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Fault Classification using Shapelets and Deep Machine Learning

Using shapelets to automatically annotate a large time series dataset in an effort to
train Deep Neural Networks in fault classification on real sensor data

Oscar Olesen & Patrick Wadstrom

Department of Electrical Engineering

Chalmers University of Technology

Abstract

At Volvo, a significant amount of time is spent analyzing fault reports from drivers.
These fault reports consist of recordings from multitudes of sensors measuring every
aspect of the trucks. To alleviate the manual labour of analyzing every incoming
fault report for actual faults in their products, Volvo has requested an investigation
in the possibility of producing a tool to identify common root faults.

Deep Neural Network (DNN) has shown ability to identify and classify data quickly.
DNNSs could potentially be a useful tool alleviating the manual labour of expensive
engineers. However, the current performance of DNN is highly correlated with the
amount of annotated data available. To avoid requiring large amounts of initial
labour, this thesis investigates the possibility of annotating large amounts of data
using only a few annotations.

The results show that it is possible to automatically annotate a multivariate time
series dataset to train a DNN and the best network achieved an F1 score of 94.5%.
This shows that this is a feasible solution and that it can be used to reduce the time
engineers spend analyzing fault reports.

Keywords: shapelet, semi-supervised, neural networks, trucks, time series, fault
classification






Acknowledgements

We would like to thank our supervisors at Volvo, Mamadou Diaby and Marcus
Ahlstrand, for the support and guidance throughout the master thesis, without
them this would not have been possible. We would also thank our boss Robin
Karlsson and Volvo at large for allowing us this opportunity and for providing us
with all the resources needed to realize this master thesis. Last but not least, we
would like to thank our supervisor at Chalmers, Jinxiang Song for the academic
guidance he provided.

Oscar Olesen & Patrick Wadstrom, Gothenburg, May 2020

vii






Contents

List of Figures

List of Tables

Glossary

1 Introduction
1.1 Goal . . ... .. ... ...
1.2 Literaturestudy . . . . . . ... ... ...
1.3 Scope and limitations . . . . . . ... ...
1.4 Problem definition . . .. ... ... ...
1.5 Sustainability and ethical aspects . . . . .
1.6 Report outline. . . . ... ... ... ...
Theory
2.1 Definitions . . . . . .. ... ...

2.1.1 Basic definitions . . . . . ... . ..

2.2 Shapelets . .. ... ... L.

3

2.3

2.4

2.2.1 Supervised Shapelet Extraction Algorithm . . . . ... .. ..
2.2.2  Unsupervised Shapelet Extraction Algorithm . . . . . . . . ..

Clustering . . . . .. ... ... ... ...
2.3.1 density-based Clustering . . . . . .
2.3.2 Clustering Assessment . . . . . ..
Deep Neural Networks . . . . . ... ...
2.4.1 Convolutional Neural Networks . .
2.4.2 Residual Neural Networks . . . . .
2.4.3 Classification performance measures

2.5 CAN-bus Protocol . . . . ... ... ...
Methods

3.1 Research environment . . . .. ... ...
3.2 TheDataset . . . . . . .. ... ... ...
3.3 Pre-processing the fault reports . . . . ..

3.3.1 Automatic conversion of CAN-bus recordings . . . . . . . . ..
3.3.2  Signal reconstruction from CAN-bus recordings . . . . . . ..

3.3.3  Pre-processing system architecture

xi

xiii

XV

25
25
25
26
26
27
28

ix



Contents

3.4 Annotating the Dataset . . . . ... ... ... ... ... ... .
3.4.1 Extending Unsupervised Shapelets . . . .. ... ... ....
3.4.1.1 Multivariate Distance Measure . . . . .. ... ...

3.4.1.2 Shapelet Scoring . . . ... ...

3.4.2 Shapelet Derivation Tree . . . . . . . . ... ... ... ....

3.5 Clustering . . . . . . . . . .
3.5.1 Clustering Evaluation. . . . ... ... ... .. ... .....

3.6 Training the Neural Networks . . . . . .. .. ... ... ... ....
3.6.1 Training- and Validation-set split . . . . . . .. ... ... ..
3.6.2 Convolutional Neural Network Architecture . . . .. ... ..
3.6.3 Residual Network Architecture . . . . . ... ... ... ...

3.7 GPU Acceleration . . . . . . . . ... ... ... ..
3.8 Verification . . . . . . ...
3.8.1 Toy Dataset . . . . . . .. ... .
3.8.2 External Datasets . . . . . . . . ... ... ... . ... ...,

3.9 Benchmark . . . ... ... ... ...

4 Results & Discussion

4.1 Benchmark results . . . . . . .. ... ...
4.2 Shapelet extraction . . . . . . . . ... ...
4.3 Clustering results . . . . . . .. ...
4.4 Deep Neural Networks . . . . .. . ... ... ... ... ... ..
4.4.1 Final Network . . . . . . . .. . .. ... ... ... ...

4.5 Verification . . . . . ...
451 Toyexample. . . . . . . . ...
4.5.2 External Datasets . . . . . . ... ... ... ... ... .. ..
4.5.2.1 Epileptic Seizure Recognition . . . . .. ... .. ..

4522 GunPoint . .. ... ... oo

5 Conclusion

Bibliography

43
43
46
48
20
53
95
95
57
57
o8

59

61



2.1

2.2

2.3

24

2.5

2.6
2.7

2.8

3.1
3.2
3.3

3.4
3.5

3.6

3.7
3.8

List of Figures

Visualization of three subsequences extracted from the sliding window
PTOCESS. « v v v v i e e e e e e e e 8
Comparison between a long and a short subsequence distance . ... 9
[llustration of an orderline. The red circles represent time series from
one class and the blue squares represent time series from another
class. Low values on this orderline indicate a low subsequence distance. 10
Information gains of three different split strategies. Each vertical line
is a split strategy, each circle is an object of class A and each square

an object of class B. . . . . .. ... o 11
A clustering feedback loop where the clustering evaluation is used to

affect how every other step isdone. . . . . . . . . .. ... ... ... 18
Visualisation of the density-based clustering process . . . . . . . . .. 19
Example of the convolution done by a filter in a Convolutional Neural

Network (CNN) . . . . ... o 22
Basic residual network block . . . . . . ... ..o 23
Example of a signal reconstruction from a CAN bus recording. . . . 27
Pre-processing system architecture diagram . . . . . . . . ... .. .. 29

Visualization of the signal filter. The mean of each cluster is marked
with an arrow of the same color as the cluster. With signals 0 and 1,
the means are spread out across the orderline, thus being included in
the filter. For signals 2 and 3, the yellow and purple means are close
to each other, thus the signals gets filtered out . . . . . . . .. .. .. 31

Visualization of an overlap between two clusters. . . . . .. ... .. 33

[llustration showing that considering every branch is necessary to find
all features of a dataset. . . . . . . .. . ... ... ... ... .. .. 35

Comparison of K-means clustering versus Ordering Points To Identify
the Clustering Structure (OPTICS) clustering. The first row is clus-
tering by K-means and the second row is clustering done by OPTICS 37

Network structures used in the thesis . . . . . . . . . . .. ... ... 38

Example of the toy dataset classes and signals. Every class has some
induced shapes that would not be possible to achieve with a uniform
noise ranging between [—1,1]. . . . . ... ..o 41

el



List of Figures

xii

4.1

4.2

4.3

4.4

4.5

4.6

4.7

4.8

4.9

4.10
4.11
4.12
4.13
4.14
4.15

4.16
4.17

This is the orderline created by the baseline algorithms with the
ground truth classes denoted by the different colors and black de-
noting a time series with unknown truth. . . . . . .. ... ... ... 44
This is the same orderline as in figure 4.1 but here the colors denote
the clustering labels with black denoting time series regarded as noise. 44
This is the shapelet space created by the unfiltered shapelet tree
algorithm with the colors denoting ground truth classes. Again, black
denotes time series with no known truth. . . . . . .. ... .. .. .. 45
This figure shows the shapelet space created by the unfiltered shapelet
tree algorithm with the colors denoting the clustering labels. Black
denotes time series regarded as noise. . . . . . .. ... 46
The first shapelet extracted by the shapelet tree algorithm. The top
row shows the signals used in the shapelet, the second row shows the
orderline created by each shapelet and the third row is the orderline
of the shapelet. Signals with a red box indicates signals that has been
filtered out by the signal filter and is not used to create the shapelet

orderline. . . . . . ... L 47
The second shapelet extracted by the shapelet tree algorithm, this is
the left side of the split point in Figure 4.5.. . . . . . . . . ... ... 47
The second shapelet extracted by the shapelet tree algorithm, this is
the right side of the split point in Figure 4.5. . . . . . . . . .. .. .. 48

This figure shows two views of the shapelet space created by the
shapelets. The red, green and blue points denote the time series
with predefined labels and the black points denote time series with
unknown labels. . . . . . . ... 49
This figure shows the same two views of the same shapelet space as
figure 4.8, but here the different colors denote the clustering labels
assigned by OPTICS and black denotes points OPTICS regards as
noise. The red and green colors labels seem to match the ground
truth well, while the blue ground truth class has been split into three

new clusters: blue, cyan and orange. . . . . . .. .. ... ... ... 50
Example of the noisy nature of the training data. This plot is an
extreme case and most of the time the training is more stable. . . . . 51
This figure shows that average training data over 50 runs when train-
ing the CNN with the Volvo dataset . . . . . . . ... ... ... ... 52
This figure shows that average training data over 50 runs when train-
ing the Residual Network (ResNet) with the Volvo dataset . . . . . . 53
The best CNN network achieved when training. . . . . . . ... ... 54
The best ResNet network achieved when training. . . . . . . .. . .. %)
This figure shows an example time series from each class in the toy
dataset. . . . . .. 56
The first shapelet extracted when using the toy dataset . . . . . . .. 56
This shapelet is the second one extracted for the toy dataset and is
the right branch of the shapelet tree. . . . . . . ... ... ... ... o7



3.1

4.1

4.2

4.3

4.4

4.5

4.6

4.7

List of Tables

Testing setups . . . . . . . . L

Comparison of four different shapelet algorithms showing both clus-
tering entropies as well as silhouette score. Setups 1 and 2 are the
unsupervised versions and setups 3 and 4 are the semi-supervised
shapelet tree versions. . . . . . . .. ... .. ... ...
Clustering scores when running the shapelet algorithms and OPTICS
with the Volvo dataset . . . . . . .. . ... ... .. ... ......
Peak score of all three performance metrics for both the CNN and
ResNet . . . . . . . . .
Peak Macro F1 scores for the CNN and ResNet along with the cor-
responding precision and recall. . . . . . ... .00 0oL
Clustering scores when running the shapelet algorithms and OPTICS
with the toy dataset . . . . . . . . ... ... oL
Clustering scores when running the shapelet algorithms and OPTICS
with the ESR dataset with minPts =12 . . . . . . . ... ... ...
Clustering scores when running the shapelet algorithms and OPTICS
with the Gun Point dataset with minPts =19 . . . . . . . . ... ..

xiii



List of Tables

Xiv



Glossary

AT Artificial Intelligence. 5

API Application Programming Interface. 26, 27
BLF Binary Logging Format. 26

CAN Controller Area Network. 24, 25, 27
CNN Convolutional Neural Network. xi—xiii, 3, 4, 21, 22, 38, 50-54

CSV Comma Separated Values. 26-28

DBSCAN Density-Based Spatial Clustering of Applications with Noise. 17, 19

DNN Deep Neural Network. v, 2-4, 7, 22, 37, 43, 54, 59, 60

ECU Electronic Control Unit. 1

ESR Epileptic Seizure Recognition. 40, 41, 57
GAP Global Average Pooling. 21

OPTICS Ordering Points To Identify the Clustering Structure. xi, xiii, 17, 19,
35-37, 44, 48, 49, 56, 58

ReLU Rectified Linear Unit. 21

ResNet Residual Network. xii, xiii, 3, 4, 21-23, 38, 39, 50, 51, 53-55

XV



Glossary

Xvi



1

Introduction

Ever since the introduction of the Electronic Control Unit (ECU) in 1976 [1], vehicles
of all kinds have slowly migrated from mechanical systems to electronic systems. In
the modern truck, there exists a multitude of sensors and several kinds of ECUs.
This has shifted truck development from a solely mechanical task to include a large
portion of software development.

The software engineers developing control algorithms and other necessary software
rely on fault reports as a critical method of feedback. Fault reports are created
and transmitted when test drivers, who drive trucks with beta software during their
normal workdays, detect something they consider a fault and push the report button.
The reports contain a recording of signals from several ECUs, some may also contain
audio and video, for a set amount of time before and after the push. However,
due to being initiated by human drivers, reports may sometimes be for non-faulty
scenarios or badly detailed, since the driver usually lack the expertise to provide
useful descriptions, making the reports time consuming for engineers to analyze.

In an effort to shift the time spent from analyzing fault reports to innovating the
future of trucks, this thesis aims to develop a classification tool aiding the engineers
by providing them with an initial estimation of what faults a report might contain.

1.1 Goal

The aim of the thesis is to produce a tool aimed at creating an initial estimation of
potential faults present in fault reports. The broad and very general goal of simply
creating a tool has to be defined and scoped. To clearly motivate the final goal of
this thesis, the backstory leading to the final problem definition is introduced.

At Volvo, there exists a large number of fault reports recorded from previous devel-
opment efforts and reports for active software. These reports consist of recordings of
signals from the system bus and in some cases audio and video. The audio and video
sometimes provided often contain descriptions from the test drivers, however, much
as Huo et al. [2] identified, reports are most useful when the reporter is an expert
and may sometimes be detrimental otherwise. This was affirmed by the engineers
who assisted us with this thesis. As such, the engineers analyzing these reports rely
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heavily on the system bus recordings.

The faults in the system bus recordings are seldom identified by using a single signal
but often multiple signals, and the faults identified may be represented in ways such
as value change, slope and odd values, often in combinations. The shared nature of
the signals is the dimension of time, which makes the signal data time series data.

As a part of the general goal is to produce a tool to increase efficiency, requiring a
large effort in creating this tool may counteract the time saved using the tool. As
such, creation of the tool must be done using a minimal amount of human effort.

In an effort to create a solution using minimal human effort, capable of analyzing
a broad spectrum of signal behaviours, the scope was limited to searching for a
machine learning solution. This choice was motivated by the low human effort
required to train machine learning solutions with a proper dataset.

However, the current collection of reports at Volvo lacks any annotations. To be
able to utilize existing supervised machine learning methods, annotations are needed.
As such, machine learning solutions must either be unsupervised or the annotation
process needs to be automated.

With these motivations clarified, our final goal became to create a solution for anno-
tating a time series dataset with minimal human effort along with a fault classifier
for time series data based on machine learning.

1.2 Literature study

There exists significant research into classification solutions using machine learning.
In a review by Fawaz et al. [3], many solutions specific to time series data are
compared and analyzed, especially showing the potential in utilizing existing DNNs
to classify time series data. Based on this review, we concluded that the networks
reviewed could easily be applied to the current context with the exception of needing
supervised training.

Overall [3] is a good article, but we have one criticism. When presenting their
"Fully convolutional neural network"', they are vague about the fact that it has a
fully connected layer at the end. Therefore we will refer to their "Fully convolutional
neural network" as Convolutional Neural Network (CNN) in this thesis since we do
not regard it as a fully convolutional neural network.

The potential of DNN is extended by its ability to perform inference on low power
devices [4, 5, 6], showing the ability to transfer a trained network onto test trucks
or create portable tools for engineers.

In a report by Langkvist et al. [7], the conclusion is drawn that better results for
unsupervised feature learning for time series are produced by the modified deep
learning models. However, they also conclude that there are still many challenges
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in applying these solutions to time series data.

In a review by Bagnall [8], many time series data classification algorithms are com-
pared. As he concludes, the performance of the algorithms is often related to the
specific type of issue. This research however stands as a basis for the decision to
aim at shapelet based solutions as we believe it is general enough to cover our signal
variants.

In the area of shapelets, Keogh has been prominent as he introduced the concept
of shapelets [9]. The method can be used as a way to group time series data by
similarity. In another report, the shapelet concept is expanded to an unsupervised
solution [10], utilizing clustering to provide good similarity identifications without
any previous annotation. It was concluded that this method could potentially be
applied as an annotation generator for the dataset provided, allowing the utilization
of the high performing DNNs. However, the unsupervised method selects any useful
similarity to separate data. As the data at Volvo contains many similarities that
are present among several fault classes, the right similarities have to be chosen to
successfully divide data into the defined fault classes.

Much of the existing research on shapelets has focused on the use of univariate time
series. There exists research on multivariate solutions [11], however, these solutions
also require variates to be correlated and of equal importance. Based on this we
concluded that an effort in creating a new multivariate solution was needed before
shapelets present a viable solution.

1.3 Scope and limitations

Based on the literature study, we concluded that the unsupervised methods found
are either non-trivial to apply given our dataset and may yield unexpected results or
will learn features freely and with high probability annotate the dataset in unwanted
groupings.

To control the possible annotations (labels) but allow the machine to perform the
annotations, it was concluded that a hybrid solution was required. An adaption of
the unsupervised shapelets to control the selection of similarities could potentially
yield good annotations. However, these algorithms are computationally heavy and
the goal is to produce a usable tool, which requires it to finish within a reasonable
time. In addition to the final runtime performance achievable by DNN and its
potential to be transferred into embedded contexts such as portable tools or inside
the trucks, it was decided that DNN would provide the final classifier provided as
the tool created. The heavier shapelet based algorithm would provide annotations
and allow for supervised training of DNNs.

In the review article by Fawaz et al. [3], different time series datasets and DNNs are
tested. They show that their CNN (referred to as FCN in the review article) and
Residual Network (ResNet) outperform the other networks. ResNets was introduced
in 2015 by [12] and uses shortcuts between layers in the neural networks, to allow

3
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for deeper networks than previously possible. This is explained further in Section
2.4.2. Based on this review, the CNN and ResNet were chosen to be evaluated as
final classifiers. Two networks were chosen to avoid any mishaps with either network
not performing as expected.

To allow for relevant findings, the research effort was dedicated to creating the
hybrid approach using shapelets. No comparison or related implementations with
other solutions will be performed or analyzed.

To conclude, the effort is focused on performing semi-supervised annotations of a
time series dataset consisting of one dimensional signals with mixed correlations,
and proving the concept works to create a tool based on DNN which generates
estimations of faults in new reports.

1.4 Problem definition

To build a tool for classifying fault reports, two main problems were formulated:

1. Annotate a dataset of time series data using only a small effort based on the
concept of shapelets.

2. Verify that the annotations created can train a DNN to perform well enough
to be considered an aid to the engineers.

Annotating the dataset consists of the following two subproblems; expanding the
shapelet concept to handle partially correlating multivariate data and how to control
the similarities used to extract shapelets as to create relevant annotations.

The research questions this thesis aims to answer are therefore the following:

o Can clustering of unlabeled multidimensional time series be done to facilitate
the training of deep neural networks using supervised training methods?

« Can a useful' level of precision and recall be achieved for detecting and clas-
sifying faults in a new time series using the trained deep neural networks?

1.5 Sustainability and ethical aspects

Trucks and buses are responsible for about a quarter of all CO, emissions from road
transports in the EU, which is why EU forces vehicle manufacturers to decrease
their C'Oy emissions. By 2025, emissions have to be reduced by 15%, and by 2030,
emissions have to be reduced by 30%, compared to the EU average in the reference
period 1 July 2019 — 30 June 2020 [13].

1Useful is defined as having more than 2/3 in precision and more than 2/5 recall. These are
arbitrary figures based on the intuition that any initial help is important, but bad predictions may
cost time and counteract the intention of the tool.
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To meet these requirements, Volvo is working hard with sustainability and have
several projects to reduce both the C'O, and noise emissions. For example, Volvo
has introduced fully electric trucks which both reduce local COsy emissions as well
as noise emissions. Volvo has partnered with Samsung SDI to develop new battery
packs as well as with Daimler to develop hydrogen fuel cells [14, 15]. To realize
these products and to reduce emissions, there is a lot of work needed by skilled
engineers. This is where we can contribute. By allowing engineers to spend less
time troubleshooting new fault-reports, they can instead work on developing new
technologies to reduce emissions.

The ethical part of this thesis work is not as clear cut. If the research we introduce
is only used to analyze fault-reports to develop more environmental vehicles, we see
no ethical problems. However, this research could potentially be used for annotating
data containing personal information, which might become highly unethical. Since
this is a public paper, we cannot stop companies or individuals using technology in
unethical ways. That task is up to the legislators. Work is being done to make sure
Artificial Intelligence (Al) is not being used unethically, for example, the OECD has
ethics guidelines for using Al [16]. We do not perceive this research to have any
direct impact on the ability to do unethical things.

1.6 Report outline

The report is outlined as follows, beginning with theory in Chapter 2, existing re-
search on which this thesis is based is introduced. The following chapter, Chapter 3,
describes the methods used and the algorithms produced in this thesis. Then follows
Chapter 4, were results are combined with an in depth analysis and discussion. The
thesis is concluded in Chapter 5.
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Theory

2.1 Definitions

The theory chapter begins by introducing a set of basic definitions used throughout
the paper. It is followed by the definitions used to provide the final definition
of shapelet. The introduction of shapelets is followed by brief explanations of the
supervised and unsupervised shapelet extraction algorithms. Thereafter follows an
introduction and relevant explanation on clustering, continued by an introduction of
DNNs. Lastly, the CAN-bus protocol used in the system bus of the trucks is briefly
explained.

2.1.1 Basic definitions

This thesis is focused on time series data. To clarify, time series are defined as
follows.

Definition 1. [Time Series] A time series T' = 11, T3, ..., Ty is an ordered set of
equally spaced real values. The total number of real values is equal to the length of
the time series.

To allow referencing to parts of time series, the definition of subsequence is provided
as Definition 2.

Definition 2. [Subsequence] A subsequence S! is a set of [ equally spaced real values
from a time series, T, that starts at position 7.

Another concept related to time series is Sliding Window. It is a method for selecting
every possible subsequence in a time series, visualized in Figure 2.1. The formal
definition is given in Definition 3.

Definition 3. [Sliding Window| Given a time series T' of length m, and a subse-
quence of length [, all possible subsequences can be extracted by sliding a window
of size [ across T and considering each subsequence S! of T', where i is the starting
position.
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Figure 2.1: Visualization of three subsequences extracted from the sliding window
process.

2.2 Shapelets

Shapelets were introduced by Keogh and Ye as a classification tool utilizing features
specific to time series [9]. In short, shapelets are phase independent subsequences
extracted from time series which are representative of its class. Informally, the
intention with shapelets is to find distinctive shapes in time series which divide a
relevant subset from the dataset. The algorithm provided by Keogh and Ye uses
Euclidean distance as a similarity measurement and rank the shapelets by their
ability to separate time series by their class. To create a phase independent solution,
normalization is applied before comparing subsequences.

Using shapelets to classify time series allows for finding distinctive features amongst
time series which could otherwise differ significantly since the distinctive features
can be present at any position in the series. Below follows a short and compact
explanation and some key definitions related to shapelets.

Before defining a shapelet, some prior definitions need to be established. We start
with the definition of subsequence distance in Definition 4. This allows for measuring
the difference between a subsequence and a potentially much longer time series.

Definition 4. [Subsequence distance] A distance function that takes a subsequence
S and a time series T as input and returns a non-negative value d, which is the
distance from 7T to S.

SubsequenceDist(T, S) = min(Dist(S, 5")), for 8" € S/ (2.1)

where Dist refers to any vector distance measure and S'TS | represents the set of
subsequences of length |S| extracted from a time series 7T

In the original paper [9], the Dist measure is Euclidean norm, also known as L* —
norm. The formal definition of Euclidean norm is given by Definition 5.

Definition 5. [Fuclidean norm| The distance between two vectors, p and ¢, of

8
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length n, is computed by

d(p.q) = | 2_(a: = pi)? (2.2)

Intuitively the SubsequenceDist is the smallest distance between the shapelet can-
didate S and any subsequence S’ in the time series T. The difference between a
long and short subsequence distance is shown in Figure 2.2, where 2.2a shows a long
distance and 2.2b shows a short distance.

S S
2 2
= =
£ £
< <
time series time series
shapelet candidate shapelet candidate
Time ] Time ]
(a) An example of a long subse- (b) An example of a short subse-
quence distance, giving a bad fit for quence distance, giving a god fit for
a shapelet at the given location. a shapelet at the given location.

Figure 2.2: Comparison between a long and a short subsequence distance

To give the comparison phase independence, normalization is done on both the
shapelet candidate and the sequence compared. This is done by Z-normalization,
also known as standard score. It is the same method used for normalization in
the original paper [9]. Z-normalization normalizes sequences to zero mean and unit
energy. This is done before comparison. The definition of Z-Normalization is given
in Definition 6.

Definition 6. [Z-Normalization] A set of values S is normalized by,

o =2 'u, for every x € S (2.3)
o

where, p is the mean of the set and o is the standard deviation of the set.

To allow for visualization of subsequence distances, the definition and description
of an orderline is provided in Definition 7. This is a concept originating from the
authors of shapelets [9].

Definition 7. [Orderline] The orderline is a vector of subsequence distances over a
set of time series.

The orderline visually describes how similar a time series is to the shapelet, a low
value indicates a low subsequence distance, meaning that the shapelet and subse-
quence best matching in the time series are similar. A high value indicates that
the subsequence is dissimilar from the shapelet. This can be seen in Figure 2.3
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Subsequence Distance

Figure 2.3: Illustration of an orderline. The red circles represent time series from
one class and the blue squares represent time series from another class. Low values
on this orderline indicate a low subsequence distance.

as subsequences represented by dots and squares are placed on the orderline with
different distances from the left. As such, the red dots to the left are more similar to
the shapelet than the squares to the right. Since the best subsequence is derived by
SubsequenceDist, this also represents the similarity considered for the time series.

The extraction of shapelets is based on ranking candidates by a measurement. This
is defined using two definitions. The first definition is denoted as entropy by the orig-
inal authors, the convention is maintained in this thesis. The definition of entropy
is given in Definition 8. The entropy is used in the second definition of Information
Gain, which is the measurement used to rank candidates. Information Gain is given
in Definition 9.

The extraction of shapelets is based on ranking candidates by a measurement. This
is defined in two parts. First, the notion of entropy in the context of shapelets is
defined in Definition 8, then information gain, which utilizes entropy, is defined in
Definition 9.

Definition 8. [Entropy| Consider a time series dataset D consisting of two classes,
A and B. Given that the fraction of objects in class A is p(A) and the fraction of
objects in class B is p(B), the entropy of D is

[(D) = —p(A)log(p(A)) — p(B) log(p(B)) (2.4)

The entropy measure can informally be summarized as a measure that is small when
the dataset only contains a single class and rises as objects from both classes are
mixed.

Definition 9. [Information Gain] Given a certain split strategy sp which divides
D into two subsets Dy and Ds, the entropy before and after splitting is /(D) and
I(D). The information gain is given as:

Gain(sp) = (D) — I(D) (2.5)

The Information Gain is a measurement for entropy gain obtained by dividing the
dataset at a specific position on the orderline, referred to as split strategy. The
concept is visualized in Figure 2.4. Note the high gain on the leftmost strategy as
the right subset has proportionally more blue squares than red dots. As such the
entropy is lowered on the right side (the remaining items in D), yielding a higher
gain compared to the original set.
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Figure 2.4: Information gains of three different split strategies. Each vertical line
is a split strategy, each circle is an object of class A and each square an object of
class B.

To allow finding the split strategy yielding the best subset divisions, the Optimal
Split Point is defined as follows.

Definition 10. [Optimal Split Point OSP] Consider a time series dataset D con-
sisting of two classes, A and B. For a shapelet candidate S, we choose some distance
threshold dy, and split D into Dy and D,, such that for every time series object T} ; in
D, SubsequenceDist(T;,S) < dy, and Ts; in Dy, SubsequenceDist(T5;, S) > dy,.
An Optimal Split Point is a distance threshold for which

Gain(S,dosp(D,S)) > Gain(S,d};,)

for any other distance threshold dj,.
With these definitions in place, the formal definition of a shapelet can be given.

Definition 11. [Shapelet] Given a time series dataset D which consists of two
classes, A and B, shapelet(D) is a subsequence such that, with its corresponding
optimal split point,

Gain(shapelet(D), dosp(D, shapelet(D))) > Gain(S,dosp(D, S)) (2.6)

for any other subsequence S.

Put simply, a shapelet is defined as the subsequence derived from the dataset which
along with its associated Optimal Split Strategy provides the best separation of a
class of data based on similarity.

The attentive reader realizes that a subset close to the left side of the orderline
consisting of data points from the same class, and other points further to the right
indicates that the shapelet itself represents a distinct feature for the leftmost subset.

To achieve invariance against offset and scale, the shapelets and subsequences are
always Z-normalized before comparison. The reader should note that this means
that we only compare curve shapes and not absolute values. It is the shape and not
the location which affects the similarity measure.
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2.2.1 Supervised Shapelet Extraction Algorithm

The shapelet algorithm described in the same paper introducing shapelets [9] is a
brute-force algorithm for deriving shapelets based on ground truth and using them
to classify a univariate multi-class dataset.

Algorithm 1 provides a pseudo code implementation of the original algorithm.

Algorithm 1 Supervised Shapelet Extraction

Require: MAXLEN: Max shapelet length
Require: MINLEN: Min shapelet length
Require: D: A dataset
Ensure: S: A shapelet
candidates <— GenerateCandidates(D, MAXLEN, MINLEN)
bst gain < 0
S < Nothing
for all C in candidates do
distance vector « ()
for all T in D do
distance < SubsequenceDist(T, C)
insert T into distance vector by the key distance
end for
optimal_split_ point < OptimalSplitPoint(distance_ vector)
D_1 < Every T in distance_vector where distance > optimal split_ point
gain < I(D) — I(Dy)
if gain > bsf gain then
bsf gain <— gain
S+ C
end if
end for
return S

The algorithm starts by deriving every possible subsequence with lengths in the
specified interval (given as parameters) by using a sliding window (definition 3) on
the complete dataset. The algorithm continues by calculating the distance vector
for every candidate, followed by finding the Optimal Split Point and finally the gain
produced by using the shapelet. It then compares the candidate’s gain against the
best known gain and continually stores the best shapelet along with its gain.

The supervised algorithm creates a binary split between two classes. To allow for
multi-class datasets, the algorithm is iteratively performed inside a decision tree [17]
and considers one class to be a class in the dataset, and the second class every other
class.

The multi-class version is shown as Algorithm 2. In short, it iterates the shapelet
derivation while mapping one class as a class from the dataset, and the second class
as all the other classes from the dataset combined. The algorithm keeps track of the
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D, dataset of the best shapelet and assigns it for the next iteration. As such the
dataset continually shrinks until it is empty with each shapelet being similar and
extracting a single class (if possible).

Algorithm 2 Multi-Class Supervised Shapelet Extraction

Require: MAXLEN: Max shapelet length
Require: MINLEN: Min shapelet length
Require: D: A dataset
Ensure: S: A set of shapelets
S« 0
while D is not empty do
candidates < GenerateCandidates(D, MAXLEN, MINLEN)
bsf gain < 0
S’ + Nothing
D'+
for all C in candidates do
distance vector « ()
for all T in D do
distance <— SubsequenceDist(T, C)
insert T into distance vector by the key distance
end for
optimal_split_ point < OptimalSplitPoint(distance_ vector)
D, < Every T in distance vector where distance > optimal split_ point
gain <— I(D) — I(Dy)
if gain > bsf gain then
bsf gain < gain
S+ C
D'« D,
end if
end for
D+ D
Append S’ to S
end while
return S

Some important aspects to note! The algorithm is supervised; truth is continuously
used to determine entropy and information gain. The algorithm is exhaustive; it
tries all possibilities. It is univariate; it considers each time series as an object.

2.2.2 Unsupervised Shapelet Extraction Algorithm

The unsupervised shapelet algorithm is an extension of the supervised shapelet
algorithm by Zakaria et al. [10]. The paper introduces a variant of a shapelet called
an unsupervised-shapelet (shortened as u-shapelet). It does not require any ground
truth in its derivation, which means that the entropy measure of the supervised
algorithm is replaced with an unsupervised equivalent. In addition to modifying the
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measure, the extraction algorithm has been modified to derive shapelet candidates
from a single time series for each iteration, contrary to the supervised shapelet
extraction algorithm. This makes it nonexhaustive, furthermore, it might not find
the optimal solution.

Definition 12. [U-shapelets| An unsupervised-shapelet S is a subsequence of a time
series T for which the sdists between S and the time series from a group D, are
much smaller than the sdists between S and the rest of the time series Dp in the
dataset D.

sdist(S, D) < sdist(S, Dg) (2.7)

The definition of an unsupervised shapelet refers to the measure sdist. This is the
same measure referred to as SubsequenceDist in the supervised algorithm, provided
by Definition 4. In the algorithms defined, we will refer to sdist as SubsequenceDist
to maintain consistency with the supervised algorithm.

In the unsupervised shapelet algorithm, the entropy measure is replaced with a
separation measure called gap. The separation measure can informally be described
as measuring the gap between two sets of datapoints, called D, and Dg. This
separation measure is computed for each possible point of separation. The best
point of separation is returned together with the score. The gap measure is defined
in Definition 13.

Definition 13. [Gap] Given a dataset D, which is split into two subsets: D4 and
Dpg, where D, is the left subset on the orderline and Dp is the right subset on the
orderline, the gap is calculated by

gap = pip — o — (jta + 04) (2.8)

where up and op are the mean and standard deviation of Dg and u,4, 04 are the
mean and standard deviation of D 4.

The maximum gap for a u-shapelet is derived similarly to the Optimal Split Point
in the supervised algorithm. The derivation of the maximum gap is implemented in
Algorithm 3. The algorithm checks the gap score of every division point between
two distances in the distance vector, keeping track of the best and at what split
point it occurred. There is an if statement to avoid pathological cases where few
items are similar or dissimilar. This is limited by a constant k which is defined by
the user.

The derivation of shapelets is shown in Algorithm 4. It works by checking all
shapelet candidates from the first time series in the dataset, picking the one with the
highest gap score. The dataset is then divided at the point given by mean(dis) +
std(diss). It is not divided by the split point yielding the highest gap score. The
used split point, given by the previous equation, includes more items when the
group separation is low since it considers the standard deviation of the group being
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Algorithm 3 computeGap

Require: §: Candidate u-shapelet; D: dataset
Ensure: maxGap: Maximum gap score; dt: split point
dis < sorted(SubsequenceDist(8, D))
for | <+ interval 1 to |diss| — 1 do
d < (diss(l) + diss(l+1))/2
disg + diss < d
disg <+ disg > d
r < |disa|/|disg]
if 1/k <r < (1—1/k) then
ma < mean(diss), mp < mean(disg)
sS4 < std(disa), sp + std(disp)
gap < mp — s — (Mma + $4)
if gap > maxrGap then
maxGap < gap
dt < d
end if
end if
end for
return maxGap, dt

separated. Intuitively it can be seen as catching a cluster (everything inside the
standard deviation starting from the mean).

Before the next iteration, the algorithm selects the next time series to act as a source
for shapelet candidates as being the time series with the furthest distance from the
current shapelet. The algorithm iterates until there is only a single time series being
separated. This indicates the discriminatory power is depleted such that we can
only identify a single time series with the shapelet derived.

Reference [10] not only introduces the wu-shapelet, but the application for unsu-
pervised classification using clustering techniques. To enable clustering based on
shapelets, the algorithm returns the distance vector for each shapelet.

The unsupervised algorithm has a set of properties that differ from the supervised
algorithm. Its performance can be hindered by the ordering of time series as the first
time series of the dataset is used to derive the initial set of candidates. This issue was
discovered and improved upon in a subsequent paper by the same authors [18]. The
new separation measure (gap) only considers single dimensional cluster separation,
meaning that if one shapelet is present in a subset of each class, the algorithm
separates these subsets as a class and does not separate them further. This means
that the unsupervised approach captures the most prominent similarities.
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Algorithm 4 Unsupervised Shapelet Extraction

Require: MAXLEN: Max shapelet length
Require: MINLEN: Min shapelet length
Require: D: A dataset
Ensure: S: A set of shapelets
S« 0
ts < D(1)
while True do
cnt < 0
5, gap, dt,dis < ()
for sl «+ MINLEN to MAXLEN do
for i + 1to |ts| —sl+ 1 do
S(ent 4+ 1) < ts(i i+ sl —1)
[gap(cnt + 1), dt(ent + 1)] <= computeGap(5(ent + 1), D)
end for
end for
index1 < maz(gap)
Append 5(indexl) to S
dis < SubsequenceDist($(indexl), D)
disa < dis < dt(indexl)
if |diss| == 1 then
return S
else
index2 <— max(dis)
ts <= D(index2)
m <— mean(disa) + std(disa)
D+ every T in D where dis < m
D« D-D
end if
end while
return S

2.3 Clustering

Clustering is an unsupervised classification task that utilizes large amounts of data
to find patterns within the data in order to group them in a meaningful way [19].
This allows for annotation of data to be used in, for example, machine learning,
which is the use of the derived annotations in this master thesis.

Before starting to describe what clustering is, there is a concept that needs to be
introduced, feature space.

Definition 14. [Feature space] A feature space is an n-dimensional vector space
where each sample is represented as a point. The dimensionality of this space is
equal to the number of features used to represent the data.
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In 1988, Jain and Dubes described a typical workflow when performing clustering,
it includes the following steps [20]:

o Pattern representation, including feature extraction and selection.
o Definition of a pattern proximity measure.

» Grouping.

« Data abstraction (if needed).

o Assessment of the output (if needed).

Pattern representation refers to the number of available patterns, the number of
classes and the number of features. Feature extraction and selection refers to the
identification of available features in the data.

Pattern proximity refers to the distance measurement in the feature space. A com-
mon measurement here is the euclidean distance which is used in this thesis. But
this can be replaced by any distance measure that fits the domain of the data.

Grouping is the central task in this clustering, where the features are used to group
similar data points and annotate them. There are several examples of clustering
algorithms such as K-means, Density-Based Spatial Clustering of Applications with
Noise (DBSCAN) and OPTICS. K-means partitions all samples into a predefined
number of clusters, DBSCAN and OPTICS are density-based algorithms that par-
titions samples into clusters based on the density of points in an area. These algo-
rithms will be explained further in Section 2.3.1.

Data abstraction refers to producing a description of the clusters, either as a way
to summarize the data for some other machine step or to summarize the data to a
human. This could for example be to show the features that are common within the
cluster.

Assessment of the output is as it sounds, assessing how well the clustering performs.
When having access to the ground truth labels, it is easy to compare the labels
produced by the clustering algorithm. However, in this thesis, only a small subset of
ground truth labels are available and the majority of data points will be unknown,
complicating the task of assessing the output.

The workflow using these tasks, as suggested by Jain in [20], is shown as a flowchart
in Figure 2.5. The assessment of the output is used as manual feedback to the other
steps to improve the feature extraction and clustering itself [20].

In this thesis the feature extraction will be done via the use of shapelets.

The pattern proximity calculations will be done by comparing the time series to the
shapelets, looking at the similarity between each time series and each shapelet. This
produces a matrix that is used by a clustering algorithm to assign each time series
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Figure 2.5: A clustering feedback loop where the clustering evaluation is used to
affect how every other step is done.

a label.

The grouping itself will be done by using a density-based clustering algorithm, which
is described in Section 2.3.1.

The assessment of the output will be performed with three separate assessments.
There will be two clustering evaluation indexes combined with a human judge to
determine how well the clustering performed. This is explained further in Section
2.3.2

2.3.1 density-based Clustering

density-based clustering group points together based on how tightly packed they are
in the feature space, meaning that it can cluster points regardless of the shape of
the cluster. Density based clustering can also create an arbitrary number of clusters
as the goal is to group points in regions with similar density [21].

Another property of density-based clustering algorithms is their ability to classify
samples in the feature space as noise, meaning that the algorithm does not consider
certain samples as part of any cluster [21, 22].

To explain how the density-based algorithms work, a simplified description is pro-
vided below. The description intends to capture the main concepts of density based
clustering relevant to this thesis.

These algorithms define clusters by classifying the points into three categories; core
points, border points and noise. To place points in one of these three categories the
algorithms also use a concept called the eps neighborhood of a point.

The eps neighborhood of a point is simply how many other points exist within a
sphere of radius eps around the point. This is then used to classify each point.

A core point is defined by having at least minPts number of points in its eps neigh-
borhood, where minPts is a user-defined parameter.

A border point is a point which does not have minPts in its eps neighborhood, but
is in the eps neighborhood of a core point.

Finally, a point is classified as noise if it does not have minPts points in its eps
neighborhood and is not in the eps neighborhood of a core point [21].
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Figure 2.6: Visualisation of the density-based clustering process

Figure 2.6 visualizes the concepts described above. In the figure, the assignment of
points is visualized with minPts set to 5. Starting with the green point (nr 1) it has
6 points in its eps neighborhood and is therefore a core point. The blue point (nr 2)
does not have 5 or more points in its eps neighborhood but is in the eps neighborhood
of a core point and is therefore a border point. Lastly, the red point (nr 3) does not
have at least 5 points in its eps neighborhood and is not in the eps neighborhood of
a core point, it is therefore labeled as noise.

DBSCAN is the original density-based clustering algorithm introduced in 1996 and
OPTICS is an extension to DBSCAN which was introduced in 1999. The main
difference is OPTICS’s ability to define clusters of different densities while DBSCAN
has a density threshold where everything denser than the threshold is considered to
be clusters [21, 22].

2.3.2 Clustering Assessment

In [23], a number of clustering evaluation techniques are presented. The evaluation
techniques presented are categorized into external indexes and internal indexes. Ex-
ternal indexes refer to indexes that utilize the ground truth labels of the data and
internal indexes refer to indexes that score the clustering structure, without regard
to the ground truth labels.

The authors do not, however, come to any conclusion about which techniques are
the best, but state that a human judge probably should be used in conjunction with
the indexes [23].

The evaluation techniques used in this thesis are Clustering Entropy which is an
external index and the Silhouette Coefficient which is an internal index.

Clustering Entropy is divided into two indexes where a low entropy indicates a good
clustering performance [24]. The two indexes are:

o Cluster Entropy which reflects how homogeneous each cluster is with regard
to the ground truth classes.
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o Class Entropy which reflect how well each ground truth class has been dis-
tributed into the same cluster.

Both these indexes have drawbacks that affect how well they reflect the clustering
performance, but when used in conjunction they balance the weakness of the other.
For Cluster Entropy, the weakness is that assigning a new cluster to each point in
the feature space would result in each cluster having perfect homogeneity. This
is balanced out by the fact that Class Entropy will be high in that case, since it
penalizes distributing a ground truth class across several clusters.

The weakness with Class Entropy is that assigning every point in the feature space
to the same cluster would result in a perfect score. This is balanced out by Cluster
Entropy since the single cluster would have low homogeneity with regard to the
ground truth classes.

We move on to the mathematical expression of Cluster Entropy. For each cluster ¢;
the entropy is calculated by

oo ya), ol )
Ec; %: n(c) log n(c) (2.9)

where n(l;,¢;) is the number of points with the ground truth label I; in cluster
¢; and n(c¢;) is the number of points in cluster ¢; with a ground truth label. The
overall Cluster Entropy is then calculated by a weighted sum of the individual cluster
entropies:

1
= ZZT(CZ)EZ:TL(CZ)ECZ (2.10)

Ec
We now continue with the mathematical expression of Class Entropy. For each class
l;, a single class entropy El; is calculated by:

n(l;, ¢ n(l;, c
El; = —zi: flglj) ) log 7(1(1]-)) (2.11)

where n(l;, ¢;) is the number of points with the ground truth label /; in a cluster, ¢;
and n(l;) is the number of points with the ground truth label /;. The overall Class
Entropy is the calculated by a weighted sum of the individual class entropies:

1

With these two entropies, it is possible to evaluate the overall Clustering Entropy, it
could be combined into a single index, but since they both give different information
we have chosen not to.

The second index, Silhouette Coefficient, does not utilize the ground truth labels and
therefore evaluates the structure of the feature space. The Silhouette Coefficient is
bounded between —1 and 1 where —1 indicates incorrect clustering. Scores around
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0 indicate overlapping clusters and scores close to 1 indicates a highly dense and
separated clusters. One drawback with this score is that it is usually low for non-
convex clusters, meaning that clusters generated by density-based clustering might
receive a low score since they are not necessarily convex clusters [25, 26].

The score for a single sample is defined as:

bi — Qa;
= 2.13
° max(a;, b;) (2.13)

where b; is the mean distance between a sample and all other point in the same
cluster and a; is the mean distance between a sample and all other points in the
next nearest cluster. The score for all samples in the clustering is then calculated
as the mean of all scores:

Z Si (2.14)

With these two scores, it is possible to both evaluate how the ground truth labels are
distributed throughout the clusters and to evaluate how well separated the clusters
are. Together with a human judge it should be possible to evaluate the clustering
in a good way.

2.4 Deep Neural Networks

The clustering described in previous sections produces annotations for each time
series that can be used to train a neural network such as a CNN or a ResNet, which
are the two architectures used in this thesis.

Both networks share a few units which do not include trainable parameters but are
nonetheless important to the network performance.

 Rectified Linear Unit (ReLU) is used as an activation function in neural net-
works. If the input is less than zero, the output is zero and if the input is
larger than zero the output is the same as the input [27].

» Global Average Pooling (GAP), this unit averages all values along all but one
dimension of the data, reducing the dimensions of the data.

o Softmax, this unit is often used in neural networks as the last operation to
obtain a probability distribution over the classes [28].

Below a short description of the two network architectures highlighting their respec-
tive properties follows.
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2.4.1 Convolutional Neural Networks

In this section, the basic properties of CNNs are described. The information pre-
sented here comes from the book Deep Learning Book written by Goodfellow, Bengio
and Courville [28].

CNNs are especially effective for processing data that has a known grid-like topology,
where a scrambling of this grid will destroy the information. Some examples of data
with this structure are images that can be seen as a 2-D grid of information or time
series which can be seen as a 1-D grid. However, if an image has several colors the
image becomes a 3-D grid where the third dimensions include the colors. In digital
images, a mix of red, green and blue are often used. This third dimension, which
will be referred to as channels throughout this report, can in contrast to the other
two be scrambled without loss of information.

The convolutions done by a CNN is not the same operation as the convolution
used in pure math and certain fields of engineering. This convolution can be seen
as applying and sliding a matrix (called filter in CNNs) over the input as shown in
Figure (2.7). This convolution allows the network to find specific features, regardless
of their location in the data. For example, a filter looking for vertical edges in a
picture can be applied to every location and the output from this filter would have
large values at the positions where edges are present. [28].

_wxa+xx*xb+
 yxdtzxe

<

Figure 2.7: Example of the convolution done by a filter in a CNN

2.4.2 Residual Neural Networks

Residual neural networks are network architectures that have shortcuts across two
or more layers. This network architecture was introduced in 2015 by [12]. One of

the main problems the authors were trying to solve was the degradation problem
with DNNs.

In essence, the degradation problem is that when increasing the number of layers
in a network, both the training and validation errors can increase throughout the
whole training process compared to a shallower network. To solve this problem He
et al. [12] proposed a residual learning scheme where shortcut connections are used
to bypass two or more layers and then recombine with the output, see Figure 2.8.

The authors that introduced ResNet hypothesize that it is easier to learn the resid-
ual in this way than to learn the function of the feature space and therefore this
architecture solves the degradation problem. However, they can not show that
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Figure 2.8: Basic residual network block

their hypothesis is correct, only that the degradation problem can be solved with
ResNets. When training with the ImageNet dataset, they used a 152 layer deep
residual model which achieved a test error of 3.57%, winning the Image Net Large
Scale Visual Recognition Challenge (ILSVRC) in 2015 [12].

2.4.3 Classification performance measures

To measure the performance of the neural networks, the metrics precision and recall
will be used. These two metrics are often used in machine learning applications and
give a good measure of how well a network performs. Precision is defined as:

Precisi TruePositives (2 15)
recision = .
TruePositives + FalsePositives

and recall is defined as:

TruePositives
Recall = 2.16
ced TruePositives 4+ FalseNegatives ( )

Intuitively, precision describes how accurate a model is when it does a single classi-
fication and recall descri