lower scores. The scoring is independent of the classifier or the learning
model. Some of the filter based feature selection for ECG signals includes correlation
criteria, Fisher score, information gain-based selection, mutual information techniques,
fuzzy clustering and rough sets based selection. One of the drawbacks of the filter
based method is that the interactions between different features with each other and the

classifiers are not taken into account.

The Wrapper methods tackle this problem by integrating the model hypothesis search
into the feature subset search. This makes them computationally heavier than the Filter
methods. Some of commonly used wrapper methods for ECG are sequential feature
selection method, sequential floating feature selection algorithm, kNN based sequential
forward selection algorithm and forward selection and backward selection SVM with
Gaussian RBF kernel.

On the other hand, in the embedded method the feature selection is entwined in the
training process of the classifier. Therefore the embedded methods are specialized for
the respective trained classifiers. Other commonly used feature selection method for

ECG analysis is genetic algorithms (GA) based selection approach.

4.5.3 Feature Transformation

Feature transformation reduces the feature subspace by transforming the original space

into a lower dimensional subspace. This is why both the terms, feature transformation
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93]

and feature reduction, are often used interchangeably. However in feature selection, the

feature subspace is reduced by selecting a discriminate subset from original feature space.

Principal component analysis or PCA is one of the most common methods to reduce
signal dimensional by achieving a linear mapping of high dimensional input vector into
low dimensional vector whose components are uncorrelated. It was presented initially by
Pearson [180], as more fitting for modelling response data than the analysis of variance.

It was later developed to its present form by Hotelling [102].

The principal components (PC) are derived from the signal x which is assumed to be
a zero-mean random process and is characterized by the correlation Ry = E[xx|T [43].
The principal components are derived by applying an orthonormal linear transformation

w = \IJTX, (4.1)

so that the elements of the principal component vector w = [wy,ws, ....wy]T become

mutually uncorrelated. The first PC is obtained as scalar product w; = \IllTx, where the
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vector Wy is chosen so that the variance of wi, given by:

Ew?] = BT xx"¥) = ¥R, ¥, (4.2)

is maximized subject to the constraint that ¥7W; = 1. The maximum variance is
obtained when W¥; is chosen as the normalized eigenvector corresponding to the largest

eigenvalue of R, as denoted Ap; the resulting variance is

Elwi] = W{ R, W1 = AU, = A, (4.3)

Subject to the constraint that wy and the second principal component wo should be un-
correlated, ws is obtained by choosing W5 as the eigenvector corresponding to the second
largest eigenvalue of R, and so on until the variance of x is completely represented by
w [43]. Some of the recent studies which implement PCA for ECG analysis are [155],
[73], and [221].

Similarly, another feature transformation method found in literature is Linear discrim-
inant analysis (LDA). Feature space is compressed by projecting the high dimensional
features into optimal discriminant vector space thus extracting the classification infor-

mation.

Let TX = {z1, 22, ...... , Zm ) be the n-dimensional data in R™ space, m is the number
of training samples, and n is the dimensionality of training samples. The category label
is given as ¢; € {1,2,...,k.},where k. is the number of categories of the sample. The
goal is to learn an optimal projection matrix W such that z; is projected to y; of the
d-dimensional data (d < n),

yj =Wz, (4.4)

If Sw is in-class scatter matrix and Sy, is a inter-class scatter matrix of samples, and m

is the mean vector of all samples, Sy, and Sy, can be calculated as:

kc
Sw=)_ > (zj—mi)(a; —my)" (4.5)

i=1 jec;

ko

Sb =Y _ (mi —m)(m; —m)" (4.6)

i=1
Independent component analysis (ICA) is another feature transformation technique
which identifies the underlying independent factors statistically. It can identify and
statistically separate out the individual sources from the mixtures without any prior

information about the sources and the mixing parameters [104].
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If observed variables from a process are denoted by x;(t), i=1,...T, where i is the observed
data variable index and t is the time index. An observed signal x;(t) is assumed to
be a combination of hidden (latent) variables s;(t),j = 1,...,m, and some unknown

coefficients a;;

x;(t) = Zaijsj(t) forall i=1,..n (4.7)
j=1

The s;(t) are the independent component whereas the coefficient a;; are called the mixing
coefficients. Here only the variable z;(t) is observed and both a;; and s;(t) have to
inferred. The ICA algorithm aims to extract the data by a linear generative model such

that the stochastic sources s; are as mutually independent as possible[109].

Some of the recent studies using ICA for ECG analysis are [207][114](for classification)
and [134] (for de-noising).

4.5.4 Classification

Classification is one of the key tasks in time series analysis. It has many applications areas
like diagnostics [179] [19] [118], geriatrics [163], biometric identification [148] [246]|67] and
many more. The aim in classification is to assign each input vector to one of the finite
number of discrete categories [23]. According to [229], formally a classifier C'is a function

mapping a feature space H into a set of predefined class label L

C:H—=L (4.8)

Many classifiers exist in literature for ECG classification. They can be widely divided
into categories including machine learning techniques named support vector machines,
decision trees, k nearest neighbour(kNN), LDA and deep learning methods including

artificial neural networks.

Support Vector Machine or SVM were introduced by Vapnik in 1992 [54]. Given
an input example X = (z1,....x4) of d dimension into two classes. A decision function
of SVM separates the two classes by f(X) > 0 or f(X) < 0. The size of the training
set N is (y;, X;), i = 1,..., N. Where X; € R" is the input pattern for the ith example,
and y; € {—1,1} is the class label. Support Vector classifiers implicitly map X; from
input space to a higher dimensional feature space which depend on a non-linear function
¢(X). A separating hyperplane is optimized by maximization of the margin. Then SVM

is solved as the following quadratic programming problem,
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n n
o 1
Maximize : Zai — 52 a0y y; K (K, X5) (4.9)
=1 i,7=1
n
Subjectto:0<a; <C(i=1,..n), Zaiyi =0 (4.10)
i=1

Where o > 0 are Lagrange multipliers. Many a will be equal to 0 when the optimization
has solved and the others would be Support Vectors. C'is chosen according to the problem
and is a positive constant. This parameter expresses degree of loosing constraint. A large
C' can classify training examples more correctly. K (X, X') is the kernel function which
is inner-product defined by K (X, X') = ¢ (X) - ¢ (X’). Then the SVM decision function

1S

fX)= > ciK(Xi, X) +b. (4.11)
X, eSV

A common kernel is the Gaussian radial basis function (RBF) given by [276],
K(X,X') = ¢ IX-XIP/20% (4.12)

An important characteristic of SVM machine is that model parameter determination is
corresponded to a convex optimization problem, which means that any local solution
is also a global optimum [23]. Many studies have used SVMs for classification of ECG
signals. Some of the such recent studies include [46],[276], [193],[169], and [115]. Most of
the SVM based classifiers would require manual feature extraction in the initial stages
of data pre-processing. One of the main strength of SVM is its white box nature which

makes it easier to be interpretable for explaining the decisions.
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Another common classification white box model is decision tree DT. Its strength also
lies in its internal pretable nature. The recent studies using DT for ECG classification
are [274],[170],[138],and [205].

Artificial Neural Networks (ANN) are interconnected artificial neurons, which are
interconnected with adjustable weights. The neurons are basically non linear discrimi-
nant functions, which are based on linear combinations of fixed non linear basis function
¢j(x) . If f(.) is a non linear activation function , the linear model in case of classification

take the form
M
yx,w) = f | > wig(x) (4.13)
j=1
This model is transformed to make the basis function ¢;(x) depend on parameters which

can be adjusted along with coefficients w; during training. For the input variables

1,....xp, M linear combinations are constructed in the form:

D
a; = Z w](;)xi + wj%) (4.14)
i=1

1)

i > Wjo are weights and biases

respectively. Also j = 1,...M and the superscript (1) indicates that the parameters be-

Where a; are known as activations and the parameters w

long to the first layer of the network. Each of them are transformed using a differentiable,

non linear activation function h(-) to give
Zj = h(aj) (4.15)

These quantities correspond to the outputs of the basis functions and are called hidden
units. The nonlinear functions h(-) can be logistic sigmoid, 'tanh’, or ReLU (Rectified
Linear Unit) |23]. The activation functions can be chosen based on the nature of the

data and the assumed distribution of target variables.

There have been many models used for classification in literature. The most commonly
used neural networks used recently for ECG classification are Convolutional Neural Net-
work (CNN) [19], [107], [129], [267], [3], Recurrent Neural Network (RNN), Long Short
Term Memory (LSTMs) [201], [103], [130], [268], transformers [164], [105], [48], [171],
[106], and also ensemble models. The working mechanism of CNNs; transformers and

LSTMs are discussed in detail in later chapters.
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4.5.5 Explanation

Although the classification algorithms have leveraged the diagnostic process, they are
mainly data driven and rely on the underlying representation of the data which makes
it difficult to interpret the classification results. This, in turn, makes it more difficult to

implement these diagnostic tools in practise.

Since the terms, explainability and interpretabilty like most of the other terms in the
Explainable AI (XAI), lack a formal definition [141], [31]. However, interpretability for
data science can be vaguely defined as the capability to provide an explanation in a
human understandable terminology. [141] proposes to gain and define proper context
and the the motives of the interpretability to have concrete outcome of explainability

and interpretability laid out.

The explanation should act as an interface between algorithms and humans so that
the decision is comprehensible and at the same time an accurate representation of the
algorithm mechanism [90]. The absence of interpretability can raise issues in areas like
technical (understanding and implementing a certain algorithm), ethical (e.g. for critical
decisions in automated military operations) and legal (e.g. e General Data Protection
Regulation (GDPR) implementation) [90], [85].

It is not only important but a prerequisite for AI models and analysis to be explainable
and interpretable for the techniques to be implemented in safety critical systems such as

the medical domain.

The models can be interpretable in two ways:

e The first way is to build an interpretable model from scratch. Traditional machine
learning models like decision trees and support vectors are white boxes by design
and the results are human interpretable. Bodini et. el [26], Neves et el [174] etc.

discusses open box interpretibility techniques for ECG signals.

e The second approach is used when the model is complex. Here an effort is made to
approximate the relationship between input and output in human understandable

manner.
Many taxonomies exist in literature to catogarize XAI approaches like one shown in

Fig.4.9. According to [88] and [240], many of the present methods for XAI can be

categorized in the following way:

e Ante-Hoc vs. Post-Hoc
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FIGURE 4.9: The proposed taxonomy categorizes the reviewed XAI approaches in
different explanation types based on their explanations [240].

The post-hoc approach provides explanation in a manner that is separated from
the model. The explainabilty is not built in the model. Thus, a post-hoc explainer
would consist of a function g that takes as input the classifier f as well as a dataset
D. It provides an insight into what the model has learned without changing its
structure. e.g. Lime[197|, Layer-wise Relevance Propagation (LRP)[17]| and Black
Box Explanations through Transparent Approximations (BETA) [137].

Ante-Hoc methods have the explainability built into the the model from the be-
ginning. To train such model, the goals of explainability are clear right from the
start. Recently more effort is being put into designing models which are ante hoc
in nature. Some of the proposed methods are REverse Time AttentloN model
(RETAIN)|[50], Bayesian deep learning (BDL)[1], Self-Explaining Neural Networks
[10], Concept Bottleneck Models [126], Concept-based Model Extraction[131], and
Concept Whitening|49].

e Global vs. Local

This categorization refers to the kind of explanations obtained by applying explain-
ablitly techniques. If an explanation approach describes the overall logic for the
particular input instance, it is referred to a global explanation. Function g returns

a generalized explanation for the decisions that are valid for the whole set X.

On the other hand, if the approach can only explain certain instances or family
of instances, it is a local explanation, i.e., g unveils the reasons for the classifi-

cation only for a specific instance x. Naturally, obtaining a global explanation is
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more challenging task than obtaining a local one. [240] uses another taxonomical

structure to categorize the explanations for time series as shown in Fig. 4.9

e Model-Agnostic vs. Model-Specific

Some of the interpretation techniques are unique for certain models and are only
applicable with those particular models. e.g. using activation maps of intermediate
layers in CNNs to understand the learning of the weights is model specific to
CNNs. On the other hand, model-agnostic tools are meant to provide explanations
regardless of the underlying structure or model and are used only after the model
has been trained. These agnostic methods typically analyze pairs of feature inputs
and outputs and provide the explanation on instance basis. It’s crucial to emphasize
that, by definition, such methods lack access to internal model details, such as

weights or structural information [240].






Chapter 5

Fall Detection Using ECG Signals

‘Knowing is not enough; we must apply. Willing is not enough; we must do.’-

(Johann Wolfgang von Goethe)

This chapter is mainly based on the worked published in [34]. However it is not written
in a 'verbum pro verbo’ from the publication in this chapter. The work was aimed to

detect human fall and detect different human activities using ECG signals detection.

In this study we aim to detect human activities, in particular fall events using wearable
devices based on ECG sensor data. To this end we classify the activities with a pre-
trained deep neural network, i.e. we apply a transfer learning approach to reduce training

time and data.

The chapter is structured as follows: A brief description of the technologies used in our
study is given in Section 5.2. Section 5.3 presents an overview of the different form of
fall detecting techniques and human activity recognition (HAR) in literature along with
an emphasis on our contribution to the field. Experimental setup and data collection
process is illustrated in Section 5.4. Section 5.5 presents our proposed methodology
and explains the algorithms used. It also describes the phases of our work and its
implementation. Section 5.6 reviews the collected results and their implications. This
leads to the discussion related to our research question in Section 5.7. Finally, Section
5.8 outlines the conclusion and gives some future perspective that can be used to further

probe the field of HAR using ECG signals.

99
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5.1 Introduction

The World Health Organization (WHO) defines fall as “unintentionally coming to the
ground or some lower level and other than as a consequence of sustaining a violent blow,

loss of consciousness, sudden onset of paralysis as in stroke or an epileptic seizure” [262].

According to a study, falls are the dominant cause of unintentional injury-related deaths
and non-fatal injuries in people aged 65 and above. It poses a severe challenge for senior
adults and people with movement disabilities [7]. The likelihood of falls increases with age
and diminished health quality of an individual. The frequency of falls is more significant
in seniors living in nursing homes than those who are living in the community. According
to [242], approximately 30-50% of people residing in long-term care institutions fall per
annum, and 40% of them experience repetitive falls. About two-thirds of people who
suffered a fall are susceptible to recurrent falls. About 50% of the patients who lay on

the floor for more than an hour after a fall died within six months of the fall [259].

A critical step in providing timely response to falls is detecting them as early as possible.

Several studies and surveys have been conducted to categorize falls and detect them.

5.2 Background

For the reader’s convenience, we briefly explain the technologies that were employed in

this section.

Several fall detection systems exist in literature. A recent review of the fall detection
systems in [256] categorizes them as follows: (i) wearable device, (ii) ambient system,
(iii) image processing system, and (iv) combined systems. Wearable devices provide
a cheaper and more practical solution in terms of freedom of movement and energy
consumption. The aim of most fall detection systems is not only to detect a fall but
also to inform concerned authorities in case of an urgent medical emergency. Most of the
latest algorithms for fall detection use machine learning [82] and deep learning algorithms
[146].

Deep learning became prominent in computer vision (CV) when a deep learning convolu-
tion neural network, AlexNet, outperformed its competitors in the ImageNet Large-Scale
Visual Recognition Challenge (ILSVRC) in 2012 during an image classification task. Be-
fore the wide spread recognition of deep learning, features from the data had to be hand
crafted and then fed into a machine learning model. Deep learning in general and CNNs

in particular, have revolutionized the field by not only detecting the features themselves
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but the features selected by them have been proven to be more significant than those
crafted by hand [147].

According to [237], “transfer learning is a machine learning method where a learning
model developed for a first learning task is reused as the starting point for a learning

model in a second learning task” .

It can also be defined as the ability of a system to recognize and apply knowledge and
skills learned in previous domains/tasks to novel domains/tasks, which share some com-
monality [178]. Transfer learning has been formally defined and categorized in [178]. The
problem statement, notation and definition used here are also taken from [178]. A domain
D is comprised of two components: a feature space X and a marginal probability P(X),
where X = {z1,29,...x,} € X. Similarly, given a specific domain, D = {X, P(X)}, a
task consists of two components: a label space ) and an objective predictive function
f(-) (denoted by T = {V, f(-)}), which is not observed but can be learned from the
training data, which consist of pairs {z;,y;}, where z; € X and y; € Y. The function
f() can be used to predict the corresponding label, f(z), of a new instance x. From a

probabilistic viewpoint, f(x) can be written as P(Y|X).

Formally transfer learning is defined as, “given a source domain Dg and learning task
Ts, a target domain D7 and learning task 77, transfer learning aims to help improve the
learning of the target predictive function f7(.) in Dy using the knowledge in Dg and
Ts, where Dg # D, or Ts # T1.

Transferring knowledge from one domain to another using transfer learning is not only
of theoretical interest, but also of great practical importance, as it can spare a lot of
training time and resources and by reducing the data necessary in a domain, it can
make learning feasible at all. In our work we have transferred the knowledge gained
from training neural networks with natural images to the domain of synthetic, artificial
medical images in order to classify images, that were created as a result of pre-processing

medical data such as ECG data.

5.3 Related Work and Our Contribution

This section reviews the work that has been previously done to detect falls using different
methods and highlights our contribution to the field. The ECG signals predict the overall
health of the human body. A considerable amount of effort has already been contributed
to the area of fall detection using accelerometers and gyroscopes. Some studies, like
that in [245], have used different machine learning techniques on these sensor readings to

predict and detect the fall. Few studies use ECG signals to predict the falls like in [161],
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but our study uses the frequency-time domain of the ECG signals by computing their
continuous wavelet transform (CWT) coefficients and converting them into scalograms.
The overall idea is mainly inspired by [159] where a convolutional neural network (CNN)
has been trained on scalograms to differentiate between different heart diseases using
ECG signals. Similar approach was used in our study to differentiate between falls and
no-falls ECG signals.

Detecting fall comes under the vast umbrella of human activity recognition (HAR). HAR
is usually considered a computer vision (CV) problem where CV algorithms are used on
images or videos to distinguish one activity from another. However, other device free
solutions based on e.g. radio signals such as received signal strength (RSSI) or channel
state information (CSI) exist, see e.g. [255], [172], and [58]. Alternatively, wearable
sensors provide a resource friendly and practical solution to real time activity recognition,
e.g. in particular the rising popularity of gadgets such as smartwatches is an indicator for
this trend. Many studies like [116] and [64] infuse readings from accelerometers and ECG
sensors at decision level to determine an activity. Though the wavelet transform has been
previously used for analyzing ECG signals for detecting different cardiac conditions as
reviewed in [4], it has never been used separately to differentiate a fall from non-fall.
Similarly [123] analyzes the impact of body movements on ambulatory ECG frequency

spectrum. It also uses artificial neural networks to classify different body movements.

The CNN we utilise has also been used in [100] to extract features for bio-metric pur-
poses using gait features from sensor data. However, in our work, for the first time we
classify the following activities using ECG signals: FALL, RESTING, and general DAILY
ACTIVITIES, i.e. we distinguish not only FALL from RESTING but also FALL from DAILY
ACTIVITIES, where DAILY ACTIVITIES refer to generic daily activities performed by the
subjects. The fall risk using heart rate variability in combination with data mining

techniques is assessed in [162].

In this chapter, we have tried to explore the research question: “Can a fall be detected
by using only ECG signals?”, by collecting the ECG signals of people falling and then
applying our proposed algorithm on the signals. The purpose of this study is to use
the biomedical electrical signals of the heart via electrocardiogram to train a deep neural
network to analyze and observe the patterns of ECG before and during the fall. Although
a lot of work has already been done to detect falls using accelerometers and gyroscopes
along with heart rate variability, the focus of this study has been to use ECG as the only
factor to determine the presence of fall. Here we are not referring to the cases where

cause of the fall is due to a specific heart condition.
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This study has explored the less studied field of ECG signals for fall detection by applying
machine learning techniques on it. It is based partially on [33] but extends the results

obtained therein substantially.

In the field of medical imaging, finding appropriate amount of data has always been
a challenge. It is mainly due to two reasons: Firstly, because of strict data privacy
issues and secondly finding a large group of volunteers for conducting experiments can
be challenging. A data augmentation technique for time series called slicing was used to

enhance the limited dataset.

Henceforth, for the machine learning domain, we have used transfer learning and com-
pared two of the popular pre-trained networks for image classification — AlexNet and
GoogLeNet. We have demonstrated that it could be really beneficial to use a pre-trained
network in medical imaging domain as it does not require a lot of data. However, we
would like to emphasize that it is an initial study with focus on the proof of concept in
a laboratory set up. It is not conclusive enough to be deployed but it does provide a

strong baseline to work further on it.

5.4 Experimental Setup and Data Collection

There are some online ECG databases available like ECGVIEW [127] and physionet [84]
which provide ECGs for different research purposes. The ECG databases for people
falling could not be found so the ECG data was collected as part of the experiment. The
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: Software Component :

i . Electrodes |.$ —|_> Terminal

Matlab

Heart Rate Sensor : | signal Processing
- : Toolbox
Subject

F1GURE 5.1: The System Architecture Diagram for a Data Acquisition System — Hard-
ware and Software Components [135]

data acquisition system consisted of two components: A hardware component which was

obtained from [135] and a software component as shown in Fig 5.1.

The hardware component consisted of a wearable belt with ECG sensor attached to a

Arduino board. The wearable prototype was designed after taking several features in
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account as explained in [25]. The device should have been able to record the signals
continuously and should be adaptable to the experiment protocol which requires a lot of
movement including falls. For this reason, a 3-lead ECG was opted as it is not only a
standard for emergency purposes (e.g. in ambulance) but it also requires less wiring and
hence provides patient compliance. The readings of a 3-lead ECG are comparable to a
12-lead ECG in our experimental set up. The design of the wearable device is discussed
in detail in [25].

Out of many different types of falls, rolling-out-bed as a main and significant one was
chosen for this study. Rolling out is defined as from lying, rolling out of bed and going
to the floor [245]. The experimental setup consisted of a bed or a table. The sensor and
Arduino gadget were worn by the subject. The ECG electrodes were tapped on the chest
of the subject. Then the Bluetooth low energy (BLE) connection between the peripheral

and central device was established.

5.4.1 Inclusion Criteria

The study was administered on 8 healthy subjects out of which 3 were females and 5
were males. The mean age of the subjects was 34.5. The following inclusion criteria were

designed to enlist the volunteers for the HAR experiment:

o Age between 18 and 55 years
e no history of heart disease or hypertension
e no drugs or alcohol consumption before the experiment

e 1no physical constraints for falling (arthritis etc)

Our experiment was evaluated by the security officer of our university and a risk assess-
ment was established with assistance from a medical doctor classifying our study as a
HAR experiment in accordance with the ethical principles of the Declaration of Helsinki
[16].

The heart of a human goes through various changes from birth to adulthood. ECG
parameters vary for different age groups in general below 18. Human heart goes through
a lot of physiological and anatomical changes from birth to adolescence. This causes
some ECG features to differ significantly in adults as compared to children of different
ages |63]. In order to correctly interpret the results with various age groups in children,
one should have detailed knowledge of age dependant changes which is out of scope for
our study. So that is the reason the age group chosen was between 18 and 55 for the

experiment.
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5.4.2 The HAR Experiment

The ECG was recorded in three positions: laying down, falling by rolling over from the
bed and performing daily activities (such as walking and running). Fig. 5.2 shows the
fall in three steps. The first on the extreme left is resting position. Next comes the fall

initiation and it ends with the person laying on the ground without moving.

FIGURE 5.2: The Rollover Fall Process

Each experiment lasted about a total of 40-45 minutes consisting of multiple sub-readings
of 30 seconds each. A total of three falls was recorded in a single reading. In each fall,
the subject was in resting position as shown in the Fig. 5.2 for first 10 seconds. In the
next 10 seconds, the volunteers would fall by rolling off the side of the table/bed and
would lay on the ground until 30 seconds are completed. Then the subject would go up
and repeat. Each reading consisted of 90 seconds containing a fall every 30 seconds. On

average, 10 readings from each subject were collected.

For the resting ECG, the subject had to lay down on a flat surface without talking and
moving to avoid the muscle noise. The log file consisting of 90 seconds for fall and 30
seconds for RESTING was sent to the central device via BLE. For daily activities, subjects
performed some tasks like walking in a fast pace, sitting and standing etc for an average

time of 10 to 15 seconds following no specific pre-determined protocol.

5.4.3 The Collected Data

The data collected consists of a total of 8 volunteers. Readings from two of the volun-
teers were too distorted to be used so they were not included in the next steps. It is
important to note that since it is a preliminary study, more experiments are planned and
recommended for future work including elder people and people with some pre-existing
heart issues. An overall summary of the collected data is presented in Table 5.1. This

table presents the data statistics as it was collected and saved in files. Due to limited
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time with each volunteer, some of the subjects performed only fall experiments, others
could do only resting readings and some could perform all three including daily activities.

Table 5.2 presents the overview of multiple data instances that were obtained from those

files.

TABLE 5.1: A Summary of the Collected Data
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TABLE 5.2: Total Number of Samples Used for Training in Both Iterations

Reading Type

Total Count (Phase

Total Count (Phase

I) II)
FaLL 153 500
RESTING 104 474
DAILY ACTIVITIES - 296
Total 257 1270

5.5 Our Methodology and Implementation Protocol

The following section outlines our proposed algorithm and its initial implementation.

5.5.1 Proposed Algorithm

The basic algorithm designed involves the following steps:
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1. Pre-process

2. Filter

3. Calculate continuous wavelet transform and create scalograms
4. Fine tune and retrain a pre-trained CNN

5. CNN Classification

Algorithm 1: Detecting FALL with Raw ECG Signals
Input: A time series ECG raw data Ts

Output: The classified activity label 1

Ts + ECG_RAW VALUE EXTRACTION (Ts)
Ts <« FILTER(Ts)

WTS < SCALOGRAM CREATION (T's)

l< CNN _ CLASSIFICATION(WTS)

return |/

ECG _RAW VALUE EXTRACTION (Ts) includes pre-processing raw ECG sig-
nals by performing an Analog to Digital Conversion (ADC), i.e. extracting the voltage
from the raw data, observing the frequency domain and if required, interpolating the
data to upsample to ensure uniform sampling frequency. FILTER(T's) applies elliptical
filter to remove noisy artifacts from raw ECG signals T's. After the signals have been
filtered, wavelet transform is calculated for each signal. The absolute value of wavelet
transform is used to create corresponding scalograms or scale-frequency images. The set
of images is fed into a fine tuned pre-trained convolutional neural network. Algorithm
2 describes algorithm for using AlexNet for classification. The trained model is then

verified using k-fold verification.

Algorithm 2: CNN CLASSIFICATION

Input: A set of Frequency-scale Scalograms WT'S
Output: The classified activity label 1

AlexNet <~ RETRAIN FINE TUNED ALEXNET
l < AlexNet(WTS)

return /

5.5.2 ECG Signal Filtering

ECG is a low amplitude bio-signal that can be easily contaminated by several different
types of artifacts and other bio-signals. A lot of sensor-related information or overhead

has to be removed from the log file at the initial stages of filtration.
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The sensor value we get is value from an analog to digital 14 bit converter (ADC). The

following formula was used to find the corresponding voltage to the ADC value [217]:

16385

Voltage = x ADC Reading (5.1)

Noises in ECG signal are composed of components at high—frequency and/or at low—
frequency. Noises with high—frequency components include power line interface, muscle
noise, and white Gaussian noise. Baseline wandering is a noise with low—frequency
components. Minimizing baselines wander and power line interference is the first step
in all electrocardiograph (ECG) signal processing [153]. Major noise artifacts lie in the
following regions [59] :

e Muscle noise — 5-50 Hz
e External electrical noises — 50 or 60 Hz

e Respiration Noise — 0.12-0.5 Hz,

The frequency spectrum (the graph between frequency and amplitude of the signal) of
the signals was initially analyzed to detect noises. A harmonic of about 1.5 Hz was
observed in the spectrum. These harmonics are most probably due to the power line
interface (PLI) because the frequency multipliers (harmonics) are PLI characteristics. A

baseline wander is also seen in some of the readings (Fig. 5.3).

The goal of filtering is to remove maximum noise while still preserving the characteristics
and properties of the signal. With a wide range of filtering techniques available choosing
the right filter presents a challenge in itself. The next step after the identification of a
type of artifact in our signal is to choose an appropriate filter. ECG signal filtering is a

vital step for ECG signal processing and analysis.

Several different techniques exist in literature to remove noise from ECG signals. [66],
[12] and [139] use wavelet transform to remove baseline drift and reducing overall noise.
Similarly, [139] uses an ECG simulation to compare different techniques to remove base-
line wander in order to preserve changes in ECG wave and found wavelet-based baseline
cancellation the best method. However, it also recommended the Butterworth high-pass

filter because of its computationally fast nature.

5.5.2.1 IIR versus FIR

The classification of transfer functions in time domain based on the length of its im-

pulse response sequence leads to transfer functions known as infinite impulse response
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FIGURE 5.3: Examples of Baseline Wander.

and finite impulse response. The infinite impulse response or IIR filters have an impulse
response that does not become exactly zero after a certain point, but continues indefi-
nitely. Whereas in contrast, with the finite impulse response (FIR) the impulse response
is finite in length [206].

One chooses between FIR and IIR filters depending majorly on the relative advantages
of the two filter types. Since a challenge in our experimental set up is a lot of subject
movement and implementation of ECG de-noising in combination with a smart mobile
device (hence a limited resource environment), a careful balance between efficiency and
accuracy has to be found. In [167] comparison between windows based FIR and IIR
Butter-worth filters was observed and the IIR filter was shown to outperform FIR by
acquiring a better computational efficiency with a minimal signal distortion. Similarly,
in [216], the best trade-off between spectral density and average power was shown by IIR
filter (Chebyshev Type II) as compared to its counterpart FIR filters. IIR filters have
less computational complexity and hence require less computation power as compared
to FIR filters. The memory requirement is also increased in the case of FIR filters hence

IIR filters can be the better choice for removing baseline noises [216]. Wavelet analysis is
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also used in recent works to denoise ECG data. [66] uses discrete wavelet transformation
(DWT) to correct baseline wander and reduce noise. They estimate the baseline wander
through coarse approximation in DWT and propose recommendations for the selection

of wavelets and the maximum depth for decomposition level.

5.5.2.2 Elliptical Filter

To acquire a given level of performance, a much higher filter order is required in case
of FIR as compared to IIR. This causes a greater delay in these filters for an equal

performing IIR filter.

First of all, the minimum order of an elliptic filter which is required to meet a set of
filter design specifications was determined and then same order was used to filter all the

signals.

The elliptic filter was better fitted to the data but it not only removed the PLI in the

signal, but baseline wander was considerably improved as well.

5.5.3 Implementation Protocol: Hardware And Software

The following section gives a detailed account of the implementation process for phase I.
Now we have filtered ECG signals from the previous step and we want to use a pre-trained

CNN, AlexNet, to differentiate between falling and resting ECG signals.

After filtration, each signal of 90 seconds duration was individually examined and divided
in 3 readings in such a way that precisely one fall or at least more than 70% of the fall
laid in each reading. This was done to increase the dataset as well as homogenize the
data at one-time duration i.e. 30 seconds. At this point the collected signals for DAILY

ACTIVITIES were considered a part of the class NO-FALL.

Two models were trained on different hardware resources for phase I. One with a GeForce
RTX 2080 Ti GPU with computing capability of 7.5 and another with a PC containing
Intel(R) Core(TM) i5-7260U 2.20 GHz CPU.

5.5.4 Time-Frequency Representations

The scale-frequency representations were created using the algorithm 1, titled SCALO-
GRAM _CREATION(Ts). Each ECG signal had to be of the same length in order to
compute a continuous wavelet transform (CWT) filter bank for all of them. It had to be

done carefully so that no valuable signal, specifically fall signals, are lost.
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In the next step, CWT filterbank for one of the signals was computed and using those
coefficients, time-frequency representations called scalograms for rest of the data were
created. Morse wavelet was used to calculate the wavelet transform. The scalograms
were saved for later processing. Each representation was of 227%227*3 sized RGB image

as it is the expected input format for AlexNet.

Fig. 5.4-5.6 provide a comparison between falling and non-falling scalograms. It can be
seen that scalogram with a fall in them have some areas with high energy concentration
in them in yellow color. On the contrary, the energy seems to be distributed evenly in
non-fall ECG scalogram representing the cardiac cycle. Then those images were divided
randomly into training and validation data with 80% training images and 20% testing

images.

5.5.5 Phases of Our Implementation

The whole study was conducted (see Table 5.2) in two major phases as explained in
following section. In phase I, the ECG signals obtained by our own experimental set
up were used to create wavelet transforms and scalograms. The model trained in this
phase had two classification classes: NO-FALL which included all readings which did
not have fall, and FALL which had signals with fall in them. Eventually, we fine tuned
and retrained AlexNet to obtain a trained CNN model which gave 98.02% validation

accuracy. (Phase II is described in section 5.5.6 below.)

5.5.5.1 Training The Network : Phase I

In phase I, a very small number of daily activities along with resting in no-fall scenarios
were included. The daily activities included fast walking, sitting up from laying, sudden
standing from sitting, picking up something from the ground while standing and stum-
bling while fast walking. The daily activities were performed in a domestic setting. Each

activity duration ranged between 20 to 30 seconds.

These were also processed in the same manner as the previous readings in the earlier
iteration. Two training sessions were done in this iteration, one with Intel i5, 1.3 GHz

and another with the GPU.

5.5.5.2 Preparing and Training the Model

In transfer learning, a large dataset is used to train a primary network and the features

learned from the training are either re-purposed or transferred to an another designated
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network to be trained on a specific dataset and task. It is usually very difficult to
acquire a dataset of sufficient size to train an entire CNN from scratch so practically
in most scenarios a CNN is pre-trained on a very large dataset and then used either
as initialization or as a feature extractor for the required task. This process is called
transfer training. This process works if the features are more generic and suitable to

both primary and target tasks and not specific to the basic task [270].

In our case, since the dataset was small, the chances of over-fitting are a concern for
using transfer learning. A pre-trained network, AlexNet, was used to train the model
and the deeper layers of the network were fine-tuned. Fine-tuning is the closest solution
to our problem because universal features like edges or curves are captured by a pre-
trained network which is trained on a large and diverse dataset like ImageNet [62].
According to [224], despite the differences between natural images and medical images,
the CNNs trained on the well annotated ImageNet can still be transferred to make
medical image recognition tasks more effective. It is conjectured that by fine-tuning the
transfer learning strategy yields the best results for performance in medical imaging [224]

and our experiments confirm this conjecture.

5.5.5.3 Tuning The AlexNet

As part of any transfer-learning approach the AlexNet had to be fine-tuned to our dataset.
The last three layers of AlexNet are configured for 1000 categories and since we have two
classification classes, we fine-tuned these layers according to our classification problem.
Layer 23 was set to be a fully connected layer of size equal to the number of our clas-
sification classes, 2. Layer 24 applies the Softmax and does not need to change. Layer
25 holds the name of the loss function used for training the network and the class labels

[160]. So, layer 25 was set to be the classification output layer.

The solver algorithm used is ’Stochastic Gradient Descent with Momentum’ (SGDM).
The initial learning rate used for training was set to 1074. The maximum number of

epochs were 5 and the size of mini-batch to be used at each epoch was 15. The training
was carried out in both a CPU and a GPU.

5.5.5.4 Explainability: Activation’s of Different Layers In CNN

Each layer of the CNN produces a specific response to the original image called activa-
tions which can be viewed to investigate and learn further how the network learns and
what features are adapted by the model to recognize falls. The activations of different

layers can be viewed and one can discover which features are learned by the network by
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comparing areas of activation with the original image. This can also help if we want to
manually extract the features by looking at different layers and the features they high-
lighted. In Fig. 5.9, several tiles can be seen on the grid. Each one is the output of

FIGURE 5.8: Scalogram of FALL ECG and its corresponding activation (Left to right):
Figure (a): Scalogram with a distinct FALL. Figure (b): Strongest Activation Of the
Image in Layer 5 (conv5). Figure (c): Activations in The convl Layer

FIGURE 5.9: Scalogram Of RESTING ECG: Activation of earlier and deeper Layers :
(Left to right): Figure (a): Layer 1. Figure (b): Layer 2

a channel in convolution layer 1 (convl). Strong positive activation is represented by
white pixels and similarly strong negative activations are shown by black pixels. A grey
pixel represents moderate activation. The position of the pixels in the activation of a
channel corresponds to the same position in the original image [160]. It can be noticed
in Fig. 5.8, the network has started to learn about specific fall areas in its activation’s
on the first convolution layer. Though it was never explicitly told to learn about this

specific fall pattern in scalogram, it has automatically outlined those features in a fall.
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The feature highlighted by the strongest strongest activation in the convolution layer
5 (convb) in Fig. 5.8 shows that the network correctly highlights the fall feature in a

scalogram. Similar patterns can be observed in other scalograms containing falls.

Similarly, by looking at Fig. 5.9, it can be observed that activations of the deeper layer
are more specific in features as compared to activations of the earlier layers which are

more generic.

5.5.6 Extension of the Algorithm: Phase II

In the next phase, this study was enhanced by increasing datasets using time series aug-
mentation technique called slicing and adding two different publicly available datasets,
[124] and [84]. In this phase another pre-trained CNN called GoogLeNet [236] was trained
along with AlexNet [133]. The training for this phase was carried out on a Macbook with
2,6 GHz 6-Core Intel(R) Core(TM) i7. This phase was also concluded with an accuracy
of 98.44%.

5.5.6.1 Data Augmentation and its Challenges

In order to verify the effectiveness of the proposed algorithm, an additional class was
added to our model called DAILY ACTIVITIES. This class encompasses the daily activities
which we do in daily life like moving around, walking, sitting and jumping etc. Two
publicly available datasets, [84] and [124], were added in the newly defined class. The
dataset [84] contains ECG readings from 10 subjects (with mean age of 27, 1 female
and 9 males). The signals were recorded performing four body movements — left and
right arm up/down, sitting down and standing up and waist twist. Similarly the other
database, [124], has ECG signals recorded from a healthy 25-year-old male performing

different physical activities.

One of the main issues incorporating a new dataset to our existing dataset was the differ-
ence in sampling frequencies between the collected data and external data sources. We
collected our data at a rate of 62 Hz whereas both external databases have data sampled
at a rate of 500 Hz. In order to bring all the data to a common sampling frequency, our
collected ECG dataset was interpolated at a rate of 5. Interpolation works better as com-
pared to simple upsampling or resampling. In MATLAB function upsample (), zeroes are
inserted between the corresponding values. Similarly in resample (), an anti-aliasing fil-
ter is applied after interpolation, which causes a drastic decrease in frequency amplitude.

Hence, the function interpolation was used instead of upsample() and resample().
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In the previous phase, the dataset collected by us was limited and convolutional networks
tend to over-fit with limited datasets. Hence, it was vital to augment the available data.
Very few techniques exist in the field of time series augmentation specifically for deep
neural networks [112]. We have used the method called windows slicing for augmenting

the ECG signals as described in [55].

For a time series T, T' = {T1,...,T,,} , window slicing is described as slicing the T into

small snippets such that each snippet S;.; = {t;, tiy1...,t;}, where 1 <i < j <n.

The slicing operation is described as follows [55]:
Slicing(T,s) = {S1.s,52 1 s + 1, ..., Snost 1} (5.2)

In our case, the length of each slice was 4000 and the TS was sliced at every 1000"
interval. So each time series signal of length n, gave us {n —4000/1000} signals. All the
time series generated by Slicing(T,s) will have the same label as that of T.

5.5.6.2 Tuning the GooglLeNet

Along with AlexNet, GooglLeNet was trained in phase II to obtain a comparative analysis
of transfer learning. GoogLeNet, like AlexNet, is also a pre-trained convolutional neural
networks. Introduced in [236], GoogLeNet was a winner of ILSVRC 2014 classification
and detection challenges. Since the pre-trained models are already trained on a large
image set, fine tuning them would provide a simpler and efficient solution to the issue of
data shortage for deep learning problem specifically in medical domain. Now our model

would have three classification classes namely FALL, RESTING and DAILY ACTIVITIES.

GooglLeNet has 144 layers as compared to 25 layers in AlexNet. It expects an input image
of size 224*224*3. GoogLeNet introduced a novel feature called inception. It replaces
the fully connected architecture with sparse architecture inside the network. The size of
convolution filter is fixed in earlier CNN models like AlexNet, and VGGNet. However,
now multiple convolution filters of varying size and a maxpooling is done altogether for
the previous layer, and the result is stacked together again at output. This not only

leads to extraction of different features but it is also computationally efficient [236].

Fine tuning GoogLeNet requires redefining some layers of the network. First of all,
final drop out layer is replaced with a probability of 0.6 instead of 0.5. The last two
layers, ’loss3-classifier’ and ’output’ are replaced with layers which are in accordance
with our classification scheme. The layer ’loss3-classifier’ is replaced to classify three

classes instead of 1000. Finally, the last layer ’classification’ is replaced with a new layer
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with out any classification labels. The output classes would be set accordingly during

the training time.

5.5.6.3 Transfer Learning to the Rescue: GooglLeNet and AlexNet

Even after applying data augmentation and adding external database, our database
reaches to a total of 1273, see Table. 5.2, which would be not suffice to train any CNN from
scratch for the risk of over-fitting. This kind of situation is far too common in medical
field due to strict data protection and privacy laws and unavailability of domain specific
data. Transfer learning can be the answer to various questions in this regard. A pre-
trained model is already trained on a huge dataset; in case of most CNNs, IMAGENET
[62]. They have their inner layers already generalized enough to extract the relevant
features from a new domain. So training on a new domain can be achieved even on a
small or mid size dataset. We just have to re-train outer most layers to readjust their

weights. Hence, it is also resource friendly.

A number of models, both AlexNet and Googl.eNet, were trained. The different param-
eters, such as initial learning rate (ILR), training algorithm, percentage of validation-
training-testing data were varied in order to verify the generalization of the model and
proposed algorithm. Training algorithms called Stochastic gradient descent with momen-
tum (SGDM) and Root Mean Square Propagation (RMSprop) were used with similar
configurations to compare the outcome. SGDM is a stochastic approximation method
initially proposed in [198] with a momentum added to it [189]. RMSprop was initially
proposed and explained by Geoff Hinton in an online course [83] and is an unpublished
optimization algorithm. The summary of the trained models and the results are shown
in Table 5.4 and Table 5.5. Out of many trained models, Model 2 from Table 5.5 was
selected as the most suitable trained model. Model 5 and 6 were not chosen despite of a
perfect 100% validation accuracy because they might be over-fitted. Similarly, Model 12
was not chosen because the percentage of validation data is greater in Model 2 (0.8-0.1-
0.1) than in Model 12 (0.6-0.2-0.2). A confusion matrix for testing data of Model 2 is
shown in Table 5.3. The last row and column in the confusion matrix indicate the total
number of correct predictions expressed in percentage. For example, if we look at the first
column, 55 instances of DAILY ACTIVITIES are correctly predicted as DAILY ACTIVITIES
and 5 of them were incorrectly predicted as FALL by the model. This amounts to a total
correct prediction percentage of 91.7% for daily activities. Similarly, out of a data of 255

instances, 246 were correctly predicted which amounts for a total accuracy of 96.5%.

A graphical summary of the training result is shown in Fig. 5.10.
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TABLE 5.3: Confusion Matrix for the Selected Trained Model
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TABLE 5.4: Summary of GoogLeNet fine-tuned and retrained for Fall Detection using
ECG Signals with different Parameters

No. Algorithm Train.-Val.-Testing Ratio ILR Val. Accuracy Testing Accuracy
1 SGDM 0.8-0.1-0.1 le-4 98.44% 95.3%
2  SGDM 0.8-0.1-0.1 le-5 95.31% 93.7%
3 SGDM 0.8-0.1-0.1 le-6 85.94% 86.6%
4  RMSprop 0.8-0.1-0.1 le-2 39.06% 39.4%
5  RMSprop 0.8-0.1-0-1 le-4 98.44% 98.4%
6  RMSprop 0.8-0.1-0-1 le-5 100% 97.6%
7 RMSprop 0.8-0.1-0-1 le-6 96.09% 92.1%
8  RMSprop 0.8-0.1-0-1 le-9 37.50% 37.0%

B Yottt |
§1OO

AlexNet Model Number

FIGURE 5.10: A Graphical Summary of the Training Results for AlexNet Model

5.5.6.4 k-fold Verification

A k-fold verification was applied on model number 2 from Table 5.5, as a measure to
estimate the generalization of the model. Keeping the size of dataset in mind, k was set
to 3. The dataset was divided in three equal parts. At each split, one set was used as
the training data and the trained model was tested on both validation and testing data
to obtain validation and testing accuracy respectively. An average validation accuracy
of 97.69% and a testing average accuracy of 97.37% was achieved. An overview of the

process is depicted in Table 5.6.
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TABLE 5.5: Summary of AlexNet fine-tuned and retrained for Fall Detection using
ECG Signals with different Parameters

No. Algorithm Train-Val.-Test Ratio ILR Val. Accuracy Testing Accuracy
1 SGDM 0.8-0.1-0.1 le-4 100% 99.2%
2 SGDM 0.8-0.1-0.1 le-5 98.44% 96.9%
3 SGDM 0.8-0.1-0.1 le-6 92.19% 91.3%
4 RMSprop 0.8-0.1-0.1 le-2 39.06% 39.4%
5  RMSprop 0.8-0.1-0-1 le-4 100% 99.2%
6  RMSprop 0.8-0.1-0-1 le-5 100% 99.2%
7 RMSprop 0.8-0.1-0-1 le-6 96.88% 96.1%
8 RMSprop 0.8-0.1-0-1 le-9 61.72% 61.4%
9 SGDM 0.6-0.2-0.2 le-5 98.43% 96.5%
10 SGDM 0.6-0.2-0.2 le-6 94.88% 89.8%
11 SGDM 0.6-0.2-0.1 le-9 61.81% 61.6%
12 RMSprop 0.6-0.2-0-2 le-5 98.82% 98.4%
13 RMSprop 0.6-0.2-0-2 le-6 98.43% 95.3%
14 RMSprop 0.6-0.2-0-2 le-9 61.02% 61.6%

TABLE 5.6: An Overview of K-fold Verification
‘ Fold 1 ‘ Fold 2 ‘ Fold 3 ‘ Val Accuracy ‘ Test Accuracy ‘
Split 1 Fold 1 Fold 2 Fold 3 97.65% 98.2%
Split 2 Fold 1 Fold 2 Fold 3 98.04% 97.4%
Split 3 Fold 1 Fold 2 Fold 3 97.39% 96.5%
Training data, Testing data ‘ Average Accuracy ‘ 97.69% 97.36 %

5.6 Analysis of Results

In this section analysis of different results is done to obtain a better understanding of

the process.

5.6.1 Analysis of FALL Vs No-FALL ECG Signals

Fig. 5.11(a) shows a fall ECG with three falls in it. It can be observed that the amplitude
has increased significantly in three areas. This can be contributed to either noise due to
hit during the fall or due to an actual increase in cardiac activity. The increase lasts for
about 1.6 seconds and then immediately goes back to normal. This time duration coin-
cides with the time taken for the body to touch the ground. This increase in amplitude
is of special interest to us. When zoomed in, as shown in Fig. 5.11(b) the increase goes
to an amplitude of 1 mV maximum and is followed by normal cardiac activity as we can
see the normal QRS complex after the fall peaks. The other smaller peaks in heart rate
in other areas are due to the movements of the subjects from the ground back to the

table. The same pattern is repeated with small differences in all other recorded falls.
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F1GURE 5.11: Falls in ECG signals in Time Domain

Fig. 5.12 is a closer look at another fall from the ECG signal in Fig. 5.11(a). This fall is
also of the same duration (1.6 seconds) as of in Fig. 5.11(b).
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FIGURE 5.12: A Closer Look at The FALL Activity in an ECG Signal

Fig. 5.13 gives a side-by-side view of the time domain signals and the corresponding
frequency domain of the signals for all three classes of the model. A distinct frequency
spectrum can be seen in Fig. 5.13 for FALL, RESTING and DAILY ACTIVITIES. The fall

is visible in time domain and is also characterized by a spike in frequency domain. The
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daily activities ECG graph shows considerable noise even after filtration. This is due to

the constant movement of the subjects resulting in baseline wander.

5.6.2 Analysis of Scalograms

The scalogram is obtained by plotting the absolute value of CW'T of a signal as a function
of time and frequency. They are helpful in visualization of varying events in a signal.
Scaling and shifting are used on a prototype wavelet to highlight the transient changes
in the signal. We used 'Morse’ wavelet as a prototype wavelet because its form is very
similar to the ECG shape. The fall scalograms shown in Fig. 5.7 have distinct localized
high energy areas whereas the resting scalograms have high energy distributed all over the
diagram. Now the comparison between DAILY ACTIVITIES scalogram with fall scalogram
is interesting. The scalogram of daily activity is shown in Fig. 5.4. The high energy
is distributed almost uniformly all over the representation. If we compare the DAILY
ACTIVITIES to the fall scalogram (Fig. 5.6), it can be clearly seen that noise or high
energy due to movements can be seen throughout the daily activities in contrast to a
localized high energy area in fall scalogram. Also, the magnitude of the the energy is

different for RESTING and DAILY ACTIVITIES scalograms.

5.7 Discussion of the Research Question

It is evident from the extension of phase I, that even after adding an additional class,
the model is trained well and is generalized enough after varying the parameters. With

the addition of an external database, the model has learned well the classification task.

This answers our basic research question which was: “Can a fall be detected using an
ECG signal?”. It is shown that not only can we detect fall in ECG signals but we were
able to do it with an accuracy of greater than 90%. As for changing the parameters,
it is noticeable from Table 5.4 and Table 5.5, how initial learning rate plays the most
significant role in determining the validation accuracy. Varying the parameters like the
algorithm and the dataset ratio does not make significant change in the validation or
testing accuracy. It can be also seen from the tables that by keeping all other parameters
constant, the choice of neural network does not make any significant difference in the

results.

Hence, a roll over fall has some characteristics imprinted in electrocardiogram signals,
which are detectable in time-scale domain (scalograms). That is why the models have

learned to distinguish a fall activity from a no fall activity A visible difference with
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respect to energy distribution can be seen in different activities. These characteristics are
distinguishable from an ECG of a resting person or a person performing daily activities.
More investigation still needs to be done in the frequency spectrum of ECG signal to

learn more about the pattern specific to the fall and other activities.

Our algorithm has obtained an accuracy of more than 97%, greater than that achieved
in [123]. Although in [123], different movements were classified using traditional deep

learning techniques and fall was not among those activities.

However, our experimental setup is not free of limitations. The focus of this paper has
been on determining proof of concept in laboratory and by no means this is a deployment
ready prototype. The initial experimental population is considerably small. That was
compensated in the second phase by adding two different external datasets. Both datasets
not only increased the instances numerically but also brought variation with respect to
number of subjects, age and type of noise and signals. Both datasets had obtained signals
using different devices. All these factors strengthens our proof of concept. We are also
bounded by the obvious limitations of the controlled experimental set up. For example,
the subjects have to wear the safety gadgets (helmet, knee caps etc) in order to comply
with the safety regulations. This might cause an onset of anxiety and nervousness in
volunteers, which in turn may effect the heart rate signals. But these circumstances are

unavoidable and we have to take them as experimental conditions.

5.8 Conclusion and Future Work

It is shown clearly that ECG signals can be utilized alone for not only distinguishing
different activities but also fall from no-fall activities by using a combination of wavelet
transform and transfer learning. The transfer learning models have learned as efficiently
and accurately as any other convolutional neural networks trained from scratch. In
future, we plan to further analyze the transfer learning approach for time series clas-
sification by directly training the ECG signals using long short-term memory (LSTM)
networks. Also, a detailed frequency spectrum analysis of signals can be performed to
extract the features specifically present in different activities. Further experiments are
planned to be carried out to include different kind of falls, activities and circumstances.
As discussed in the previous section, because of the limited dataset initially acquired,
we plan to carry out our experiments on a larger and more diverse (in terms of age and
gender) group of people to improve this study. Another extension we would like to do is
to test our proposed algorithm with state of the art pre-trained networks like EfficientNet
[239] etc.






Chapter 6

Towards Automated Feature

Extraction

"If you want to find the secrets of the universe, think in terms of energy,

frequency and vibration." — Nikola Tesla

This chapter is mainly based on the worked published in [37]. It is also not written
in a 'verbum pro verbo’ from the publication and has been adapted to the flow of the
dissertation. The work focuses on extracting the ECG features automatically to replace

the main pre-processing step in the previous work.

Many recent studies, which focused on the automatic classification of electrocardiogram
(ECQG) signals using deep learning (DL) methods, rely on existing complex DL methods,
such as transfer learning or providing the models with carefully designed extracted fea-
tures based on domain knowledge. A common assumption is that the deeper and more
complex the DL model is, the better it learns. In this chapter, we propose two different
DL models for automatic feature extraction from ECG signals for classification tasks:
A CNN-LSTM hybrid model and an attention/transformer-based model with wavelet
transform for the dimensional embedding. Both of the models extract the features from
time series at the initial layers of the neural networks and can obtain performance at least
equal to, if not greater than, many contemporary deep neural networks. To validate our
hypothesis, we used three publicly available data-sets to evaluate the proposed models.
Our model achieved a benchmark accuracy of 99.92% for fall detection and 99.93% for

the PTB database for myocardial infarction versus normal heartbeat classification.

According to [47], in the United States of America alone, the leading cause of death for

men and women irrespective of the racial and ethnic groups is heart disease. Hence, a

85
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timely and accurate diagnosis of the heart conditions is of vital importance. An Elec-
trocardiogram (ECG) is a well-grounded method used for measuring and evaluating the
performance of the cardiovascular system. Several techniques exist in both literature and
practice to evaluate the ECG signals in different manners. It is one of the most impor-
tant parameters that indicate a person’s physiological well-being and is extensively used
to evaluate the cardiac situation of the patients. It has been widely used for different
purposes such as to get an overview of the health of a human heart, for bio-metric pur-
poses, and for fall detection and prevention as described in [238]. ECG is a non-invasive
method for evaluating the health of the human cardiovascular system. It can detect many
heart diseases such as atrial fibrillation, myocardial infarction, AV block, and ventricular
tachycardia, etc. It provides an insight into the central nervous system, particularly the
autonomic nervous system. Many of the automatic classification techniques using deep
learning for ECG use either very deep neural networks or a pre-trained neural network
that require either the weights set up to a configuration after being trained on an im-
mense amount of similar data sets. Another approach is to pre-process the data sets by
applying some filtration or feature extraction which is based on data domain knowledge
and then fed into a neural network to train this. All of the above—mentioned steps involve
an explicit understanding of the domain and the pre-process itself. [121] overviews the

many ECG feature extraction techniques present in the literature.

Our work is motivated by the desire to design novel and simple models that avoid any
feature selection and complex data pre-processing which necessitates domain knowledge,
while on the other hand requiring less computation power but achieving at least state-
of-the-art accuracy. In this paper we propose two architectures to achieve these goals
including out-performance of benchmarks and analysis of the statistical evidence of our

claims.

6.1 Motivation

As discussed in 4.4, a normal ECG consists of five major deflections called P, Q, R, S,
and T waves, which constitute a single cardiac rhythm as shown in Fig. 4.3. The P wave
lasts about 0.08 s and is the smallest, followed by the large QRS complex which lasts
between 0.08 s and 0.10 s. The end of the cardiac cycle is marked by a T wave that lasts
approximately 0.16 s (See Table 4.1. A single waveform varies depending on the size of
the heart and the conductive properties of the body which in turn gives the waveform a

unique pattern per person [113].

The disruption of blood flow to the muscle layer of the heart causes a cardiovascular con-

dition called a myocardial infarction (MI). This disruption is mostly due to the build-up
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of the plaques in the arteries which result in reduced blood flow to that part of the
heart muscle. MI is called a silent heart attack because the patient is not aware of the
condition unless they suffer from a heart attack. An early diagnosis of MI is therefore of
vital importance as it would help the patients to get timely treatment hence preventing
the high percentage of mortality associated with it. Due to the small amplitude (milli-
volts), the manual interpretation of ECG signals is time-consuming and prone to errors.
This limitation can be mitigated by an automatic diagnosis of heart conditions based on
the signals. Our study aims to work towards automation of the cardiovascular disease

diagnosis from ECG signals.

In this study, we propose two methods to automatically extract features from a time series
and then feed those features into another deep learning model for classification. First,
a hybrid model for multiple ECG classification tasks is proposed as an alternative to
many complex models that require many pre-processing steps before the actual training.
We experimented with a robust hybrid deep learning model for the ECG classification
tasks, which proved to outperform many state-of-the-art complex models and achieve
similar or even better accuracy with no pre-processing steps. The CNN placed in front
of a LSTM also known as CNN-LSTM, has recently been used for multiple classification
tasks; however, its use for ECG classification has not been systematically explored. The
CNN model first searches for the features in high-dimensional input data and then after
converting it into one-dimensional data, it is fed as an input to the LSTM model. The
role of a CNN in this context is to act as an automatic feature extractor. Secondly, a novel
attention /transformer model using wavelets for dimensional embedding is introduced to
improve the efficiency of the classification process. As it has less trainable parameters
than CNN-LSTM it has advantages in terms of (training) performance as shown in

Table 6.8. As a bonus, we also evaluated both models also on the data for fall detection.

6.2 Related Work and Our Contribution

Several recent studies have focused on automatic ECG classification. Among the several
different techniques present for ECG classification, deep learning has gained popularity
in recent times. This is mainly owing to its automatic feature learning and the avail-
ability of large public data sets. Many deep learning techniques use feature extraction
as an essential pre-processing step before feeding the data to the neural network. The
most common feature extraction techniques for ECG classification are continuous wavelet
transform (CWT), discrete cosine transform (DCT) [125], Pan-Tompkins algorithm [208]
and discrete wavelet transform (DWT) [57]. One of the major disadvantages of using

wavelet transform as a feature extractor is that the complexity of the process increases
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with the increase in decomposition level. All feature extraction processes require some
domain knowledge in order to efficiently extract relevant features from the data. There-
fore, we aim to explore the research question of whether a similar state-of-the art result
can be achieved with no pre-processing and with a simpler model architecture in an

efficient manner in terms of resources and computation.

The contributions to this study are twofold: First, we introduce a CNN-LSTM archi-
tecture that surpasses many complex and pre-trained models that have been optimized
for single data sets on multiple data sets at the same time. Second, to further opti-
mize the automatic feature extraction, we introduce a novel embedding technique for
an attention/transformer encoder architecture that uses discrete wavelet transform to
extract features from the ECG time series and feeds them to the attention mechanism.
In addition, we provide statistical evidence for the significance of the performance figures

reported by the two models proposed by us.

In the following sub-sections, we present the state of the art in the related work and

highlight our contributions.

6.2.1 CNN-LSTM Architectures

Jambukia et al. (2015) [113] presented an overview of the ECG classification of different
types of arrhythmias. Another current review on deep learning methods for ECG ar-
rhythmia classification [71] deduced that among the many deep learning models, CNNs
and LSTMs were among the most effective for learning arrhythmia in ECG classification
tasks. The use of the CNN-LSTM architecture for classification is not entirely novel.
Socher et al. [226] proposed a model for 3d object classification that combines a CNN
with an RNN. They concluded that the CNN provides the translation variance for lower-
level features whereas RNNs can learn the interactions and compositional features in the
data. Zheng et al [277], transformed the data acquired by a three-axis accelerometer into
an image format and then used a CNN with three convolution layers to classify human
activities. XIA et al. (2020), [263] used CNN after a LSTM layer to classify human
activity recognition (HAR) with an accuracy of 95.85%. Ordonez et al. (2016),[177]
proposed an activity recognition classifier that combines a deep CNN and dense layers.
In [269] the authors proposed a 1-D CNN for the classification of cardiac arrhythmia,
and in [96], a 34-layer convolutional neural network is used for classification of cardiac
arrhythmia exceeding the performance of board-certified cardiologists. However, few
studies have focused on hybrid CNN-LSTM models for ECG classification. Studies like
[118],[231],[252], and [254] have implemented CNNs and their variants for ECG classifica-
tions. [202] used RNNs to classify the ECG signals. The use of LSTM-based approaches
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is also beneficial for other cardiac signal analyses. [81]| construct a bidirectional LSTM
for the analysis of blood flow dynamics from static CT angiographic images. In [158] a
restricted Boltzmann machine and deep belief networks were used for detection of ven-
tricular and supraventricular heartbeats using single-lead ECGs. For a general overview

of deep-learning techniques in cardiovascular image analysis, see the survey [142].

In our study, we not only performed multiple classifications with CNN-LSTM model for
ECG but also worked with three different ECG data sets including data for fall detection
to present a proof of concept that CNN placed in front of LSTM surpasses many complex

and pre-trained models.

6.2.2 Attention and Transformer Architectures

The seminal paper by Vaswani et al. “Attention is All you Need" [249] has triggered an
enormous number of successful applications of attention mechanisms and transformer

architectures in deep learning.

The main idea behind attention-based transformer architectures is to replace the recur-
rence mechanisms used in LSTMs and the convolutions used in convolution networks to
extract features entirely using an alternative so-called self-attention mechanism. This
mechanism is shown in eq. (6.1) and computes the correlation between the input values
among each other and can be interpreted as an associative memory using ideas from
statistical physics, see [194]. Replacing the (serial) recurrence mechanism with the stan-
dard matrix algebra of the (self-) attention mechanism has a number of advantages for

parallelization capabilities and the performance of classification tasks.

However, the vast majority of research has been and still is focused on the natural lan-
guage processing (NLP) domain. Little research has been carried out on the application
of attention-based architectures in other domains, such as time series analysis. One of
the first papers in this regard is LSTNet by Lai et al. [136], where the authors introduced
long- and short-term time-series networks (LSTNet) using the convolutional neural net-
works and recurrent neural networks to extract short-term local dependency patterns
and to discover long-term patterns for time series trends. Shih et al. [223] applied an
attention mechanism to multivariate time series data in three medical domains. Song
et al.[227] have applied attention models to clinical time series analysis. A systematic
and comprehensive analysis and study of utilizing attention mechanisms, however, in the
time-series domain is still required. The application of transformers in the domain of

ECG classification can be found in Chapter 8, Section 8.3.1.
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One of the shortcomings of the self-attention mechanism preventing its application for
e.g., time-series is the O(n?) complexity with regards to the length of the input vector,
i.e., the length of the time series in our case. To address this problem LinFormer has been
introduced by Wang et al. in [253]. Linformer is the first theoretically proven linear-time
transformer architecture and henceforth might be suitable also for long time series. The
linear scaling is achieved by discovering that self-attention is low rank, and henceforth
projecting information on a low rank constant sub-dimensions achieves to decouple from
the O(n?) scaling. Recently Rabe and Staats [190] have proposed an algorithmic solution
to at least reduce the memory (but not the time) complexity from O(n?) to O(n).

In this paper, we propose a novel attention architecture using projection on discrete
wavelet components as a means to address the O(n?) problem and for dimensional em-
bedding. Moreover, the results show that using this technique, attention-only architec-
ture is on par with or even outperforms more complex models and has several additional

advantages such as e.g., better run-time performance.

6.3 Algorithms

This section provides a brief overview of the algorithms and the technologies that were
used during the course of this study and also presents the state of the art in the respective

technologies.

6.3.1 CNN-LSTM Model

We define some basic terms related to the convolutional neural network and LSTM for

clarity in the following section.

6.3.1.1 CNNs and LSTMs

Convolutional neural networks, introduced as LeNet in 1989 by LeCunn, have revolu-
tionized the field of image recognition and are among the most prominently used deep
neural networks. They were named after the linear matrix operation called convolution.
Since convolution is a linear operation, the convolution layer is often followed by a non-
linear layer. Although introduced earlier, it gained popularity after its application as
the first deep neural network applied for object recognition in the ImageNet Large Scale
Visual Recognition Competition (ILSVRC) in 2012. AlexNet was proven to excel on

the largest computer vision data set as compared to contemporary methods. Recently,



Chapter 6. Towards Automated Feature Extraction 91

[122] presented a state-of-the-art review of the recent deep CNNs architectures. The in-
dividual CNN components were explained in [6] in a structured way. The most common
architectures of CNNs include an input layer, a convolution layer followed by a pooling
layer, a drop-out layer, and a fully connected layer followed by an output layer. The
number of layers and their layout can change depending on different problem sets. The

convolution operation’® itself is given by:

L
L L
= Z Z X * Wil ju +0
L ki

where X or X* resp. denote the L-th input matrix. W is the convolution kernel matrix,

b is the bias, and V; ; is the output matrix after convolution.

CNN'’s are known for their excellent feature extraction capability. One of the most salient
features of CNN is its translation invariance. Therefore, it can extract features irrespec-
tive of the spatial context. Though it has proven to be beneficial in image recognition, its
application and usefulness in time series are yet to be fully exploited. Cases, where the
historical context is relevant for classification, would not work well with CNN alone, as it
does not carry any information about the history of the time series. The CNNs initially
extract the local features in the sub-regions of the time series and then the information is
merged in later stages to detect the higher order features. We applied 1D convolution to
the time series using both univariate and multivariate data sets. The ECG Human activ-
ity recognition (HAR) data set and PTB diagnostic data set contained one feature each,
so the 2D convolutional operation would not be suitable as it will incorrectly convolve
across multiple time series. Long short-term memory (LSTM) networks—a variation of
recurrent neural networks (RNNs)-were introduced by Hochreiter [101] in 1997. They
tend to present a solution to the common problem associated with RNNs called vanish-
ing and exploding gradients. In principle, classical RNNs can keep track of long-term
dependencies in the sequences. However, in practice, during the backpropagation phase
of training, these long-term gradients either vanish or explode owing to the successive
multiplicative operations. An LSTM consists of a chained loop structure. Each LSTM
unit is made up of an input gate, an output gate and a forget gate. The LSTMs keep
the long-term memory by maintaining a cell state that sustains a part of the information
from earlier states by forgetting and/or applying increment operations on the previous
states. Adding a CNN in front of an LSTM helps to feed the LSTM the features from

CNN which were extracted from the time series.

Lin the two dimensional case-the one-dimensional case is analogous
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6.3.1.2 CNN-LSTM Architecture and Algorithm

Fig. 6.1 and Fig. 6.2 provide a more graphical overview of our model. Initially (1*N) time
series with N time stamps are convolved with k filters each of size M*1. Subsequently,
the k feature maps each of size (N-M)+1 time stamps are generated which are passed
through a dropout layer followed by the max pooling layer and later fed into the LSTM
layer where the encoded extracted features are fed into it from the CNN. The LSTM
unit is followed by a fully connected or dense layer that applies softmax as an output

function to classify the input time series into one of the output classes.

Layer (type:depth-idx) Param #

CNN_LSTM -
l—cnn: 1-1 -
L Rreru: 2-1 -
|—Sequentia1: 2-2 -
onvld: 3-1 561
L BatchNormid: 3-2 374
L rerLu: 3-3 -
‘—Sequential: 2-3 -
onvld: 3-4 24,000
L BatchNormld: 3-5 128
L rerLu: 3-6 -
L _MaxPoolld: 3-7 -
‘—Sequential: 2-4 -
onvld: 3-8 8,256
L BatchNormld: 3-9 128
L Rreru: 3-10 -
L _MaxPoolld: 3-11 -
‘—Sequential: 2-5 -
onvld: 3-12 8,256
L BatchNormid: 3-13 128
L rerLu: 3-14 -
L _MaxPoolld: 3-15 -
—Sequential: 2-6 -
onvld: 3-16 8,256
L BatchNormid: 3-17 128
L rerLu: 3-18 -
L MaxPoolld: 3-19 -
—Sequential: 2-7 -
onvld: 3-20 8,256
L BatchNormid: 3-21 128
L rerLu: 3-22 —_—
L MaxPoolld: 3-23 -
—Sequential: 2-8 -
onvld: 3-24 16,512
L BatchNormid: 3-25 256
L rerLu: 3-26 —_—
|—Dropout: 3-27 -
L MaxPoolld: 3-28 -
LsTM: 1-2 264,192
I—Linear: 1-3 2,562

Total params: 342,121
Trainable params: 342,121
Non-trainable params: 0

FI1GURE 6.1: CNN-LSTM Model for PTB DB

Algorithm 3: Classification of ECG signals with Raw Signals using CNN-LSTM
Input: A time series ECG raw data ts
Output: The classified label [

1: ts < RAW_ VALUE EXTRACTION(ts)

2: features <— CNN(ts)

3: [ + LSTM _CLASSIFICATION( features)

4: return [
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Conv1 Conv2 Conv3
[32, 1, 4000] [32, 64, 1999] [32, 128, 998]
Conv 1D (in=1, out=64, Conv 1D (in=64, Conv 1D (in=128,
Input stride=1, out=128, stride=1, out=256, stride=1,
kernel_size=3) kernel_size=3) kernel_size=3)
Batch Normalization Batch Normalization Batch Normalization
RelLU Activation RelLU Activation RelLU Activation
Max Pooling 1D Max Pooling 1D Max Pooling 1D
(kernel_size=2) (kernel_size=2) (kernel_size=2)

[32, 256, 548]

LSTM [32, 1028, 123] Conv5s Conv4
[32, 123, 1028] [32, 612, 248]
LSTM (in=1028, out=64, Conv 1D (in=512, Conv 1D (in=256,
num_layers=1) out=1028, stride=1, out=512, stride=1,
kernel_size=3) kernel_size=3)
Tanh Activation
Batch Normalization Batch Normalization
32, 123, 64] O o
[32, 7872] RelLU Activation RelLU Activation
FC Dropout (p=0.5) Max POOli.I"‘Ig 1D
(kernel_size=2)
Max Pooling 1D
Linear (in=7872, out=3) (kernel_size=2)
132, 3] Key

Convolutional Layer
Output Logits

LSTM Layer

Fully Connected Layer

Dataflow Direction

[32, 1, 4000) Data Size

F1GURE 6.2: Final CNN-LSTM Architecture for Fall and HAR using ECG signals

Algorithm 3 outlines the algorithms for extracting features from the ECG signal and
classifying them using a CNN-LSTM model. The number of CNNs and LSTMs can be
varied but we used a maximum of five 1-d convolution layers in front of the three LSTM

layers.

6.3.2 Attention Model
For reader’s convenience, we recall the basic definitions of the attention mechanism fol-

lowing [249] and the notation therein. However, attention is discussed again in detail in

Chapter 8, Section 8.2.1.

6.3.2.1 Attention

Attention is defined as

T
Attention(Q, K, V) = softmax () V., (6.1)
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where Q, K and V € R™% are input embedding matrices, n is the length of the (time)

series, and dj is the embedding dimension, resp.

The transformer uses Multi-Head Self-Attention (MHA) allowing the model to jointly
attend to information at different positions of the time-series or different semantics of

the domain. MHA is defined as

MultiHead(Q, K, V) = Concat (head;, heads, . .., head,) W9, (6.2)

where h is the number of heads. Each head is defined as

head; :Attention(QWiQ,KWiK,VWZV) = softmax vwY, (6.3)

QW (KWE)T
Vi,

where WZ-Q, Wk e Rm xd wY e Rém*dv - and WO € R%*dm (projection onto the
output) are learned matrices and dj, d, are hidden dimensions of projection subspaces.
For simplicity in the sequel, we drop the differentiation between d,,, di and d,, and refer

to them by d.

The matrices @, K and V are usually referred to as query, key and value matrices to
remind of the associative memory architecture of a transform, compare e.g., also the

analysis in [194].

6.3.2.2 Attention and Dimensional Embedding

For applying the attention mechanism to time-series one has to decide on the proper
dimensional embedding, i.e., on the dimension of the embedding subspace and on the
embedding transformation. We recall that in the domain of ECG the “natural” dimension
is small. For instance, the signals are one-dimensional if a one-dimensional channel
(single lead) is used (as is the case in this paper for the attention/transformer model,
i.e., Algorithm 4). Even if multi-channel ECGs are used usually the number of channels
is limited to a small number of 3 to maximally 12 channels. Henceforth, if we used
the channel as the embedding, the dimension would be 1 in our case, i.e., d = 1. This
is way too small to capture interesting patterns and, indeed, a test showed that the
gradient descent does not converge, but stays constant after one or two initial updates.
Furthermore, as depicted in the previous section, the self-attention suffers from an O(n?)

problem. We propose the following architecture to solve both problems simultaneously:
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1. Assuming m < n. For simplicity of the notation, we assume without loss of
generality that n is divisible by m, i.e., n = mw. This effectively segments the
time-series n into n,, “windowed” segments of length w, where m € 1,...k with
k:=n/w. If n is not divisible without remainder, we could fill the time series with

zeros (padding).

2. For each “windowed” sub- time-series t,, we calculate the decomposition to a cho-
sen (fixed) wavelet by performing a discrete wavelet transformation (DWT), see
below. Assuming that the result of applying the DWT is in dimension p, we have
transformed the input from R"™ into R™*P depicted in Fig. 6.3.

t

[ttt [t [ts [te [ t7 [te [to [tio]tra[tie[tia[traftis[tis[tiz[tis] [ | oo [ ] [tea[tur[tus|tus [ tra s tre [t ] ]
[

Segmentation into Windows

P @

DWT

FIGURE 6.3: Dimensional Embedding

Remark 6.1. In this paper, we propose a deterministic embedding using DWT rather
than a learned, randomly initialized embedding, which is an alternative approach that
has been used in other attention architectures in the past. This should—in theory-require
less training data—a conjecture that we want to validate in future work using synthesized

data.

Remark 6.2. Note, that within the context of dictionary-based learning, a deterministic
embedding using DWT could be considered as a “predefined analytical dictionary” [157].
Contrary to a fixed feature design using wavelet components, however, an embedding
with an attention/transformer architecture has a flavor of learning the representation
dynamically from the data as the proper amount of attention is learned from the data

indeed. A systematic investigation of these aspects is deferred to future work, too.

More mathematical details on wavelets as feature extractors and dimensional embeddings

are discussed in Chapter 7.
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6.3.2.3 Transformer Architecture and Algorithm

The DWT can be used not only for dimensional embedding but also, for noise reduction

as one can ignore some or all coefficients for the detailed spaces. To explore the impact,

we tried several configurations, see Table 6.1°.

ATT2
ATT3
ATT4
ATTH
ATT6
ATTT
ATTS8
ATT9
ATT10
ATT11

Wavelet

db8
db8
db8
db8
db8
sym6
db8
db8
db5
db5

TABLE 6.1: Attention Models

Spaces

Vo

Vo
Vo ® Wo
Vo & Wo
Vo & Wo
Vo ® Wo
Vo & Wo
Vo @ Wo
Vo @ Wo

Vo & Wo & Wh

Dim Embedding

Hid Dim

Frequency

o
—_
~

0.1k
0.1k
0.1k
0.1k
0.1k
10k
10k
10k
10k

oy
£ £
: i
&3] <
1k  98.14
1k  98.83
1k  99.18
1k 99.11
1k  99.45
1k 99.38
1k 99.59
2k 99.59
1k 99.24
1k 99.73

We deployed a transformer architecture with one head, four transformer encoder layers,

and a dimension of 150 or 250 hidden units of the feed-forward network. The network’s

architecture of the best model, ATT11, is illustrated in Fig. 6.4.

Layer (type:depth-idx) Param #
-clickto unscroll output; double click to hide 3 _
—PositionalEncoding: 1-1 —
—TransformerEncoder: 1-2 ==
LpModuleList: 2-1 -
LTransformerEncoderLayer: 3-1 17,638
LTransformerEncoderLayer: 3-2 17,638
LTransformerEncoderLayer: 3-3 17,638
LéTransfnrmerEncoderLayer: 3-4 17,638
—Dropout: 1-3 —
—Linear: 1-4 954

Total params: 61,762
Trainable params: 61,762
Non-trainable params: @

FIGURE 6.4: Transformer Architecture of Model ATT11

The original input tensor has a dimension of [14552, 1, 187] corresponding to 14522 data

rows, 1 feature, and a sequence length of 187. The sequence was split into 17 chunks, with

a window length of 11. Each subsequence of length 11 was converted using the DWT. For

2Frequency refers to the frequency of the positional encoding. It should be remarked, that model
ATT5S differs from ATT4 by an additional residual connection.
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instance, for db8 for ATT7, this leads to a transformed tensor of [14552,22,17]. (Note,

that due to boundary effects, the embedding dimension is not always a multiple of 11.).

As a positional encoding, we tried the usual Fourier encoding and used frequencies f of
f =100 and f = 10.000, resp. While adding positional encoding is questionable after
embedding using DWT, we experimentally found the results to be improved by a small

amount.

All models were trained with a batch size of 256 and a learning rate of 0.001 using the
Adam optimizer [128]. Algorithm 43 layouts the algorithms for extracting features from

ECG data and classifying them using a transformer/attention model.

Algorithm 4: Classification of ECG signals with Raw Signals using Attention/-
Transformer

Input: A time series ECG raw data ts

Output: The classified label [

1: X «+ RAW_VALUE EXTRACTION(ts)

2: (%@W()EBW1@...@Wm) %DWT(X)

3 (Vod...oWn)« Vo®...&W,,)+POS_ENC(Vy& ... Wy,)
4: for i € Layers do

5. X < TRANSFORMER;(Vo @ ... ® Wy,)

6: end for

7. | + LINEAR_FEED FORWARD(X)

8: return [

6.3.3 Complexity Analysis
6.3.3.1 Runtime Complexity Analysis

In general, the runtime complexity for attention based RNN/LSTM and CNN architec-
tures are known as depicted in Table 6.2, see e.g. [249]4, where n denotes the sequence

length, d the embedding dimension, and k the size of the kernel (in case of CNN).

TABLE 6.2: Generic Runtime Complexity Analysis

Layer Type ‘ Layer Compl. Seq. Ops Max Path Length

Attention O(n?d + nd?) 0(1) O(1)
RNN/LSTM O(nd?) O(n) O(n)
CNN O(knd?) o) O(log(n))

3Note, that for simplicity of notation we use the expression (Vo @...® Wy,) from the decomposition
in equation 7.10 generically, i.e., some of the components of (Vo @ ... ® W,,) might be empty.
“Note, that we have added the complexity caused by the query matrices which were omitted in [249].
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Note, that the maximum path length measures the maximum length between any two
input and output positions in the networks. Shorter path length makes it easier to learn

long-range dependencies.

Considering, that the dimensional embedding using wavelets is of O(n) and has to be
computed only once and henceforth can be ignored compared to O(n?d + nd?), we con-

clude from Table 6.2 the complexity of our algorithms as depicted in Table 6.3.

TABLE 6.3: Runtime Complexity Analysis for Algorithms 3 and 4

Algorithm ‘ Total Complexity Max Path Length

Alg 3 0 ) O + log, (n)) = O(n)
Alg 4 O(n?d + nd?) o)

From this analysis, we can conclude that Alg 3 is always inferior to Alg 4 in terms of
algorithmic complexity. In addition, the transformer can be easily paralleled (typically
on a GPU), contrary to a CNN-LSTM.

Please note, that the above analysis assumes that the matrix multiplication of two ma-
trices A € R and B € R™ is in O(nml), which corresponds to a naive implementation
of matrix multiplication. Although this can be improved, compare Strassen’s algorithm
[230], and—more recently—Josh Alman and Virginia Vassilevska Williams algorithm (8],
these algorithms are normally not implemented in the machine learning frameworks used

and henceforth the naive implementation as the usual convention is assumed.

6.3.3.2 Memory Complexity Analysis

As for backpropagation, the weights optimized have to be kept in memory, to optimize the
algorithms efficiently, we have essentially the same space as time complexity, particularly

space complexity of any attention-based model of O(n?).

6.4 Data Preparation and Experimental Setup

Since our study includes multiple data sets, therefore this section explains the prepa-
ration steps taken for each data set and the overall experimental setup. Experiments
were performed using a GPU server. All the experiments were implemented using the
PyTorch library because of its supportive architecture with GPUs. The main aim of the
experiments was fall and MI detection using ECG signals in an automated and efficient

manner.
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6.4.1 ECG Data Set for Fall Detection

To the best of our knowledge, the ECG HAR data set is the only one for the detection of
different human activities including falls, using ECG signals. It was originally collected
by [34], as an experiment that was part of the study by [25]. It originally consisted of
two classes: one for the ECG of a person falling from the bed and another one for the
ECG of a resting person. It was later augmented with two more data sets, [124] and
[127], by up-sampling the original data set. In addition to that, another augmentation
method called slicing was applied to the data set. Slicing has been explained in detail in
[55]. After the addition of new data sets, the final version has three classes namely: fall,

rest, and daily activities.

The overview of the final class distribution in data set is depicted in Table 6.4.

TABLE 6.4: Total Number of Samples in the ECG HAR Data Set [34]

Label Total Count
Fall 500

Rest 474

DA 296

Total 1270

In the previous experiments, the data set was filtered, converted to wavelet transform,
and later to 3-D images called scalograms. These scalograms were first used to fine-tune
and then train, a pre-trained AlexNet and Googl.eNet. The state-of-the art validation
accuracy obtained for classification with this data set is 98.44%. This accuracy was
obtained after applying extensive pre-processing to the data set. Our current model
outperforms the state-of-the-art validation accuracy and achieves a 99.21% accuracy

with no pre-processing and only fine tuning the ensemble model.

6.4.2 PTB Diagnostics Data Set

After working with the ECG for falls and daily activities, the model had to be tested on
a standardized data set that is publicly available. In the second set of experiments, a
publicly available data set called the PTB diagnostic was used, which is freely available

but is used as a standard for ECG classification tasks.

The original PTB data set consists of 549 records from 290 subjects which were aged 17
to 87 years, with a mean age of 57.2. A total of 209 subjects were males with a mean
age of 55.5 and 81 females with a mean age of 61.6 (for 1 female and 14 male subjects;
age was not recorded). Each record has 15 measured signals: the conventional 12 leads

(i, ii, iii, avr, avl, avf, v1, v2, v3, v4, v5 and v6) together with the 3 Frank lead ECGs
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(vx, vy and vz). The data from lead II were used to train the model which outperforms
the databases which even use all 12 lead data [27]. ECG beats were extracted using
the method described in [118]. The data set used was divided into two classes: normal
and abnormal (myocardial infarction). In the previous prominent study [91], all 12
leads were separately evaluated to determine which leads contributed the most to the
classification. We used lead II of the data set to differentiate between healthy controls and
that with myocardial infarction. Since only one lead of ECG was used in the previous
two experimental phases, we used another publicly available data set and used all 12
of its leads to reaffirm the usefulness of the ensemble model for both uni-variate and

multivariate data sets.

6.4.3 PTB XL Diagnostics

PTB-XL is one of the largest freely accessible ECG data sets available. It was collected
over a span of seven years between 1989-1996. It was made publicly available in 2020
in a structured database by Physikalisch-Technische Bundesanstalt (PTB). The data set
consists of a total of 21837 records of 12-lead ECG each comprising of 10 s. It is a
gender-balanced data set with 52% male and 48% female records and an age range of
0-95 years. The data set consisted of various diagnoses and a large number of healthy
controls as well [232]. PTB XL has a standardized set of pre-processing instructions
for the data set. Because different labels are heavily imbalanced and imbalanced classes
can introduce bias in the trained model, it is important to divide the data set in a way
that each of the classes is represented equally in each subset. Stratified sampling was
used to divide it into training-validation-testing data sets. The data set has multiple
classification categories as shown in Fig. 6.5. The goal is to classify MI from other heart
conditions, and models were trained for diagnostic superclass and myocardial infarction

detection using Algorithm 3.

6.5 Results

Several methods to evaluate a DL classifier exist in the literature. We evaluated our
classifiers using the accuracy, area under the curve (AUC), confusion matrix, sensitivity,
and specificity. The details of the results obtained by applying each of the algorithms and
the respective data set is explained in this section. In the sequel, we present the results
acquired for each data set and also compare our results to the other state-of-the-art work.

An overview of the section is presented in Table 6.17.
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FIGURE 6.5: Class Distribution for PTB-XL Data Set

6.5.1 ECG HAR Data Set

The data set was initially trained using a plain LSTM to compare the model performance
with the previous experiments. The data were fed into the model without any pre-
processing. The LSTM initially yielded an accuracy of 49.80% which was increased
to 54% by fine-tuning the hyperparameters. In the previous experiments, extensive pre-
processing was carried out to extract the related features and then those features were fed
into the model. Although that approach yields excellent accuracy, it is not automated.
LSTMs have been shown to have a sense of previous timestamps or history in the time
series, but CNNs have a superior feature extraction capability. To test our hypothesis, a
CNN was placed on top of the LSTM layer. The accuracy immediately improved to 93%.
After some fine tuning the hyperparameters and adjusting the number of CNN layers,
the validation accuracy got better than the state-of-the-art results. A testing accuracy
of 99.21%-100% was achieved and a validation accuracy of 99.21% was achieved. For the
first data set, the results were almost perfect with a validation accuracy of 99.21% and
a testing accuracy of 99.21%-100%. The previous work achieved similar accuracy but
with transfer learning and pre-processing the signals by converting them into wavelet
transforms and then into scalograms. This model achieves similar accuracy even by
avoiding all those steps. The following Table 6.5 depicts the confusion matrix for the

testing data set showing an almost perfect accuracy of 99.22%.



Chapter 6. Towards Automated Feature Extraction 102

TABLE 6.5: Confusion Matrix for Fall Detection ECG Data Set using CNN-LSTM
(Algorithm 3)

Actual
< = %
a8 E =
T DA[30 0 0
2 Fall | 1 52 0
é Rest | 0 0 45

Fall detection using ECG signals was also performed by applying Algorithm 4 to the HAR
data set. Each sequence in the data set consists of 4000 time stamps. The initial tensor
size was [1273, 1, 4000|, which is in the format [total Sequences, number of features,
sequence length|. Each of the ECG sequences was divided into 100 chunks of 40 time
stamps each, and then the wavelet transform was calculated for each chunk resulting in
a final dimension of [1273, 108, 40]. The model was trained in 403.39 s. This result was
again achieved without any manual feature extraction or transfer learning model. The
following Table 6.6 depicts the confusion matrix for the testing data set showing also the

accuracy of 95.31%

TABLE 6.6: Confusion Matrix for Fall Detection ECG Data Set using Attention (Al-

gorithm 4)
Actual
< Z B
8 E
T DA[20 1 0
2 Fall | 2 49 2
&i Rest | 0 0 44

6.5.2 PTB Diagnostics

Algorithm 3, i.e., CNN-LSTM was used to model the PTB diagnostic to differentiate
normal from abnormal heartbeats. Previous studies have emphasized feature extraction
before feeding into the neural network, or transfer learning where the model is initially
trained with an existing data set and later on trained with the same learned weights
on the desired data set such as in [265]. In the current benchmark for MI classification
using PTB diagnostic, ConvNetQuake neural network model was adapted to achieve an
accuracy of 99.44%. Similarly, heavy pre-processing, such as wavelet transformation [2],
data balancing [191], and transfer learning [118], are used in the literature to achieve
higher accuracy for ECG signal classification. In our study, no pre-processing of the
individual readings was applied, and the model achieving 99.66% accuracy, exceeded the

state-of-the-art accuracy for normal versus abnormal classification, which was previously

99.43%.
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Algorithm 4, i.e., the attention /transformer model was also used to model the PTB
diagnostic to differentiate between normal and abnormal heartbeats. This yielded an
accuracy of 99.73%, a precision of 99.73%, a sensitivity of 99.2%, and a specificity of
99.91%.

The confusion matrices of both algorithms are depicted in Table 6.7 below.
TABLE 6.7: Confusion Matrices for PTB Data Set

Predicted
Algorithm 3 | Algorithm 4
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In comparison to CNN-LSTM, i.e., Algorithm 3, the attention model with wavelet em-
bedding has been shown to be more efficient as it uses fewer parameters and less training
time as compared to the CNN-LSTM model as shown in Table 6.8. However, the time
and number of parameters for Algorithm 4 might increase eventually with the increase
in the number of attention heads and encoder layers.

TABLE 6.8: Parameter Comparison between State of the Art and Our Work. Key for

Training Hardware: 1 = 2 NVIDIA Titan Xp GPUs ,2 = 2 NVIDIA 2080Ti GPUs, 3=
i5 core, NVIDIA graphics card, 4= NVIDIA A100-PCIE-40GB

[
0 g
< =
5] g =
g = <
= = T8 5
& = FE g |5
3 o 2|8 |8 |
5 £ ElE A& | B
Work = LR = = | /M £a o
Liu et al.[145] NA le-3 - 1e-6 | 3557.26 s 1 |32 | 100 | NA
Wang et al.|252] NA 0.001 NA 2 |12 |10 NA
Rai et al. [191] NA 0.001 1263 s-2285s [ 3 | 128 | 100 | Adam
Our work (HAR): Alg. 2 | 461,583 | 0.00002 403.39 4 120 | 500 | Adam
Our work (HAR): Alg. 1 | 2,471,503 | 0.001 80.56s 4 |64 | 100 | Adam
Our work (PTB): Alg. 2 | 61762 0.001 823.54s 4 | 256 | 1000 | Adam
Our work (PTB): Alg. 1 | 210,025 0.001 1923.87s 4 164 | 1000 | Adam

A comparison between the reference parameters used across the state-of-the-art similar
work and our work is shown in Table 6.8. However, it must be noted that Table 6.8 is
not complete because not all parameters can be found for all related work and NA in

the table refers to not available.
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Multiple metrics were used to evaluate the model performance. The terms tp, fp, tn,
and fn refer to the true positives, false positives, true negatives, and false negatives
respectively. In medical terminology, true positive would refer to the medical condition
being diagnosed, so tp in our context refers to the diagnosis of MI. The performance

metrics were calculated using the following formulas:

Accuracy = (tp +1tn)/(tp + fp+ fn +1tn)
Precision = tp/(tp + fp)

Sensitivity = tp/(tp + fn)

Specificity = tn/(tn + fp)

The results for our leading models are summarized in Table 6.9.

TABLE 6.9: Metrics for Leading CNN-LSTM and Attention

Predicted
5
2 —
B
5z
-
Z.
Z H
O <

Accuracy | 99.79 99.73
Precision | 99.91 99.91
Sensitivity | 99.81  99.72
Specificity | 99.73  99.73

Actual

Fig. 6.6 and Fig. 6.7 show examples of the training accuracy and losses for the PTB data

set, respectively.
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FIGURE 6.6: Training and Validation Graph over Epochs for the PTB Data Set for
Algorithm 3
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FIGURE 6.7: Training and Validation Loss for the PTB Data Set for Algorithm 4

6.5.3 PTB XL Diagnostics

Since PTB XL is a relatively new data set, many recent studies using this data set have
adapted it for different classification tasks such as super diagnostic, sub-diagnostic, and
form etc. In our study, five super diagnostic (SD) classes were classified. A validation
accuracy of 75.70% and a testing accuracy of 74.33% were achieved. An AUC score of
0.8395 was obtained, see Table 6.10.

TABLE 6.10: Performance Indicators

al. Accuracy
Testing Accuracy

AUC score

Classification classes

Super-diagnostic Classes 75.70% 74.33% 0.8395
MI vs. Normal Class 90.94%  89.1% 0.87
MI vs. Super-diagnostic classes 91.07% 90.2%  0.762

A direct comparison to the state-of-the-art is not very straightforward for PTB-XL
mainly because it is a newer data set and many new studies that use it focus on different
classification tasks. Although our results for this data set do not exceed the state-of-
the-art accuracy, they are still comparable. Virginia et al. [200] and Martin et.al [154]
achieved accuracies of 90.8% and 77.12%, respectively, for MI classification respectively.
Similarly, Smigielet et al. [278] achieved an accuracy of 78.0-75.2% for five-class classifi-

cation.

Our Algorithm 3 applied for myocardial infarction detection using the PTB XL data
set, yields a validation accuracy of 90.94% when it is MI versus the normal class in
super diagnostic, and 91.27% when it is MI vs other four superclasses. Please note

the AUC as a metric was calculated only for PTB-XL data set as it is widely used for
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comparison of this particular data set in the literature. The experiment with Algorithm 4
on multi-lead data sets such as PTB XL is still in a preliminary stage and requires further
investigation on how to merge the natural domain dimension of multi-lead with the
dimensional embedding technique. However, similar results for another research project
of ours yield promising results for the Algorithm 4 with a multidimensional or multi-
featured data set, see [210]. Henceforth these experiments have not been mentioned and

as work in progress will be published in a future contribution.

6.5.4 Statistical Analysis

To assess the statistical validity of the results, we computed a five-fold cross-validation
for both algorithms and all data sets, see Table 6.11. For PTB-XL data set the k-fold

validation was done only for super-diagnostic classes.

TABLE 6.11: Five Fold Cross-Validations

Fold
Data Alg. 0 1 2 3 4 Avg
ECC HAR 1 97.26 | 98.43 | 98.43 | 98.03 | 98.82 | 98.19
2 94.90 | 90.59 | 91.37 | 93.70 | 93.31 | 92.77
PTB 1 99.00 | 99.56 | 99.28 | 99.07 | 99.31 | 99.24
2 96.39 | 97.11 | 97.49 | 96.25 | 96.49 | 96.75
PTB XL 1 76.22 | 75.42 | 75.38 | 74.00 | 76.49 | 75.50

As one can see, the results are consistent with the findings in sub section 6.5.1, the
difference in the average results from the reduced training in case of five fold cross

validation.

However, to assess the statistical meaningfulness, a more sophisticated approach is re-
quired. In a seminal paper [65], Dietterich analyzed five approximate statistical tests for
determining whether one learning algorithm outperforms another on a particular learn-
ing task. It includes the well-known McNemar’s test for a single pass validation and
also proposes a new 5x2cv test designed for algorithms where at least 10 validations
can be carried out. In the paper, Dietterich shows that the null-hypothesis of the two
algorithms to compare having the same performance, the off-diagonal elements of the
confusion matrix should be the same, which can be checked statistically for significance

using a x? test or a test for ¢ statistics.

Although Dietterich’s paper has been very well received and is cited many thousand
times, in the practice of machine learning—contrary to other disciplines like e.g., the

medical sciences—, statistical analysis of significance is still not common and is therefore
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usually not included in publications, unfortunately. This limits not only the interpreta-
tion of published results but also limits the ability to rigorously compare benchmarks.
For instance, the tests proposed in [65] assume the availability of the data set backing
the confusion matrix. In particular, to apply any of the tests in order to compare two
algorithms A; and A, one must determine the incorrectly classified samples from A;
and check whether these are correctly classified by algorithm As and vice versa in order
to determine the statistical parameters needed for the test. Even if the data are pub-
licly available, information on which sub samples are incorrectly classified is usually not
available from the publication. In our case, these data are clearly not available for any
of the bench marking publications. Therefore, we could only compare our algorithms 3

and 4 against each other, but not against any of the bench marked algorithms.

The implementation of the statistical analysis and the results are discussed in the next

sub section.

6.5.4.1 McNemar’s test

The McNemar’s test is a standard paired test used in the medical field for the verification
of usability of the new drugs etc. However, it is not very commonly applied in the field
of deep learning for model comparison. Because we used biomedical data in this study,
McNemar’s test was used to verify the statistical significance of the results obtained
using the proposed algorithms. To apply McNemar’s test, our data set was partitioned
into training and testing sets, called R and T, respectively. After training both models
A; (Algorithm 3) and As (Algorithm 4) on ¢, the classifiers were tested on each instance

of R and eventually the following statistics are collected:
e ngo : Number of classes misclassified by both classifiers A1 and As.
e ng1 : Number of data instances misclassified by A; but not As.
e n1o : Number of data instances misclassified by Ay but not A;.
e n11: Number of data instances misclassified by neither Ay nor As.
Additionally, ngg+no1+n10+n11 = n, where n is the total data instances in the test set

T. The contingency table layout for McNemar’s test is presented in Table 6.12.

The McNemar’s test was performed for both PTB and ECG HAR data set. The null
hypothesis (Hp) is that both algorithms have the same error rate, i.e., ng;1 = njo. The
confidence interval for all tests was 95%. The statistics obtained for the ECG HAR data
set are presented in Table 6.13.



Chapter 6. Towards Automated Feature Extraction 108

oo | 110
N1 | N1

TABLE 6.12: Layout
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TABLE 6.13: ECG Data Set

1] 11
4 | 1440

TABLE 6.14: PTB Data Set

TABLE 6.15: McNemar’s Contingency Tables

For an alpha value of 0.05, the p-value is calculated to be numerically 0.000, which
implies that our test is significant enough to reject the Hy and we conclude that both
models have different proportions of errors and are significantly different in this data set.
The same test was repeated for the PTB data set and the obtained statistics are listed
in Table 6.14.

The p-value obtained for this test was 0.118 which is greater than 0.05 hence, there was

no significant evidence to reject Hp.

6.5.4.2 The 5x2 cv t test

The 5x2 cv t test is introduced in Dietterich [65] and recommended therein: “For algo-
rithms that can be executed ten times, the 5x2 cv test is recommended as it is slightly
more powerful and because it directly measures the variance due to the choice of training
set”. For this test, two-fold cross validation was performed for five repetitions. During
every repetition, the data set was randomly partitioned into two equal-sized sets S7 and
Ss5. Both algorithms were trained on each set and tested on the other set. This results in
four error estimates: P£111,2) and Pfé’z) with Ay or Ao, resp. trained on S; and tested on
Sy and Pﬁ’l) and Pﬁ’l) with A; or As, resp. trained on Ss and tested on S;. Estimated
differences are obtained by subtracting the corresponding error estimates P12 — Pgl’z)
- 15112’2) and P21 — Pﬁ’l) - Pﬁ’l). From these differences, the estimated variance o2 is
calculated as 0% = (P12 — P)2 4 (P31 — P)2, where P = (P12  P21) /2 | Let

af be the variance calculated from the i-th replication. Then the 5x2cv t statistic is
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calculated as follows:
P(l 72)
1

/ 5
%Zi:l 01‘2

Under the Hyg, ¢t has approximately a t distribution with five degrees of freedom. The
calculated t statistic for PTB data set and ECG HAR data set is 3.002 and 3.286 re-
spectively. Detailed tables for the five repetitions are presented in Appendix 6.7.2 in
Table 6.18 and Table 6.19. As both would have a corresponding p value of 0.030 and
0.0218 respectively, it clearly shows that both models are significantly different from each

t_:

other with different error estimates.

6.5.4.3 Interpretation

Taking the results from both the McNemar and the more powerful 5x2 cv ¢ test we can
conclude that our algorithms differ significantly and that the obtained Key Performance

Indicator (KPIs) are statistically meaningful for the standard confidence interval of 95%.

6.5.5 Summary

As seen in Table 6.16, our model leads to almost all of the evaluation criteria for the

classification of PTB data set.

6.6 Discussion

As mentioned earlier, state-of-the-art accuracies were achieved using the CNN-LSTM
model for three data sets and the attention model for PTB data set. In similar previous
studies, mostly one set of experiments is performed with a single database to prove the
usability of the models. However, we worked on three data sets separately. The first
data set was used to classify human activities including falls. The second one consists of
extracted heartbeats for the classification of MI vs normal heartbeats. The third data set
consists of a 12-lead ECG data set for multiple cardiovascular conditions. The success
of our proposed algorithms on all three data sets generalizes their usefulness for ECG

classifications over multiple tasks.

Hybrid models help to combine the features of the base models. This is often more
powerful than very deep models with hundreds of layers because deeper models tend to
over-fit for medium-sized data sets. An LSTM model keeps track of the past trends in

the time series and can also help in the prediction of the next time stamps. In our study,
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TABLE 6.16: Our Result Compared with other similar Studies in Literature which used
PTB Database (Built upon [91])

Work Accuracy(%) Sensitivity(%) Specificity(%) Precision(%)
Acharya et al. 93.5 93.7 - 92.8
2

Safdarian et al. 94.7 - - -
[204]

Kojuri et al. 95.6 93.3 - 97.9
[132]

Sun et al. [234] - 92.6 - 82.4
Liu et al. [143] 94.4 - - -
Sharma et al. 96 93 - 99
[220]

Kachuee et al. 95.9 95.1 - 95.2
[118]

Remya et al. 93.61 93.22 94.28 -
[196]

Reasat et al. 84.54 85.33 84.09 -
[195]

Zewdie et al. 98.3 98.7 96.4 -
[273]

Feng et al. [75] 95.4 98.2 86.5 -
Strodthoff et - 93.3 89.7 -

al.

Huang et al. 96.96 99.89 92.51 95.35
Liu et al. [145] 98.59 99.53 94.50 -
Guptaet al.[91]  99.43 99.40 99.45 99.46
Ours (CNN- 99.93 99.81 99.73 99.91
LSTM)

Ours (Atten- 99.73 99.72 99.73 99.91
tion)

TABLE 6.17: Overview of the Experiments with Different Data Sets and the Acquired

Performances

Classification Data set Achieved Ac- Algorithm State-of-the-
task curacy art accuracy
Fall detection =~ ECG HAR 99.21% Attention 98.44% [34]
Fall detection =~ ECG HAR 99.21% CNN-LSTM 98.44% [34]
MI detection PTB 99.73% Attention 99.44% [91]
MI detection PTB 99.93% CNN-LSTM 99.44% [91]
SD Class PTB XL 75.70% CNN-LSTM -

MI detection PTB XL 91.07% CNN-LSTM -

the results of the CNN-LSTM model have shown to be always better than both of the
models implemented individually. This was verified for the HAR data set by [188] and we

compare the results from Table 6.16 for PTB data set where multiple variations of CNN

and LSTMs have been applied separately in the previous works. The performance of the

model on the HAR data set is observed to increase up to a certain level with the increase

in a) the number of filters in the convld layer for CNN-LSTM and b) the number of
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dimensions in the dimensional embedding with the attention model. Since the data set
is not very large, a final conclusion cannot be drawn at this stage but it merits further
investigation. The attention algorithm clearly has a computational advantage over the
CNN-LSTM algorithm as seen in Table 6.8. It takes less time to converge and even has
fewer parameters to train than the CNN-LSTM algorithm. Our study had the following

advantages:

A hybrid CNN-LSTM model and attention with a discrete wavelet transformation

as an embedding are proposed.
e No or very little manual feature extraction is required for training the model.

e Three publicly available data sets were used separately for the training using the

proposed models.

e State-of-the-art accuracy of 99.86% and 99.44% is achieved for the PTB data set
and ECG for HAR classification respectively without any feature extraction or

pre-processing.

e Multiple standard statistical analysis techniques were applied to the acquired re-

sults to statistically support our algorithms.

Hence, we addressed our research question and achieved results equivalent to many recent
studies without any pre-processing or feature extraction. We have also shown to train

the models in an efficient manner computationally.

As part of the future work, the authors would like to explore the difference between the
two algorithms using explainable Al. Looking deeper into the gradients for each layer

would shed light into the learning process.

6.7 Conclusion

The models proposed and explained in this paper aim to better classify ECG time series
for different conditions using minimum pre-processing steps. Publicly available data sets
have made it possible to verify the robustness and usefulness of the proposed models by
achieving state-of-the-art accuracy using multiple data sets. This would eventually help
medical practitioners to identify multiple heart conditions automatically with minimum
feature extraction. Specifically for the MI classification, because the results are close to

100%, the model is ready to be deployed for medical evaluation.
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6.7.1 Data and Code Availability

See Appendix B.

6.7.2 5x%x2 cv t-test table

The tables including full details of the two 5x2 cv t-tests, Table 6.18 and Table 6.19,

resp.
TABLE 6.18: 5x2 cv Test Contingency Table for PTB Data Set
Rep 1 Rep 2 Rep 3 Rep 4 Rep 5
Model A W —0.9915 | P —0.9923 | PT —0.9934 | PT — 0.9934 | PT — 0.9929
PP — 09922 | PP — 09904 | PP = 0.9889 | PP—0.9927 | P? — 0.9804
Model B PV —0.9786 | PV = 0.9839 P%U — 0.9778 ( T 0.0799 | P — 0.9759
P2 — 0.9839 (2) 0.9733 | P2 — 0.9812 59) — 0.9805 ( )~ 0.9789
TABLE 6.19: 5x2 cv Test Contingency Table for ECG Data Set
Rep 1 Rep 2 Rep 3 Rep 4 Rep 5
Model A P —0.96860 | P 095918 | PW — 097327 | PV = 0.9545 | PV — 0.96232
P? — 0.96698 (A) —0.977987 | PP = 096232 | PP—0.9733 | P — 0.9733
Model B PV — 086656 | PV — 08477 | P — 08349 | P — 085714 | PY — 0.85714
P —o0s522 | PP—0s8805 | PP — 085714 | PP —0.88522 | P — 0.8349







Chapter 7

Feature Extraction using Wavelet

Transformation

"The supreme goal of all theory is to make the irreducible basic elements
as simple and as few as possible without having to surrender the adequate

representation of a single datum of experience." — (Einstein’s razor)

As discussed in chapter 4, feature extraction is an important pre-processing step in time
series analysis. In the classical approach, this step is largely based on prior domain
knowledge and classical statistical methods like mean, median, kurtosis, percentiles, or
temporal aggregations like resampling, rolling averages and standard deviations are used.
Many latest models use state-of-the-art feature extraction techniques like Fast Fourier
Transform, Spectral Analysis, Principal Component Analysis (PCA), Auto and Cross
correlation, and Wavelet Transformation etc. to name a few. In this study, we have
used the wavelet transformation as a major feature extraction technique. Therefore, this
chapter provides a comprehensive background and highlights the properties of wavelets

that makes them suitable for feature extraction particularly for time series analysis.

7.1 Feature Extraction for Time Series and Bio Medical

Signals

Pattern recognition tasks require the data to be pre-processed for extracting features and
later selecting the relevant ones before feeding them to the task. Feature extraction is
one of the most important pre-processing steps because right extraction directly effects

the effectuality of the recognition task as more discriminate features assist in effective

114
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identification of the classification groups. Though originally pattern recognition tech-
niques were not crafted to manage large amount of irrelevant features, it is a necessity
with the current plethora of data sets to combine feature selection and feature extraction

with these algorithms.

The feature selection have many benefits including but not limited to the following
[203][92]

e It aids data understanding by visualization and by gaining a deeper insight into

the under laying process of the data generation.

e Improves the performance of the prediction algorithm by avoiding over fitting and
improve model performance, i.e. prediction performance in the case of supervised

classification and better cluster detection in the case of clustering.

e Reduces the storage and measurement requirements by defying the curse of dimen-

sionality.

e By reducing the training and utilization time.

However the feature selection and extraction techniques creates an additional layer of
complexity in pursuit of the search for a subset of relevant features. Consequently, the
exploration within the model hypothesis space is expanded by an additional dimension,
involving the quest for the optimal subset of pertinent features [76]. The end result of
feature extraction and feature selection is a set of features usually named feature vector,
which is a projection or representation of the data. The classification model then maps

the feature vector to a classification class [76] [176].

Despite them being non-stationary signals, the variance of biomedical signals can be
indicators of a potential disease, an abnormality or an indicator of an existing disease.
These indications can vary over different windows of observation i.e., intermittently,
persistently or even at random. This adds an additional computational challenge to
analyse and detect the abnormalities from the normal signals |76]. Hence, the importance

of feature extraction step is evermore while dealing with biomedical signals.

7.2 Wavelets — An Introduction

The signals can be analyzed both in time and frequency domain depending on the func-
tional scenario. Fourier transform analyzes the signal in frequency domain and not spatial

domain. However, the signals are represented in time and frequency locally by wavelet
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transformation and if they are chosen properly, the wavelet transform also serves as a

basis with compact support in both the frequency and time domains.

Wavelets are a family of basis function which are derived by translating and dilating
operations on a single generating function called mother wavelet. Dilation or scaling
stretches the mother wavelet and translation shifts it along the time axis. Introduced in

1910 by Haar [94] as a piece-wise constant function

1, if 0<t<1/2
Ut)=+4-1, if 1/2<t<1 (7.1)

0, otherwise

whose orthonormal basis of the space L?(R) are generated by the dilation and translations

given by

{q’j’"(t) - \/127 v (t _;n) }(j,n)ez (72)

of signals having a finite energy

+oo
12 = / ()Pt < +o. (7.3)

If the inner product of the function g is written as (f,g) = fj;o f(t)g*(t)dt, any finite

energy signal f can thus be represented by its wavelet inner-product coefficient

Ui = [ 100 7.

—0o0
and can be recovered by summing them in this wavelet orthonormal basis:

F= ) (£F¥.)%, (7.5)

j,neZ?

The systematic approach towards creating orthonormal wavelet bases was established
by Meyer and Mallet [149]. Wavelets can be continuous or discrete. The continuous

wavelets are given by multi resolution signal approximations.

CWT(a,b) = / +Oox(t) © ()t (7.6)

—00

where z(t) is the analyzed signal, a and b represent the scaling factor (dilatation/com-

pression coefficient) and translation along the time axis (shifting coefficient), respectively,
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and the superscript asterisk () denotes the complex conjugation. W is obtained by

scaling the wavelet at time b and scale a:

Voslt) = ¥ (5°) (7)

where W(t) is the mother wavelet. Since the windows are adaptable to the transient of

each scale, wavelets address the issue of application to non-stationary signals.

Representation of a signal can be optimized by creating a signal model that would carry
a prior information. To this end, we can model a signal f as a realization of a random
process F', whose probability distribution is known as a priori. Then we try to minimize
the expected approximation error through a Bayesian approach. Linear approximations
because of their dependence only on covariance are simpler. On the other hand, the non
linear approximations require the full probability distribution of F' to be known which is
not so often the case for music or images because the transient structures are not properly
modelled as realizations of known processes such as Gaussian ones. However, to optimize
the non linear representations, a weaker but deterministic model can be approached. A
deterministic model would specify a set ©, where the signal would belong and the set
is defined by any prior information e.g., time-frequency localization of the transients in
ECG signals.

7.2.1 Discrete Wavelet Transformation (DWT) for Dimensional Em-
bedding

For the reader’s convenience, we recall a few well-known definitions and theorems wavelet
theory following [61] and [150] and using the notation from [248]. This DWT was used

in Chapter 6 in front of the transformer to enhance its feature extraction capability.

The crucial idea is to decompose the space L?(R) into resolution spaces of different
resolutions. First, the resolution space Vjy is defined as the space of piece wise constant
functions on subintervals of [n,n + 1] with n = 0,..., N. If we define the corresponding

step function

1, if 0<t<1
o(t) = (7.8)
0 otherwise,
then Vj has dimension N, and the N functions ¢y := {¢(t — j)}j=0,. . n—1 constitute
an orthogonal basis. Analogously the refined resolution spaces Vi are defined as the

spaces of functions constant on each sub-interval [n/2*, (n 4 1)/2*]. This yields a nested
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sequence of embedded spaces
WwcWVicVaC...C V. (7.9)

We denote the orthogonal complements of Vi1 in Vi as Wy_q, i.e., Vi = Vi1 & Wiy

and call it the detail space. This yields an orthogonal decomposition at level k as follows:

Vi=VodeWyeW1d...0Wr_1 (7.10)

Then the k-level discrete wavelet transformation (DWT) is defined as the change of

coordinates from ¢y to (@g, %o, %1, - .., %y_1), where ¢y, := {dji}j=0,...n—1 and ¢y, :=
{®¥jk}j=0,. N1, resp. denote the family of functions obtained from the mother wavelet.

This yields a filter bank interpretation of DWT, wherein each step the signal is decom-
posed into an averaged and a detailed signal using low-pass and a high-pass filter depicted

graphically in Fig. 7.1.

VtrrL4>Vm—1 > ... >V24>V14>V0
\@\@ @\@\@
Wm—l Wrn—2 s Wl WO

FIGURE 7.1: Wavelet Transform Pyramid

Thus, any signal can be decomposed into an averaged and a detailed signal, namely 1
and Wy. Due to the recursive nature, this can be extended to any desired level k. Please
note, that due to the dyadic nature the data size is reduced by a factor of 2 in each step.

For further details, we refer to [61] and [150] as well as e.g. [248|.

We used Haar and Daubechies wavelets as well as symlets (symmetrized version of

Daubechies wavelets) as mother wavelet.

7.3 Wayvelets as Feature Extractors

Wavelets have been used as feature extractors in many domains see [266],[247], [152], [56],
[275]. We propose and experimentally show as part of this study in the next Chapter 8,
that using wavelet transformation is the efficient way to adapt the dimensional embedding

part of the transformers for time series classification.
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Section 7.3.1 - 7.3.4 summarizes ideas from the pre-print from Schéfer [210] in order to
lay the mathematical foundation for the argument of using wavelet transformation as

feature extractors for time series.

7.3.1 Groups and Group Representations

In physics one of the most powerful principles to study the laws of nature are groups and

their representations which are related to invariant.

A group G is a set G together with a binary operation on G denoted - (called multipli-

cation) satisfying

e (Associativity) For all a, b, b in G we have (a-b)-c=a- (b-c).
e (Identity) There exists an element e € G such that for all a € G we have e - a =
a-e=a.

e (Inverse) For all a in G there exists an element ™' € G, s.t. a-a ! =a"'-a =e.

Below, we give three important examples of groups that are relevant in the context of

time series.

Definition 1. The translation group T is the group (R, +) where the - is identified with

the usual addition.

Definition 2. The dilatation group D is the group (R™,*) where the - is identified with

the usual multiplication.

Definition 3. The a, b group Gy is the semi-direct product of the previously defined
translation and dilatation group, i.e., the following sub group of 2 x 2 matrices defined

with the usual matrix multiplication:

b
Gop = {(‘; 1) ,aeR+,beR}. (7.11)

The group axioms are satisfied trivially with the group multiplication computed as (a, b)-
(', V) = (ad',ab +b).

As in any category homomorphisms and isomorphisms are important.

Remark 7.1. We note that translation and dilatation group correspond to the (R, +) and

(RT, %) and we have a group isomorphism mediated by the natural log or exp.

One particularly important (morphism) concept is the concept of a group representation:
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Definition 4. A representation p of a group G on a vector space V over a field K is a
group homomorphism from G to GL(V'), denoting the general linear group on V|, i.e.,

the linear transformations on V. Henceforth, a representation is a map

p: G — GL(V),such that (7.12)

p(g192) = p(g1)p(92), (7.13)

i.e., p has to preserve the structure (morphism). We call V' the representation space and

its dimension the dimension of the representation.

If G carries a topological structure and we have therefore some notion of continuity we

can define continuous representations as follows:

Definition 5. Let G be a topological group, then we call a continuous representation of
G on a topological vector space V' a representation p such that the map g,v — p(g)(v)

is continuous (in product topology).

Vector spaces with a scalar (inner) product induce a norm and metric. Particularly nice
such spaces are Hilbert spaces which are complete w.r.t. norm'. Therefore, if V carries

the structure of a Hilbert space, we denote H = V' and we can define further:

Definition 6. Let G be a topological group. A strongly continuous unitary representation
of G on a Hilbert space H is a group homomorphism p from G into the unitary group
U(H) of H

p:G—U(H), (7.14)

such that ¢ — p(g)z is a norm continuous function for every x € H.

(Here we denote by U(H) the unitary transformations, i.e those for which (Uz,Uy) =
(x,y) holds for all z , y € H.)

Recall that we model time series z; := x(t) as elements of L2(R), i.e., 2; € L2(R). Now,
L?(R) as an Hilbert space carries a canonical topological structure via the induced norm

(and metric).

The first two assertions are a trivial exercise using the fact that the Lebesgue measure
is invariant (as the Haar measure) for translations and transforms with Jacobean 1/a

under dilatation. The third is an immediate consequence of the first two claims.

!Only relevant for infinite dimensional spaces.
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7.3.2 Quantization

While unitary representation on £2(R) are certainly nice, for actual computations we
need a quantization of the data, i.e., a mapping that discretizes the continuum. We

denote this mapping by Qv : £2(R) — V, where V is a finite dimensional vector space.

Definition 7. Let V be a finite dimensional vector space. A quantization of L2(R) is a

linear mapping Qv from £2(R) to V.

Traditionally for time series, quantization @)y is achieved by sampling time at dis-
crete intervals t;, i € (1,...,n), henceforth Qv (z;) = (x4, %ty,...,2,). (Note as
z(t) € L2(R) being defined only modulo equivalence of Lebesgue nulls sets, the no-
tation (x4, x4y, ..., 2, ) has to be interpreted as representing a piece-wise constant step
function.) The time steps are usually deterministic and of the same size (period) ¢, i.e.,
t; = d x 1, but other (random) sampling / quantization schemes are used as well. In this
paper, however, we do not require the quantization operator to be of this simple form,

any mapping from Qy : £?(R) — V might be used 2.

7.3.3 Admissible Embeddings

In this section, we try to provide some properties that an admissible embedding should

satisfy: We can provide the following reasons to justify this definition:

1. The embedding should not be affected by any translation as time is homogeneous.

2. The embedding should not be affected by any dilatation as scales are arbitrary

(only the ratio between scales should matter)

Now if we require our embedding to have no effect for the variance i.e, it should dis-
play in-variance that ®(p,px:) = P(z¢) is actually a heavy constraint onto the actual
problem and hinders coming to any solution. But in reality it is not often required. All
computations within attention mechanism revolve around inner product which ensures
that an equivariance in the sense of a mapping into unitary operators would be sufficient

to ensure that the network training is not affected.

Further evidence is that translation invariance without dilatation is impossible. Indeed,
if G is a unimodular group (left-invariant measure m on G is right-invariant), having
an admissible vector then G is necessarily discrete, see Proposition 0.4 in [79]. As R is

unimodular the claim follows.

2In the sequel, as we will see, a composition of time sampling at discrete intervals and a projection
(onto wavelet coefficients) is suggested and analysed.



Chapter 7. Feature Extraction 122

Therefore, we believe the following definition is quite natural:

Definition 8. Let Ggp be the dilatation and translation group. An admissible embedding
is a strongly continuous unitary representation of G, on Hilbert space V; such that for
each i there is a group homomorphism py; from Gy into the unitary group U(H) of V;

and the associated diagrams commute.

Remark 7.2. One might argue, why requiring continuity (and in £2(R) induced topology)
is a canonical choice. We claim, that contrary to the situation in NLP we cannot expect
any notion of closeness that is not compatible with the £2(R) metric because time series
result always from (physical) sensors i.e., physics with measurement error(s). Henceforth
if signals are close to each other in the sense of being within the sensor error tolerance
they have to be close in £?(R). Therefore, if they would be semantically different-as
could happen in an NLP setting—we would be lost anyway as these signals cannot be

distinguished by our measurement devices.

7.3.4 Wavelets as Admissible Embeddings

Nowadays wavelets are defined via a multi scale analysis as introduced by [151]. We have

an increasing sequence of subspaces V;, of £2(R):

0C...cVocViCV,CV.1CV,...CLAR) (7.15)
so that
U Vi =£2®) (7.16)
meZ
() V=0 (7.17)
meZ
fO) €V & f(2™) ey (7.18)

There exist scaling function ¢ € £L2(R) such that

Vo = span{¢(- — k)|k € Z}. (7.19)

With the help of this scaling function one can construct wavelets from a mother wavelet

U | see [150] or [61]. The continuous wavelet transform is defined as follows:

Lyz(a,b) =

la| "2 /Rx(t)\Il(;) dt, (7.20)

Jou
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where cg denotes an appropriate normalisation constant. It is well known that this consti-
tutes an admissible, continuous representation of the G, ; group onto L2(R). Henceforth

if we define p(ab)z(t) := Lyx(a, b)x(t) we have an admissible representation in £2(R).

In order to get representations on the finite dimensional subspaces V; one discretises
(quantises) the continuous wavelet transform. The usual discrete wavelet transform
DWT, however, is not a faithful representation as it is not invariant under translation.
The reason is a decimation applied for optimal data representation, where every sec-
ond index is dropped, and henceforth the resulting coefficients are not preserved under
translation. This has been known for a long time and as for some data analysis, the non
invariance is problematic, remedies have been proposed. The most prominent one is the
translation invariant stationary wavelet transform (SWT) or also called ’a trous’ where
translation-invariance is achieved by removing the down samplers and up samplers in
the DWT and upsampling the filter coefficients by a factor of 20— in the jth level of
the algorithm, see [78]. The SWT is an inherently redundant scheme but useful in our

context.

Definition 9. We define a wavelet embedding by setting p(ab)z(t) := Lyz(a,b) for L2(R)
and Qvz(t) = Qwz(t) := (x4,,...,x,), where the t; correspond to the sampling as
defined in SWT. This induces a representation of p, : V. — V.

Lemma 7.3. The wavelet embedding is admissible.

Proof. The continuous part is well known. As in the SWT all coefficients are kept a
translation is just a permutation matrix which is clearly in U(R"™). It is also known that
the wavelet basis provide a basis for £2(R) and that the coefficients converge in £? norm.

Henceforth we have continuity. O

Remark 7.4. There are many approaches to deal with non translation invariance that
have been studied in the literature. For instance one might apply the continuous wavelet
transform (CWT) with quantization after the wavelet decomposition, or use over com-
plete discrete wavelet transform (OCDWT), or approximative shift-invariance by limiting
the sub-band sub- sampling as the power shiftable discrete wavelet transform (PSDWT)

or dual tree complex wavelet transform (DTCWT), see [29] for a good overview.

Remark 7.5. In the paper 28] the authors provide another intuition which supports
our claim: “We begin with a piece of motivation. Consider a separable Hilbert space
H evolving discretely over time through the action of a unitary U, and fix a countable
collection of “sensors” A = {u;|i € I} in H. Suppose we use these sensors to measure
the evolutions of various v € H, thereby obtaining the data Tv = {{U*v, u;)|k € Z,i €
I} = {(v,U*u;)|k € Z,i € I}. In general it is possible to stably reconstruct any v € H
from Tw if and only if the system E(A) := {U*u;|k € Z,i € I} is a frame for HJ[L,2].
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One of the goals of this paper is to classify such systems.” Frame on the other hand are
deeply and naturally connected to Wavelet decomposition as any Wavelet basis provides

a frame and non-orthogonal, redundant Wavelets still provide frames, see [61].

In the next chapter we perform a series of experiments on different time series and record
the results to provide a basis for comparison of different dimensional embeddings as a

form of pre processing.






Chapter 8

Dimensional Embeddings for TSC in

Transformers

"The key to artificial intelligence has always been the representation." — (Jeff
Hawkins)

Many deep learning models have been used for both classification and forecasting of bio
signals in recent times. One of the gravitating fields is Electrocardiogram classification
for different heart conditions. Transformer models have continuously been shown to out-
perform their contemporaries in the field of natural language processing. However, they
still have to be adopted carefully to obtain comparable results in the field of time series
classification. In this study, we explore the effect of different dimensional embedding
in time series classifications for the first time to the best of our knowledge. We use
wavelet transformation; discrete, continuous, scattering, and feature maps from convo-
lutional neural networks for performance comparison. We use two ECG data sets for
both multi-class and binary classification. In all the experiments, it is shown that de-
ploying relevant feature extraction techniques as dimensional embedding almost always

outperforms a plain transformer.

8.1 Introduction

Transformers were introduced in 2017 by Vaswani et al.[249] in the seminal paper and

have proven pioneering and impactful in the realm of natural language processing.

However, their main potential lies in drawing the dependencies between input and output
using mainly attention techniques and allowing significantly more parallelization. This

has been a huge advancement since recurrent neural networks.
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Their utility in other deep learning fields like computer vision, time series classification
and prediction has shown them to be effective and powerful across different domains. In
this study, we present an overview for the first time, to the best of our knowledge, of the
adaptation of the dimensional embedding layer for time series classification in the recent
literature. In this study, we introduce Tsc-transformer, a simple transformer architecture
for time series classification. The architecture replaces the dimensional embedding with
feature extraction and surpasses a plain transformer in the performance with five data

sets.

8.2 State of the Art and Our Contribution

In the previous chapters based on [37], an effort towards automatic feature extraction
was made by introducing two algorithms. Both used one deep learning model and a
feature extractor in front of it. One algorithm used CNNs in front of the LSTMs and
the other algorithm used transformers as the base deep learning model and used wavelet
transformations of the input time series as dimensional embeddings. The results were on
par with a CNN-LSTM architecture, which makes the algorithm more computationally
effective. For more details please refer to [37]. As a continuation of the previous study,
we have explored the different feature extraction techniques as dimensional embeddings
for both uni and multivariate time series and compared the performance with plain trans-
formers and LSTMs and have found that in all experiments, proper feature extraction as
dimensional embeddings is more effective in classification for multivariate and univariate
time series as compared to transformers without any dimensional embeddings. Hence we
have supplemented the dimensional embeddings with a feature extractor. We have also
designed an ablation study to verify whether positional encoding is required or not in
the case of wavelet transformations as localization information is already inserted in the

data. Thus, the following hypotheses are formulated:

Hypothesis 1: Positional encoding does not play any vital role in TS classification if
we already have a wavelet transformation representation of our TS.
Hypothesis 2: For a given time series, if an appropriate wavelet representation is

achieved, the classification task can be performed by a simple classifier.

Hypothesis 2 was first proposed by Andén and Mallat in [11], where scattering wavelet
transformation was applied to music and phone genre time series, and state-of-the-art

results were obtained using a SVM.
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8.2.1 Transformers and Attention Mechanism

The following definitions have been adapted from Sabeen et al. [5]. More formal defini-

tion for transformer layers can be found in [184] and [241].

The foundation of transformer architecture is finding a connection or association be-
tween multiple inputs sequences after performing dot product. Let {x;}!' ,x € R? be
n data point in a sequence. The subscript ¢ represents the position of the vector or
the position of the word in the original sentence or word sequence. The weighted dot
product of these input vectors with each other is known as the self-attention operation
[5], which can thought of as a two-phase process. The initial phase involves computing a
normalized dot product for each pair of input vectors within a specified input sequence.
This normalization process utilizes the softmax operator, which adjusts a set of values

to ensure that the resulting numbers collectively add up to one.

The normalized correlations are calculated between an input segment x; and all others

7=1,...,n

T XTXJ'
w;; = Softmaz (x; x;) = m, (8.1)
k k2

where Z?Zl wi; = 1 and 1 < 4,5 < n. In the second step, a new representation z; is

found for a given input segment x;, which is a weighted sum of all input segments.

n
Zi — Zwi’jxj’ V1 S ) S n. (82)
j=1

In Equation 8.2, it can be seen that for any input segment x;, the weights wi; would add
up to 1. This implies that the resulting vector x; would be similar to the input vector
with the largest attention weight w;;. The attention weight which is largest is the result
of the greatest correlation value which results as a normalized dot product between x;

and x;.

To obtain self-attention operation, three linear weighted vectors are built from the input
{xi}" ;. They are called, Query: q € R*!, key k € R*! and values v € R® which can be
calculated as follows:

qi = Woxi, ki = Wiy, vy = Wy (8.3)
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where W, and W;, € R*1*4 W, € R**? are learnable weight matrices. The output

vectors {z;}" | are given by:

Z = Z softmax (qiTkj) V5, (8.4)
J

The weight of the vector v; is dependent on the correlation between the query vector
q; at position ¢ and the key vector k; at position j. The dot product tends to grow in
value with the increasing size of the query and key vectors. Since the softmax operation
is known to be sensitive to large values, the attentions weights are scaled by the square

root of the size of the query and key vectors d, as shown in

a4} kj
Z = Zsoftmax \Z/i vj, (8.5)

J

It can rewritten in matrix form as follows:

KT

7 = softmax (Q) V, (8.6)
Vg

where Q and K € R*1*" and V € R**", Z € R**" and T represents the transpose

operation.

8.3 Dimensional Embeddings

In the field of NLP, for preserving the notion of ’similarity’, the tokens x € X (where X
denotes a finite set, i.e., a language) need to be mapped to vector space E ~ R"™. To this
end, usually, a dot product is applied and then the mapping ® : X — £ is designed by the
domain experts to formulate a dictionary based on statistical techniques or other word
embeddings e.g. the famous GloVe embedding [181] and references therein. However, for

time series we face the following challenges [211]:

1. Since the time in time series is continuous and henceforth input space is infinite

dimensional which cannot be represented naturally.

2. The notion of position in sentences is not exactly similar to the time stamps in
time series. The order is important but it is not analogous to the position of the
word in a sentence. This brings into light the role of positional encoding in a time

series transformer.

3. Time series can be both univariate and multivariate. Transformers have been

proven experimentally to work better with multiple dimensions as described in
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FIGURE 8.1: Input vector of length d = 6 is shown along with the linear weighted

transformations. The resultant vectors, each of size s; = s = d are called Query, key

and value. In every sequence handled by the Transformer, there exist n inputs in total,
leading to the generation of n query vectors, n key vectors, and n value vectors.

[272]. This is why transformers may not function fully optimally with univariate

time series but this requires more investigation.

To this end, we propose some modifications for dimensional embeddings for usage for
classification in time series. An ablation study is designed to observe the effect of Po-
sitional encoding and dimensional embedding on time series analysis for classification.
We only focus on the classification - both binary and multi-class. Data sets used for
the experiments were largely but not limited to ECG signals. In addition to ECG, CSI

dataset and UCR data sets were also used.

8.3.1 Transformers and Embeddings for Time Series

Transformers have achieved state-of-the-art performance in not only representing the
natural language but also several sequence generation domains such as music as in Zerveas
et al. [272]. Transformers have also been used for time series classification, forecasting,
and generation. However, almost all the studies that use the transformers for time series
have to modify or adapt the dimensional embedding part of it since time series are been

dealt with. An overview on the transformers for time series is presented in Wen et al.
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[258]. Sabeen et al. [5] also presents a comprehensive overview, challenges and how other
studies have adopted transformers for time series learning both in field of forecasting and

classification.

In the field of NLP, learning the numerical vector representations called embeddings is a
major area of research and development. In a pioneering paper wav2vec [18], huge quan-
tities of text are used to learn the vector representations. This has followed significant
improvements in the domain of embedding related works. Many recent developments

have made NLP field learning tasks on par with that of computer vision.

In [144], a gated transformer was introduced for multivariate time series. In this study,
dimensional embedding was replaced with a fully connected layer. Similarly in [271],
an observational embedding is used for satellite image time series (SITS). Observational
embedding is a concatenation of positional encoding of the time series and projection of

the input into higher dimensions by using a linear dense layer.

For the ECG classification, many studies have used convolution operation in one form
or another for dimensional embeddings in transformers. [171] uses a a wide and deep
transformer network for the classification of ECG and uses convolution operations ap-
plied to the original waveform to capture the latent space representation of the signal.
Similarly [164],[106], [87] uses CNN feature maps as dimensional embeddings for ECG

classifications. Table 8.1 presents an overview of the recent studies that use transformers

Paper Type of DE
Each time stamp is linearly projected to a vector
Zerveas et. al [272] of same dimensionality as the internal
representation
Sercan et. al [13] Self supervised
Shankaranrayana et. al [219] CNN feature blocks
Cai et. al [42] GNN

Positional embedding to connected layer
followed by non linear function (tanh)
Song et. al [228], Yan et. al [264] | 1-D convolution

observational embedding layer which is by
concatenating dense layer and PE
Natarajan et.al [171] Convolution operations

Meng et. al[164], Hu et. al [106],
Guan et. al[87]

Liu et.al [144]

Yuan et. al [271]

CNN feature maps

TABLE 8.1: An overview of the current literature for time series classification and the
corresponding adaptation of dimensional embedding

for the time series classification and the way they adopt dimensional embedding layers

to the architecture.
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All of the studies mentioned use positional embedding after adopting the corresponding
dimensional embedding. Positional encoding can be absolute or relative. In the original
paper, an absolute positional encoding was introduced. Since then, many papers have
introduced many different relative and absolute embeddings. One such absolute and rel-
ative positional encoding was introduced in |77] for multivariate time series classification.
According to [272], positional encoding does not interfere with the numeric information
of the time series in a similar manner to that of the word embedding because posi-
tional encodings are learned to occupy an approximately orthogonal subspace to the one
where the projected time series samples reside, and this condition is easier to satisfy in
high-dimensional spaces. This is why we hypothesize that if our dimensional embedding
already has information related to localization e.g. in case of wavelet transformation,
positional encoding may not add any additional information and we can remove it as

well.

We propose to the best of our knowledge for the first time, the usage of wavelet trans-
formation as dimensional embeddings for time series classification and we propose that
it achieves on par, if not better, results with those of using convolution operation before

transformers.

8.4 Proposed Architecture and Experimental Setup

The traditional transformer model starts with a learned embedding which translates
sentences into meaningful vectors and then adds them into positional encoding. The
two blocks, encoder, and decoder are applied. The encoder part learns the data layout
through the attention mechanism and the decoder tends to learn the generation of the

similar data with a masking mechanism in attention.
Our model (see Fig.8.2) consists of two components:

The first component is a deterministic dimensional embedding which is pre-calculated
from the input data. This dimensional embedding is later on concatenated with posi-
tional encoding to fix the positions. The second component is the encoder part of the
transformer which includes attention and feed forward module. Since our target is learn-
ing of the classifiers for ECG signals, we do not use the decoder part of the transformer.
It was also tested and adding decoder for classifying did not make any significant differ-
ence in the results. That is why, to keep the model as simple and efficient as possible, the
decoder part was also omitted. At the end we have a Softmax layer which is adjusted for
the classification task. Here different kind of DE have been compared. Discrete wavelet

transformation and scattering wavelet transformation have been used.
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F1GURE 8.2: The proposed transformer architecture for classification as compared to
an original transformer architecture [249]

Layer (type:depth-idx) Param #
TransformerModel -
—CNN: 1-1 _
LReLU: 2-1 —
LSequential: 2-2 —
Lconv2d: 3-1 5,824
LBatchNorm2d: 3-2 128
LReLU: 3-3 —
LSequential: 2-3 —
Lconv2d: 3-4 4,160
LBatchNorm2d: 3-5 128
L-ReLU: 3-6 —

LDropout: 3-7 —
LMaxPool2d: 3-8 —
—TransformerEncoder: 1-2 —_—
LModuleList: 2-4 —

A L-TransformerEncoderLayer: 3-9 36,310
Layer (type:depth-idx) Param # \—TransformerEncoderLazer: 3-10 36,310
\—TransformerEncoderLayer: 3-11 36,310
LST™M _— LTransformerEncoderLayer: 3-12 36,310
LSTM: 1-1 740,352 —Dropout: 1-3 —
Linear: 1-2 80,647 Linear: 1-4 358,407
Total params: 820,999 Total params: 463,967

Trainable params: 463,967

Trainable params: 820,999 Non-trainable params: @

Non-trainable params: @

FIGURE 8.3: The LSTM model(left) and Transformers(right) with feature maps as
dimensional embeddings
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Algorithm 5: Classification for time series with TTS

Input: A time series raw data Ts

Output: The classified activity label 1

WTS « WAVELET TRANSFORMATION (Ts)

ATTEN + WTS + MULTIHEAD ATTENTION MECHANISM(WTS)
FC <+ FULLY CONNECTED(ATTEN)

l+ SOFTMAX(FC)

return [

Another DE tested was feature maps, which were obtained by performing 2-D convo-
lutional operation between raw TS and filters. This yielded 2-D feature maps which
were then fed into the transformer layer of the encoder as shown in Fig 8.3. For all the

datasets, LSTM and plain transformer were also used to establish base results.

Layer (type:depth-idx) Param #
MyTransformerModel —
+—PositionalEncoding: 1-1 —_
—TramormerEncoder: 1-2 -
oduleList: 2-1 -
:depth-id r
L—TransformerEncoderLayer: 3-1 28,577,140 Layer_(type:depth-idx) N a'":::
LTrans.fcrmerEncoderLayer: 3-2 28,577,140  TransformerModel -—
LTransformerEncoderLayer: 3-3 28,577,140 T”"E;‘"'“”E'_"“”e” -1 -
L- . 3 oduleList: 2-1 -
TransformerEncoderLayer: 3-4 28,577,140 LTransformerEncoderLayer: 3-1 17,638
|—TransformerEncoderLayer: 3-5 28,577,140 LTransformerEncoderLayer: 3-2 17,638
LTransformerEncoderLayer: 3-6 28,577,140 t}:g:::g:’;z:g:ggg:;t:z:: = e
LTransformerEncoderLayer: 3-7 28,577,140 L TransformerEncoderLayer: 3-5 17,638
\—TransformerEncoderLayer: 3-8 28,577,140 LTransformerEncoderLayer: 3-6 17,638
\—Linear: 1-3 913,507 tTransformerEncoderLayer: 3-7 17,638
TransformerEncoderLayer: 3-8 17,638
Dropout: 1-2 —
Total params: 65,977,587 Linear: 1-3 954
Trainable params: 65,977,587
. . Total params: 142,058
Non-trainable params: @ Trainable params: 142,058

Non-trainable params: @

FIGURE 8.4: The transformer model with(left) and without(right) positional encoding
and attention mechanism

8.5 Datasets

The datasets used are majorly from the domain of ECG signals. For this, 3 datasets
from the famous time series data mining UCR dataset [60] have been used. We have also
used a multivariate dataset from channel state information(CSI) from the human activity
recognition domain. The major use cases have been Human activity recognition using
ECG and CSI and classification of ECG signals in different health conditions. Table
8.2, presents a brief overview of each dataset. More information on the datasets can be
looked up in Appendix B. The CSI dataset, uses human activity recognition as the use
case and it has 7 classes namely, EMPTY, LYING, SIT, STAND, SIT-DOWN, STAND-
UP, WALK, and FALL. For more information on data acquisition and experimental set
up please refer to Schéfer et al [215]. Each dataset is further described in reference table
8.2
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Name ‘ Complete name ‘ Features ‘ Classes ‘ Benchmark Accuracy ‘ Our Accuracy
ECG1 | PTB 1 2 99.99%][37] 99.97%
ECG2 | UCR ECG 5000 1 5 98%[182] 96.40%
ECG3 | UCR ECG 200 1 2 91% [89] 94%

ECG4 | UCR fetal Thoarax 1 42 NA 92.56%
ECG5 | HAR Dataset 1 3 100% [37] 100%

CSI Channel State Information | 90 7 97-100 %[215] 97- 100%

TABLE 8.2: An overview of the datasets used for the experiments. NA refers to not
available

8.6 Results

Table 8.3 presents an overview of the obtained results. The recorded results are validation
accuracy over 500 epochs. The chosen hyper-parameters are learning rate as 0.03 and
0.003, and the optimizer used is Adams optimizer. All the experiments were done on the
GPU device NVIDIA A100-PCIE-40GB.

It can be seen that transformers with a feature extraction embedding almost always
perform better than a plain transformer for classification. It is always the models with
wavelet transformation who perform better than the ones without it. We can always see
that in wavelet transformation there is no significant difference between the transformers
with and without positional encoding. This is in line with the proposed hypothesis that
if we have wavelet transformation as the chosen dimensional embedding then we already
have the information of the position inserted in the data via the wavelets. Removing

positional encoding should not affect the results as it would act as redundant information.

We also surpass in the benchmark for all the datasets except for ECG200 using wavelets

as dimensional embedding.

5 :

wn n

+ s 7

£ & £
Dataset B = 19)] Plain Trans Scattering + Trans FM + Trans DWT+ Trans

WoP WP WoP WP WoP WP WoP WP

ECG1 95.09% 98.56% 99.18% 82.34% 82.61% 92.37% 90.45% 90.79% 91.55% 99.52% 99.52%
ECG2 93.95% 96% 94.58 % 93.95% 95.2% 92.76% 93.20% 94.53% 94.09% 96.00% 96.40%
ECG3 75% 92% 80% 70% 93.96% 86% 84% 94% 94% 86% 94%
ECG4 92.83% 92.22% 91.11% 91.11% 91.67% 92.22% 90.56% 86.44% 86.11% 92.56% 91.33%
ECG5 72.65% 87.40% 100% 68.70% 70.08% 98.43% 98.43% 81.10% 80.31% 97.64% 83.46%
CSI 90.22% 87.8-92.7% 95.12% 95.12% 95.12% 97.56% 100% 100% 100% 70.73% 78.05%

TABLE 8.3: The results for different datasets using different configurations for dimen-

sional embedding with transformers. Key: WoP: Without Positional Encoding, WP:

With Positional Encoding, Trans: Transformer, WT: wavelet transform, SW: scattering
wavelet, FM: Feature maps, DWT: discrete wavelet transform



Chapter 8. Different Dimensional Embeddings for TSC in Transformers

136

Tue label

Tue label

True label

True label

1a
bed bed
fall o8 fall
ik i
P P 06 - pickup
=
run & un
Y
) 04 B
sitdown sitdown
standup 0.2 standup
walk walk
0.0 - ;
bed fall pickup mn sitdowstandupwalk bed fall pickup mun sitdowstandupwalk
Fredicted label Predicted label
bed
0.8
fall
pickup 0.6
n
0.4
sitdown
standup 0.2
walk
0.0

bed fall pickup mun sitdowsiandupwalk
Predicted label
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8.7 Discussion

Positional encoding preserves the localization details before the attention operation. If
we have another localization preserving mechanism like Fourier or wavelet transform,
positional encoding could be omitted. It can be seen in the results as well that PE is
mostly vital in vanilla transformer cases but with any kind of wavelet transform, with

discrete or scattering, removing PE does not affect the end results.

Another vital observation is that the performance of SVM is not so far from the one with
attention mechanism which leads to the hypothesis that ’is attention really all we need

for time series classification?’.

Experimentally we can see that with proper representation, a linear classifier performs
as well as a simple attention operation. This can be explained by the fact that classifiers
in time series are generally looking for certain patterns and structures and if the right
representation is achieved, a linear classifier like SVM can get as good performance
as complex and deep transformers or LSTMs. This would also be a positive measure
towards explainable Al as it is relatively simpler to explain linear classification than by
deep learning methods. This in turn helps Al to be used over medical and other safety-
critical systems. Whether this behaviour is prevalent in higher dimensional and across

more complicated time series datasets is a matter for further investigation.

Another important reason for wavelets to work so well with transformers is that they
tend to project the time series to higher dimensions which transformers tend to work

well with.

8.8 Future Work and Conclusion

This study provides an overview of the effect of different dimensional embeddings con-
cerning the TSC problem. We also proposed that for transformers to be effectively
adapted for TSC, a relevant representation of time series is required. To this end, we
proposed to obtain this representation as part of the dimensional embedding. We have
laid the foundation and experiments in this study to confirm that using wavelet trans-
formation extracts the relevant features of time series at earlier stages encoding the

important information, which facilitates the usage of the transformer efficiently for T'SC.

The reason to the keep the transformer model minimal without compromising the results
was to make it adaptable for the next step after classification — Explainability. If we have
a deep learning model, which is simpler with equivalent performance, preference should

always be given to the simpler one following Occam’s razor. As stated earlier, it is also
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essential for models to be adaptable for explainability. Simpler models are a way forward
toward explainable Al because intermediate variables that are to be explained and in-
terpreted are in manageable numbers. This is not true for complex layered architectures
which hinders the understanding of the decision. Explainablity and interpretability have
not been explored in this study because of the limited time framework of the doctoral
studies. However the pathway for it has been laid during this study so that the models

can be explored efficiently.






Chapter 9

Findings with Respect to the

Research Questions

"That which can be asserted without evidence can be dismissed without

evidence." — (Hitchens’s razor)

The objectives described in Chapter 1, paved the path for automatic feature extraction
techniques by performing the deeper analysis of time series with deep learning techniques.
These objectives helped us to design precise research questions that were studied in the
duration of this Ph.D study. In this chapter, each of the research questions presented in

Chapter 1 is discussed in detail.

9.1 Are existing deep learning methods for time series
classification as effective as they are for other domains
like Natural language processing (NLP) and computer

vision?

We discussed in Chapter 6 that the traditional deep learning models for time series
classification do not always work well without adequate feature extraction mechanism.
RNNs were designed for time series by capturing long term temporal dependencies, but
they do not always work substantially well for classification. We have addressed this RQ
in a different chapter with the help of current literature that for TSC, we need to have
an appropriate representation of the time series which can be both domain dependent or

independent for better prominent performance in classification tasks.

140
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9.2 What are the hindrances in the actual realization of
Industry 4.0 despite the availability of modern data

analysis techniques?

This RQ has been observed and addressed practically during the length of the industrial
collaboration. Many obstructions lay in between the start of the project and the actual
application of the data science. One of the industrial use cases is described in detail
in Chapter 3. This chapter highlights the shortcomings and limitations of the current
process model to follow for the application of data science to industrial projects. Actual
hindrances mentioned in the chapter are the lack of a viable use case, lack of relevant
data and lack of role descriptions in current state of the art process models to name a
few. Suggestions are put forward later in the chapter to address these issues and how to
improve the process models so that better practices can be adapted to take advantage of
the technology to handle industrial use cases. The findings of investigating this research

question were published in [40].

9.3 How can data science be effectively used in an

industrial setup to decrease production downtime?

Data science application in industrial setup is not as straightforward as it could have
been. Hence, to address this RQ, we looked into the current practices and chose the
most commonly used data processing model for industrial collaboration. During the
collaboration, we discovered and confirmed some of the flaws not only in the process

model but also in the actual practises of the industry.

Many industrial projects and prospective collaborations could not be realized in our
research group due to these practises which include but are not limited to conservative
personnel, hesitance to share complete data sets or domain information despite of NDAs
in place, and not applying thorough domain knowledge to the ML models and relying
solely on the data based learning. Chapter 3 and the publication [40] detail out different
courses of action that can be taken to effectively apply data science in industrial setups.
This includes working out a commercially viable use case, determining the availability
and quality of data as suitable for the use case at the early stages, and including domain

knowledge to the traditional DS and ML methods.
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9.4 How features could be automatically extracted from

different time series for classification problems?

To this end, Chapter 6 proposed two algorithms that avoid manual feature extraction
and can extract features automatically which are characteristic of a certain signal. For
automatic feature extraction, we proposed situating mathematical operations in front of
deep learning models which would focus on only the relevant traits of a certain class. The
chosen operations were convolutional operation and discrete wavelet transformation to be
placed in front of LSTM and transformers respectively. This has shown experimentally
to improve the performance of the models and have exceeded the benchmark for many
datasets. This question was addressed and discussed in detail in the journal publication
[37].

9.5 Can human activity including fall be detected from
ECG signals?

This research question was initially discussed and presented in the master thesis [33].
However, the experiments were later augmented with publicly available ECG datasets
for human activity recognition. The datasets were then resampled, and their DWT was
obtained to create 3-D scalograms. Then the scalograms were used to train two deep
pre-trained neural networks. The results verify the initial results and the fall could be
distinguished distinctly from other human activities using ECG signals with an accuracy
of 98%. Chapter 5 and subsequently [34] describe the experimental setup, the data

pre—processing, model fine-tuning, training, and testing in detail.

9.6 Can wavelet transforms act as feature extractors for

time series to be used in deep learning models?

This was analysed in detail in Chapter 6, Chapter 7 and in Chapter 8. The properties of
wavelets that make them suitable feature extractors for time series are detailed in Chapter
7. The adept use of wavelet transformation is also shown experimentally in Chapter 6
and in Chapter 8 with various ECG and other time series data sets. It has been shown
systematically that the wavelets help to focus on the most important aspects of the
classification patterns. In the majority of the experiments performed during this study
which include different datasets, incorporating a wavelet transformation has improved

the performance of the transformer model. However, which exact patterns are selected
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by the models in the classification task is still an open research question and can be

investigated further.

9.7 How can transformers be adapted to time series

classification?

Chapter 6 initially looks into the addition of feature extraction for the adaptation of
transformers to time series classification. Later Chapter 8 looks in detail into this re-
search question. A comprehensive state of the art has been presented comparing how
other related studies have adopted the transformers for time series classification. A novel
dimensional embedding technique using wavelet transforms is proposed to capture tem-
poral and positional dependencies which characterize a time series. It is also proposed
that with DE incorporating localization details, positional embedding step of the trans-
former operation can be omitted for time series. The performance of transformers for
time series has been experimentally compared with different DE consisting of different

wavelet transformations and feature maps from convolutional operations.

Any form of time series classification via transformers would require adaptation of PE
and DE in a way that preserves the underlying patterns and dependencies of the time
series. State-of-the-art literature shows that many of the transformer adaptations for
time series classification use a convolution layer. Though many do not state the reason
for using it, in this study we have proposed and confirmed that adding a convolution
layer as dimensional embedding extracts the relevant features and forwards them to the

attention layer.

9.8 Does positional encoding play any vital role in TS
classification, if we already have a wavelet

transformation representation of our TS?

This research question was experimentally tested and explained in Chapter 8. Positional
encoding is mainly required before the attention mechanism specifically to integrate the
sequence’s order. Notably, self-attention operations do not encode information regarding
the sequential arrangement of input data. Since in our experimental setup, we hypoth-
esized that if dimensional embedding techniques included wavelet transformation, they
would already encode positional encoding by definition. Hence PE step can be removed
and the data can be processed directly to the attention layer to achieve similar classifi-

cation results. Experimental results of the ablation study show that removing PE does
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not degrade the classification capability of the models which re affirms our hypothesis.
Although these are still initial results and have to be verified using statistical techniques

similar to those used in Chapter 6.

9.9 Challenges and Limitations

This section briefly overviews the challenges faced during the investigation and imple-
mentation of the research questions. The challenges consist of two broader categories:
The ones that are inherent to the field and the others faced by the author in carrying out
the thesis work. Although most of the challenges have been discussed with each chapter,

here we discuss only the challenges that commonly envelop the research questions.

e The first challenge is associated with the availability and quality of the datasets
both in industrial and academic setup. For industrial data sets, usage and im-
plementation require strict nondisclosure agreements in place before any analysis
or experiments can be done. This hinders and prolongs the research publication
process. On the other hand, the open-access datasets are limited in their capa-
bilities and quality. Many of them are far too altered and engineered in terms of

processing, cleaning, and replacing empty fields.

e Another challenge in the field of deep learning is the lack of software engineering
practices. This issue trickles straight from common implementation to testing to
documentation. This is a well-documented problem in the field. According to a
survey conducted by [218|, the biggest challenge faced by software engineers in
incorporating ML components with traditional software components is the testing
and quality evaluation of those components. This is because the testing mediums
and practices are not present as the ML components behave non-deterministically,

or test coverage is hard to define.

e Imbalanced datasets are another very common problem found in the area of ma-
chine learning and deep learning. Particular challenges occur with multi-class
datasets where heavy imbalance occurs between each class. Although methods
exist to balance the datasets, however experimentally they are not always guar-
anteed to work and they take away the primary focus and effort from the actual
classification issue one is trying to cater to. Another related issue is that no formal
definition exists for the imbalance problem and therefore no formal threshold exists

to define what imbalance means.

e The criteria to evaluate the deep learning models for classification varies across

different application fields. This makes it challenging to objectively evaluate the
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models for the performance without depending on the application field. One way to
take it forward is to use the most commonly used criteria in the literature. Another
method to strengthen your results obtained from the DL models is to use statistical
verification methods as were used and explained in Chapter 6. Implementing these
methods and making the results comparable requires reporting the data instances
used for testing and training but also reporting the exact hyperparameters used
for training the model. Unfortunately, this practice is still not widespread in the
DL and ML community rather it gives researchers who implement such methods
a competitive disadvantage as more than often it requires a significant amount of
effort put into recording and evaluating the results and not relying on a single KPI.
Although a straightforward solution does not exist, as this is something that has to
be solved by the field or pioneers in favor of others by standardizing the practices

as much as possible.

e Another vital challenge which is related to the previous point is the difficulty of
reproducing the results obtained by different studies due to the lack of sharing
exact datasets and codes. This situation has already improved in the past 2-3
years but is still in the initial stages. More transparency should be enforced in

favour of reproducing the results.






Chapter 10

Conclusion & Future Work

"Success in creating Al would be the biggest event in human history. Unfor-

tunately, it might also be the last." — (Stephen Hawking)

In this concluding chapter, the key findings of this study are summarized. After drawing
useful conclusions, the foundation for future work and future research questions that can

be addressed as part of further investigation is also being laid.

10.1 Conclusion

The primary goal of this dissertation has been to improve existing feature extraction
techniques for time series analysis specifically for usage with deep learning. To achieve
this, the concept of time series analysis was presented objectively in Chapter 1. The
state of affairs for time series analysis for industrial data science was presented in detail
in Chapter 2. The most prominent data mining process CRISP-DM along with its
extension called DMME for industrial production dataset were used. The data set was
obtained as part of an industrial research collaboration between the research group and
the industrial partners. A detailed review of the literature related to application of data
science to industrial use-cases was done and the flaws and short comings of not only the

used process models but also that of the industry practises were highlighted.

As the industrial datasets were not found adequate for research purposes, a shift towards
ECG datasets was made. It was shown for the first time that different human activities
including falls can be identified from the ECG signals (See Chapter 5). The obtained
ECG signals were filtered and then converted into wavelet transforms which were then
converted into 3-D scalograms. Two pre-trained neural networks called AlexNet and

GoogLeNet were retrained to classify scalograms into fall, resting, and daily activities.
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To reduce the significant manual pre-processing effort, two algorithms for automatic fea-
ture extraction were proposed and showed experimentally that the algorithms extract
relevant features at the pre-processing stage (See Chapter 6). The first algorithm ex-
tracts the information with the help of feature maps and then a simple LSTM is shown
to perform better than other state-of-the-art algorithms on the classification task. The
same performance was shown when wavelet transformation was used as a feature ex-
tractor followed by a plain transformer encoder for the classification function. So the
performance of existing deep learning models was elevated both computationally and

functionally by deploying appropriate feature extractors before them.

To investigate further the impact of wavelet transformation as dimensional embeddings,
it was proposed in Chapter 7 that wavelet transforms would form adequate feature extrac-
tors to replace dimensional embeddings in transformers and would not require positional
encoding for the classification task. This thesis for the first time, studies in detail the us-
age of the dimensional embeddings of the transformers with time series classification. An
ablation study was designed to observe the effects of positional encoding with wavelets,
and different dimensional embeddings with transformers for time series. It was shown
experimentally by using different time series datasets in Chapter 8, that wavelets and

feature maps broaden the performance of the plain transformers.

At the final stage of the thesis, we have a deep learning classifier that classifies different
human activities. We also get algorithms that can take automatic feature extraction
further ahead for time series and we get a better overview using wavelet transformations
as dimensional embeddings. But all of this knowledge acts as a base for many interesting
research questions for the future. Some of them have already been considered but due to

the limited duration of Ph.D. studies, they have to be assigned as future perspectives.

10.2 Future Work

As stated in the previous section, many interesting aspects and research questions arise
from the current work upon which future work can be based. Some of them are listed

below:

e Extending the existing process models like CRISP-DM and DMME as explained
in Chapter 2 for data science applications to better adapt to the latest develop-
ing technologies in the realm of deep learning and handle the expectations of the
industrial partners. The extended process models can focus on the personnel in-
volvement and the roles at every phase of the process model. It can also highlight

on more objective data quality assurance in the initial stages of the process.
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e The work from Chapter 5 can considered to be extended in the following ways:

— Design further experiments to collect more data from the experiments for fall

detection and human activity recognition from ECG signals.

— Outline the characteristics in the ECG signals indicating different activities
and different falls using explainable Al techniques like activation maps. XAl
can also be implemented to the algorithms to assist bioengineers and physi-

cians in interpreting results obtained from the model.
e Chapter 8 can be extended in the following way:

— Chapter 6 and chapter 8 discuss the use of wavelets and feature maps as
feature extractors for deep learning classification. The exact extracted fea-
tures and their importance for the classification can be explored using proper
Explainable Al. Investigation is underway by other Ph.D. students in our re-
search group on relevant features for classification using attention maps as

XAI techniques.

— This thesis has explored some of the automatic feature extraction techniques
using prominent mathematical operations for deep learning models. There
are still many possibilities that can be explored with dimensional embeddings
with transformers like Laplace transformation etc. The difference between the
properties of different kinds of wavelet transformations is also not well studied
with respect to the feature extraction capability of time series. This has to
be explored in detail to assign particular techniques to relevant domain time

series.

— More mathematical foundation needs to be laid out for the experimental evi-
dence collected in the thesis for transformer in general and attention in partic-
ular. Some literature can already be found which is looking into the theoretical

foundation of transformers and deep learning neural networks.






Appendix A

Mathematical Notations

In this appendix, the notation, and related mathematical facts and conventions used

throughout the dissertation are collected for the convenience of the reader.

Mathematical parameters are written in italics, but not units, numbers and mathematical

functions like logarithms which are written in bold.

A.1 Vectors

Vectors are denoted by lower case bold Roman letters such as x and all vectors are
assumed to be column vectors. A superscript T denotes the transpose of a matrix or

vector, so that xT will be row vector.

A.2 Hilbert Space

A Hilbert space is a vector space H with an inner product (f,g) such that the norm
defined by

1= VD (A1)

turns H into a complete metric space. Examples of finite-dimensional Hilbert spaces

include
1. The real numbers R™ with (v,u) the vector dot product of v and w.

2. The complex numbers C™ with (v,u) the vector dot product of v and the complex

conjugate of u.

A Hilbert space is always a Banach space, but the converse need not hold.
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A.3 Tensor Product

Tensor products are used to extend spaces of one-dimensional signals into spaces of
multidimensional signals. A tensor product fi® fa between vectors of two Hilbert spaces

H; and Hj satisfies the properties of linearity and distributively as follows:
Linearity : VA € C,A(f1 ® f2) = (Af1) @ fo = fi ® (Af2) (A.2)

Distributivity : (fi+91) @ (fi+91) = (i® f2) +([1®92)+ (1 ® f2) + (51 ® g2) (A.3)

This tensor product yields a new Hilbert space H = H; ® Hs that includes all vectors
of the form f; ® fo where f; € Hy and f; € Hs, as well as linear combinations of such

vectors. An inner product in H is derived from inner products in Hy and Hs by

(f1 ® f2,01 ® g2)m = (f1,91)1,(f2, 92)m, (A4)

A.4 Sets

e N : Positive integers including 0

7 : Integers
e R : Real numbers

e Rt : Positive real numbers

A.5 Signals

e f(t): Continuous time Signal

e f[n]: Discrete Signal

A.6 Probability

e X: Random variable
e F[X]: Expected Value

e Cov(Xy,Xs2): Covariance



Appendix B

Code and Data Availability

In this appendix, the datasets used in this study are listed below. The data

sets used are publicly available and present in the corresponding repositories:

ECG HAR data set : [32]

PTB DB data set : [27]

PTB XL : [251]

The UCR Time Series Classification Archive, ECG5000 [60]

The UCR Time Series Classification Archive, UCR ECG200 [60]

The UCR Time Series Classification Archive, [60]

CSI Dataset. [214].

The code is available on GitHub at https://github.com/buttfatimasajid/
Towards-Automated-Feature-Extraction-For-Deep-Learning-Classification-

of-Electrocardiogram-Signals.
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Appendix C

Code and Note to the Technology

This appendix sheds lights on the Python code and libraries used to implement the

experiments mentioned in the dissertation.

C.1 Experimental Set up

The experimental set up has been explained along with each experiment in the corre-
sponding chapters. For all the experiments, mainly python Jupyter notebooks were used.
All the code files are available on the GitHub repository. The Jupyter notebooks were
deployed both locally and on remote server which is located at fb2, Frankfurt univer-
sity of applied Sciences, Frankfurt. For local installation, DataSpell 2023 with Python

Version 3.8.8 was used mainly for industrial data analysis.

The Python environment was implemented following the standard installation procedures
provided. Additionally, custom scripts were developed to automate certain tasks and

enhance the efficiency of the analysis and development process.

Examples of output and results generated using the code are included in the chapters

for reference.

C.2 Libraries

Following major libraries were used to implement the experiments:

e Matplotlib played a crucial role in facilitating data analysis and interpretation,

contributing significantly to the findings presented in this thesis.
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e Numpy: NumPy is a powerful library in Python for numerical computing, pro-
viding support for multi-dimensional arrays and a wide range of mathematical
functions. It was mainly used for data handling. Note that NumPy itself does not
directly support GPU computations, so the required computations were done on

CPUs and then shifted back to GPU.

e Scikit-learn: commonly abbreviated as sklearn, is a popular machine learning li-
brary in Python that provides efficient tools for data mining, data analysis, and ma-
chine learning tasks. It was implemented for data analysis for industrial datasets.
It was also used to device testing of the trained models using metrics like, accuracy,

F1, confusion matrix etc.

e Torch: PyTorch is an open-source machine learning framework developed by Face-
book’s Al Research lab (FAIR). It provides a flexible and dynamic approach to
building and training deep neural networks. It was extensively for deep learning
neural network implementations like transformers, CNNs and LSTMs. At its core,
PyTorch provides multi-dimensional arrays called Tensors which are used to imple-
ment additional capabilities than Numpy array for GPU acceleration and automatic

differentiation.

PyTorch includes a built-in automatic differentiation engine called autograd, which
automatically computes gradients for tensors during forward and backward passes
of neural network training. This simplifies the implementation of custom loss func-

tions and optimization algorithms.

PyTorch offers a rich collection of neural network building blocks, including mod-
ules for defining layers (e.g., linear layers, convolutional layers, recurrent layers),
activation functions, loss functions, and optimizers. These building blocks were

used to design the algorithms.

With PyTorch, you can define neural networks dynamically using Python control
flow constructs like loops and conditionals. This allows for more complex and

adaptive network architectures.

PyTorch also provides seamless integration with NVIDIA GPUs for accelerated
training and inference. Tensors can be easily moved between CPU and GPU de-

vices, and most operations automatically utilize GPU resources when available.

e PyWavelets (pywt): PyWavelets (pywt) is an open-source Python library that
provides wavelet transforms and related signal processing functions. This library
was mainly used for obtaining the wavelet transformation of time series signals.
It implements various wavelet transforms, including discrete wavelet transform

(DWT), continuous wavelet transform (CWT), and stationary wavelet transform

(SWT).
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With PyWavelets, you can perform multiresolution analysis (MRA) using wavelet
transforms. This allows for the decomposition of signals into different scales or
levels, enabling efficient representation and processing of signals at different reso-

lutions.

PyWavelets provides a collection of predefined wavelet filter banks, including popu-
lar families such as Daubechies, Symlets, and Haar wavelets. Additionally, custom

wavelets or filter banks using the library’s API can also be used.

PyWavelets offers functions for signal denoising and compression based on wavelet
thresholding techniques. These methods exploit the sparsity of wavelet coefficients
to remove noise or reduce signal redundancy, leading to improved signal quality or

reduced data size.

PyWavelets can be used for feature extraction in various applications, including
pattern recognition, classification, and time-series analysis. Wavelet coefficients
can serve as informative features for characterizing signals or images in machine

learning tasks.

¢ Kymatio: Kymatio is an open-source Python library for wavelet scattering trans-
forms, primarily focused on deep learning and signal processing tasks. It was im-
plemented to obtain the scattering wavelet transformation of the signals as feature

extractors for transfomers.

Kymatio implements wavelet scattering transforms, which, unlike traditional wavelet
transforms, applies multiple layers of wavelet transforms and nonlinear operations
iteratively to create a hierarchical representation of the input data. These trans-
forms provide a powerful method for analyzing and extracting features from signals

and images.

Kymatio is designed for use in deep learning applications, particularly in tasks such
as image classification, object recognition, and signal denoising. It offers efficient
implementations of scattering transforms that can be integrated seamlessly into

deep neural network architectures.

One of the key features of scattering transforms is their ability to produce invari-
ant representations of input signals with respect to translations, rotations, and
deformations. This property makes them well-suited for tasks requiring robust and

invariant feature extraction.

Kymatio offers flexibility and configurability in terms of the choice of wavelet fami-
lies, filter bank parameters, and scattering transform settings. Users can customize

the transforms to suit their specific application requirements and preferences.
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Kymatio comes with comprehensive documentation, including tutorials, examples,
and API references. This helps users get started with the library quickly and

understand its functionalities and usage.
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