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Abstract

Self-monitoring solutions first appeared to avoid catastrophic breakdowns in
safety-critical mechanisms. The design behind these solutions relied heavily on
the physical knowledge of the mechanism and its fault. They usually involved
installing specialized sensors to monitor the state of the mechanism and statis-
tical modeling of the recorded data. Mainly, these solutions focused on specific
components of a machine and rarely considered more than one type of fault.

In our work, on the other hand, we focus on self-monitoring of complex ma-
chines, systems composed of multiple components performing heterogeneous
tasks and interacting with each other: systems with many possible faults. To-
day, the data available to monitor these machines is vast but usually lacks the
design and specificity to monitor each possible fault in the system accurately.
Some faults will show distinctive symptoms in the data; some faults will not;
more interestingly, there will be groups of faults with common symptoms in
the recorded data.

The thesis in this manuscript is that we can exploit the similarities be-
tween faults to train machine learning models that can significantly improve
the performance of self-monitoring solutions for complex systems that over-
look these similarities. We choose to encode these similarity relationships into
hierarchies of faults, which we use to train hierarchical supervised models. We
use both real-life problems and standard benchmarks to prove the adequacy
of our approach on tasks like fault diagnosis and fault prediction.

We also demonstrate that models trained on different hierarchies result in
significantly different performances. We analyze what makes a good hierarchy
and what are the best practices to develop methods to extract hierarchies of
classes from the data. We advance the state-of-the-art by defining the con-
cept of heterogeneity of decision boundaries and studying how it affects the
performance of different class decompositions.
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Chapter 1

Introduction

Any machine inevitably degrades with usage. Degradation translates into a de-
crease in performance and, potentially, a breakdown that will suddenly stop the
machine. Maintenance operations extend the operational lifetime of a machine,
increasing its performance and avoiding potentially catastrophic breakdowns.

Every maintenance operation comes at a cost. In addition to hiring a pro-
fessional, we need to factor in the time it takes for the maintenance operation
and the possible price of new components to replace faulty ones.

Traditionally, there have been two main maintenance strategies: corrective
and preventive.

Corrective maintenance consists of repairing a machine when a failure hap-
pens. This is, for example, the typical maintenance strategy used with most
household machines. Its main advantage is minimizing maintenance costs; only
broken parts are replaced and only when they have exhausted their operational
life. However, there are drawbacks: performance reduction while the machine’s
components are degrading but have not broken yet, downtime needed to diag-
nose and identify the problem that caused the breakdown, non-availability of
the pieces, and personnel needed to perform the maintenance.

Preventive maintenance consists of replacing components of machines based
on their operation time, not on their current state. This strategy is particularly
adequate for highly critical machines, such as airplanes, or highly critical parts
like a car’s brakes. In these cases, components are replaced before there is any
risk of breakdown. The drawback to this approach is that we are potentially
replacing components or machines that are not yet defective, increasing overall
operational costs.

Predictive maintenance is a newer maintenance strategy that aims to keep
the benefits of preventive maintenance while minimizing maintenance costs.
With the appropriate tools and knowledge, we can evaluate the current state
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of the machine. If the early symptoms of a fault are detected, the corresponding
maintenance operation can be scheduled and performed before any real risk of
failure. If no defect is detected, the machine does not need to be maintained
and continues its normal operation. Predictive maintenance is also known as
condition-based maintenance since we are making maintenance decisions based
on the current state of the machine.

An example of predictive maintenance in our daily lives is the annual in-
spection of cars, where a technician manually checks the status of different
parts. This traditional manual condition monitoring becomes extremely costly
if we intend to monitor many parts on a large number of machines and with a
higher frequency.

Self-monitoring solutions aim to solve this problem by automatically moni-
toring the condition of the machine. This is achieved through installing sensors
to monitor its state, building automated solutions that interpret these sensor
signals and warn of a future problem, and planning the corresponding main-
tenance operations.

In this thesis, we will focus on self-monitoring applications for complex ma-
chines with many different components and types of possible faults. In particu-
lar, we aim to build machine learning models to identify symptoms of ongoing
faults in recorded data. Then, we use these symptoms to identify what par-
ticular fault is happening in the machine and when this fault will result in a
breakdown.

1.1 Ideal scenario for self-monitoring

Let us start by defining some terms used in the thesis. Figure 1.1 illustrates
a simplified and idealized version of the monitoring of a fault happening in a
machine.

We can assume that the machine starts in a healthy state. The machine
is being monitored with the help of some sensors or diagnostic tools that
can accurately tell us the machine’s state. At some moment in time, a fault
happens in the machine. The fault evolves until the degradation leads to a
failure /breakdown, which means the end of the operation of the machine. Once
the machine has ceased its operation, a maintenance operation needs to be
scheduled and performed; during this period, the machine is not operating.
After the maintenance has been carried out, the machine is back to being
healthy. Due to the monitoring devices installed, we can observe and measure
the evolution of the fault, from the moment it starts until it fails.

The essence of a self-monitoring system is to learn to recognize the faulty
patterns in the monitoring data and identify these patterns on future occasions.
This valuable information can be used to improve the fault-diagnosis process
and reduce the machine’s downtime. It can even be used to predict a future
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Figure 1.1: An idealized overview of the setup to train a self-monitoring system
to identify faults.

failure and allow us to prevent it, averting other secondary problems that
may happen as a result. A successful prediction would allow for planning a
maintenance action that minimizes the machine’s downtime by, for example,
planning it during a natural downtime of the machine.

Planning, scheduling, and executing a maintenance operation requires time.
This time needs to be accounted for when predicting afailure. A successful
predictive system should be able to predict a failure with enough margin to
execute the maintenance operation; we define this time as the intervention
horizon.

Ideal self-monitoring system In the best-case scenario, we would want to
develop a self-monitoring system during the design phase of a new machine.
We could achieve this by identifying all possible faults the machine can un-
dergo and designing monitoring devices for each component that accurately
reflects its state. Then, we should design tests in controlled lab conditions to
observe the different failures that can happen in the machine, detect when
the fault starts and record the monitoring data describing the evolution of
the degradation of the machine, together with the patterns associated with a
healthy machine. Finally, machine learning models could be trained to predict
and locate future failures.

In the scientific literature, most contributions to the self-monitoring sys-
tems’ state-of-the-art deal with this ideal situation in different sub-problems
such as fault detection, fault diagnosis, or fault prognosis. A ubiquitous exam-
ple is the study of rolling bearing mechanisms [4], very dependable parts of
machines. Research focuses on what signals to record [2], how to process the
signals and extract useful features from them [10], and learning how to detect
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the faults [12], predict the failures [20], and identify when they will happen

[9].
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Figure 1.2: Idealized scenario for a self-monitoring system for a complex ma-
chine: every type of fault is monitored by a collection of signals; when the fault
happens, a clearly distinctive symptom pattern can be observed in the data.

Rolling bearing mechanisms are relatively simple systems: typically, there
are one or very few fault types. The requirements become naturally more
complex if we want to design a self-monitoring solution for more complex
machines. In Figure 1.2, we have a description of the ideal situation to develop
a successful self-monitoring system for a complex machine. In order to monitor
complex equipment with different types of potential faults, we will probably
need to record more than one signal to accurately monitor the state of the
machine. The main requirement in this situation is that every fault produces
a distinctive pattern in the data.

Self-monitoring systems are already present in many everyday types of
machinery. For example, there are sensors mounted on the wheels of a car
measuring the pressure; whenever the pressure drops, an alarm is prompted for
the driver to take action. In more advanced setups, the car can even schedule
a visit to a selected workshop in a given margin of time to correct the fault
and avert a potentially catastrophic failure.

There are deviations from this overly simplified version of the ideal self-
monitoring setup, which do not break the overall framework. For example,
more than one signal might be needed to monitor a given fault better, or the
same fault can have more than one distinctive symptom. Other considerations
can be assessed regarding the definition of what a fault is; for example, the
same component can have different types of faults.
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1.2 Industrial Scenario

This thesis has been carried out in the framework of the PRIME (PRedictive
Intelligent Maintenance Enabler) project. The project aimed to develop a pre-
dictive maintenance system for sterilizers. This section gives an overview of
the characteristics of a real-life application of self-monitoring systems, how it
deviates from the aforementioned ideal scenario, and argues that some of its
characteristics are common to many industrial cases.

The goal is to do self-monitoring on complex machines, understanding com-
plexity in its many different definitions: complexity in the tasks that are car-
ried out by the machine (a car needs to move from point A to point B, but
it also needs to cool down the engine, charge the battery or cool down the
cabin); complexity in the technical solutions needed to solve those tasks (each
of the functional components of a sterilizer are themselves complex mecha-
nisms managed by a complex control system that governs the global operation
of the machine); and more importantly for our interest, the complexity in the
number of different components that form the machine, and its various types
of faults.

Challenge I: pinpointing failures during real-life operations

When we described the ideal scenario to develop a self-monitoring system,
we mentioned the importance of knowing when a fault starts happening in a
machine and how it was ideal for replicating these faults in lab conditions.
This approach is not feasible in a real-life application of a complex machine.

In general, it will not be economical to develop lab-condition tests to mon-
itor every single type of fault. Furthermore, there can be significant differences
between how a machine is operated in a laboratory and how a machine is used
in the field. External factors such as weather or environmental conditions, the
load of usage, or the effect of the human factor in how the machine is used can
render the lab-condition learned models useless.

In addition, complex machines such as trucks, cars, or sterilizers are ex-
pected to have a long life of operation. The design of ad-hoc self-monitoring
systems in already deployed machines is not possible. And it is precisely in
these older machines where the benefits of successful self-monitoring solutions
can have a bigger impact.

Therefore, there is an intrinsic interest in creating self-monitoring solutions
using the faults happening in machines under normal usage. However, we are
losing the main benefit of lab-condition testing: we do not necessarily have an
indication of when the fault started happening in the machine. The closest
we can get is to use the part sales and service logs, describing when a part
or component was sold for a certain machine. This information would tell
us when a failure happened in the machine, not when the fault started. In
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addition, these log systems have not been designed to define and analyze the
fault that was corrected. There are necessary uncertainties:

e Uncertainties in the dates. Even assuming that the dates are logged
correctly (which is not always the case due to human error or accounting
policies), we know when a component was replaced in the machine, not
when the failure happened.

e In fact, we do not know if the replaced component had failed. The re-
placement of a component can be due to a failure, but it can also be due
to a preventive maintenance operation or a subjective decision by the
technician.

e If there was a fault in the machine, we do not know if the component
replacement solved it.

e If many components were replaced, we do not know which one was re-
sponsible for the fault or if different faults were happening simultane-
ously.

e We do not have the certainty that all the maintenance operations are
recorded in the service logs. Some maintenance operations can be car-
ried out by the staff operating the machines. In addition, users can buy
services from different companies.

¢ In the case where the failure actually happened and the responsible com-
ponent was replaced, we do not have information about when the fault
started.

Using sale logs to label the faults is imprecise; we need to make the sim-
plification of identifying component and type of fault, even though a given
component can fail in different ways. This means that for the same type of
fault, we may have different symptoms appearing in the monitoring data.

These uncertainties are common to many industrial endeavors. We are
referring to traditional manufacturing companies that also provide after-sales
service to the machines they produce. These companies possess knowledge
about how the machines work and the data describing their operation and
maintenance history. With recent technological developments, successful self-
monitoring systems’ benefits clearly outweigh their costs, making it interesting
for traditional manufacturing companies to develop.

For broader industrial scenarios, there are still important characteristics
that can be extrapolated from our studies: it is extremely interesting to mon-
itor and gather data from machines operated by the end-users during real-life
operations. However, obtaining labels for the faults in real-life operations can
be challenging and costly.
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Challenge II: learning with many possible faults and imperfect data

The next challenge, and the challenge that we devote most of the work carried
out in this thesis, deals with the multi-fault nature of complex systems.

A sterilizer, a truck, an airplane, or a printer are complex machines com-
posed of a great number of components. Each of those components can fail,
i.e., each of those components can be associated with a different type of fault.
Some simple components can be associated with just one type of fault; for
example, a pipe is either leaking or not leaking. However, more complex com-
ponents can have multiple types of faults associated with them, with their own
symptoms and consequences.

In general, machines are well designed; they fail rarely. If we think about
the lifetime of a machine, most fault types will rarely or even never happen.
This means, on top of the challenges coming from the uncertainties arising
from the repair logs, that we are going to have few failure cases for each type
of fault, probably making our learned models’ performance sub-optimal.

In addition, we are assuming that the quality of the monitoring data is
not ideal, i.e., it will not be good enough to monitor every possible fault and
component of the machine accurately. Machines such as trucks, cars, or ster-
ilizers have been equipped with sensors for a while now, and that data has
been recorded and saved. However, which signals to measure, what data to
record, and how to process it has not been decided with the goal of developing
self-monitoring systems. Usually, the reasons behind collecting this data are
related to security or control.

The ideal situation described in Figure 1.2, degenerates into Figure 1.3.
While in the ideal case, we could link every type of fault with a distinctive
symptom in the recorded data, in a more realistic scenario, this will not hap-
pen. Some faults will not have any apparent symptoms in the data; others will
have many different symptoms across different signals; groups of faults will
produce the same or similar symptoms in all or in some signals.

The central assumption of our thesis is that in such complex machines,
given the monitoring data and the label information at hand, it is going to be
impossible to obtain accurate predictive models for each possible fault type.
On the other hand, for a complex machine, just predicting that the machine
as a whole will fail without further input for the technician carrying out the
maintenance is not precisely useful. This is especially true for the case of pre-
dictions of future faults since the symptoms that are used to diagnose already
broken machines can be very different from the symptoms that describe the
degradation produced by an ongoing fault.

We assume that while it may not be possible to detect every possible fault
with the monitoring data at hand, it will be possible to predict that a fault will
happen within a reduced group of faults. For example, it might be impossible
to learn a model to predict the failure of a valve in the vacuum system of
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Figure 1.3: More realistic scenario for a self-monitoring solution.

a sterilizer. However, we might have enough information to learn a model
successful at predicting a failure in the vacuum system. This assumption is, in
turn, based on the fact that different faults can produce the same or similar
symptoms in the monitoring data. In such a complex machine, there are going
to be many different levels of similarity between faults.

We decide to encode these heterogeneous relations of similarity in hierar-
chies of faults. A hierarchy is a natural way to structure different levels of
similarity: similar faults will be clustered together at the bottom of the hi-
erarchy, while more dissimilar faults will be grouped close to the top of the
hierarchy.

Our work in this thesis is devoted to extracting these similarity relation-
ships in complex machines and exploiting them to improve the performance of
systems. We will use hierarchical structures to find the balance between the
ability to accurately predict the occurrence of a fault in the machine and the
precision in determining which type of fault is responsible for the predicted
failure.

1.3 Research questions

The underlying hypothesis of this thesis is that machine learning solutions em-
ploying hierarchies of faults can provide significant and measurable improve-



1.4. CONTRIBUTIONS 9

ments over non-hierarchical approaches in the field of predictive maintenance.
Based on this hypothesis, we formulate two sets of research questions, one set
about the application domain and one set about the theoretical challenges:

¢ AD-RQI How do we obtain useful information from repair logs to train
successful models?

¢ AD-RQII Can we use hierarchical approaches to improve fault diagnosis
and prognosis tasks?

e T-RQI How do we develop methods to extract hierarchies from data?

e T-RQII What makes some hierarchies better than others?

1.4 Contributions

The main novelty of our work is to use a hierarchy of faults for predictive
maintenance. Based on this work and the technical challenges it poses to the
state-of-the-art machine learning techniques, we have found some important
research gaps that we have explored.

To solve the problem of fault diagnosis, we have used extracted hierarchies
of faults to train hierarchical multi-class classifiers. There does not exist a pre-
cise definition of what makes a good hierarchy. Practically, the best hierarchy
is the hierarchy that maximizes a given classification performance. Intuitively
though, a good hierarchy is the one that separates dissimilar objects at the
top of the hierarchy, while the separation between very similar classes is done
at the bottom.

However, it is not clear how to define the similarity between classes or
how the quality of the hierarchy can affect the performance of a classifier
trained on it. There are many different approaches to defining and measuring
dissimilarities between classes, focusing on different aspects of the data and
there are different ways to group the classes into a hierarchy. Measuring the
quality of the hierarchy based on the performance of a classifier trained on it
will undoubtedly be conditioned by how the classification is performed, which
learning algorithm we use or how balanced the different binary classification
problems are.

In this thesis, we explore in depth these concepts. In particular, we show
how the intrinsic quality of a hierarchy becomes irrelevant to the performance
of a classifier trained on it if the learning algorithm used is powerful. Which
can lead to wrong evaluations of methods to extract hierarchies.

It is also not obvious what characteristics of the data make some hierarchies
better than other. In a classification problem with four classes: "tiger", "lion",
"frog", and "lizard"; it is intuitive to first distinguish between the groups



10 CHAPTER 1. INTRODUCTION

"tiger" and "lion", and "frog" and "lizard". Then we can distinguish between
the subgroups. It seems natural to think about this hierarchy as the best
possible one, and that a hierarchical classifier trained on it, would be better
than a classifier trained in any other hierarchy.

It seems natural that a hierarchical classifier trained on this hierarchy of
classes should provide better results than on any other hierarchy. Our results
and many others in the literature point in this direction. However, there is
not an intuitive way to explain why an instance labeled with "frog" is cor-
rectly classified using this hierarchy, but with another hierarchy, it could be
misclassified as "lion", "tiger", or "lizard".

In this thesis, we propose the concept of "heterogeneity of decision bound-
aries" to explain this phenomenon and why some hierarchies are, in fact, better
than others.

To solve the problem of fault prognostics, we have used extracted hierar-
chies of faults to train multi-output classifiers. Our practical setup is special
in that we train our models using monitoring data of a machine undergoing
individual faults, but we are interested in predicting the time-to-failure for
any of the components of a machine. The similarities between the fault pat-
terns associated with different faults create new challenges that have not been
treated before in the scientific literature.

The main contributions of this thesis are listed below:

AD-RQI AD-Q2 T-RQ1 T-RQ2

Paper I v

Paper 11 v v
Paper IIT v v
Paper IV v

Paper V v v

Table 1.1: Contributions of the papers to different research questions,where v’
signals the main contribution of the paper, v signals a secondary contribution
of the paper.

¢ We have created a methodology to filter events in the repair logs that is
useful for predicting breakdowns (Paper I).
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¢ We have applied hierarchical methods for fault diagnosis and fault prog-
nosis that outperform their non-hierarchical counterparts (Papers IT and
I1I).

e We have identify common pitfalls in the literature and established best
practices for evaluating methods to extract hierarchies for multi-class
classification (Papers IV)

e We have identified the heterogeneity of decision boundaries as a key
factor that can explain why classifiers trained some hierarchies perform
better than others (Paper V).

1.5 Thesis Organization

The remainder of the thesis is organized as follows. Chapter 2 presents a sum-
mary of our contributions and results in the theoretical aspects of using hier-
archical methods in supervised learning. Chapter 3 shows the application of
these methods for fault diagnosis and fault prognosis. Chapter 4 gives sum-
mary of the papers included in this thesis. Finally, Chapter 5 concludes the
thesis by providing an overall summary of our contributions.






Chapter 2

Hierarchies

In Chapter 1, we have introduced the concept of hierarchies of faults for self-
monitoring systems. Our central hypothesis is that machine learning models
trained on extracted hierarchies will bring measurable benefits.

In this chapter, we focus on the use of hierarchies for supervised methods
in machine learning and my contributions to the state of the art. In particular,
we address research questions T-RQI and T-RQII, i.e., "how do we develop
methods to extract hierarchies from data?" and "what makes some hierarchies
better than others?".

Hierarchies of classes for supervised methods have been extensively used
in the literature, in particular in the fields of multi-class [19] and multi-label
classification [14]. In a lesser extent, they have also been employed in multi-
output regression [11]. In the latter case, instead of having classes at the leafs
of the tree, we have targets for which we need to predict a numerical value.

In the literature, there is an ambiguous definition of "hierarchical classifi-
cation." It can be referred to problems where a hierarchy of classes is already
established [18]. Frequently, in addition to the classes at the leaves of the
hierarchy, the meta-classes at the intermediate nodes of the hierarchy have
its own meaning, and obtaining good performance at predicting those meta-
classes is important. Hierarchical classification has also been used for "flat"
multi-class problems where no hierarchy is given, and a hierarchy is extracted
and employed [1]. In these later case, the ultimate goal is to still obtain good
classification performance in the original classes, placed at the leaves of the
tree.

We can define a hierarchy as a set of nodes that are iteratively merged,
forming a tree structure with intermediate nodes. Often, classification algo-
rithms are designed an optimized to deal with binary classification problem.
This is why, typically, hierarchies used for classification are restricted to have
only two children per parent node. However, that is not a real restriction and
there have been interesting contributions using other types of hierarchies [16].

13
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In this thesis, we are interested in exploring how to extract hierarchies from
the data when no hierarchy is given, i.e., finding groups of classes that allow
building better models. We are also focusing on hierarchies where only binary
splittings are allowed.

2.1 Hierarchies: extraction

Formally, a hierarchy is defined as a binary dendrogram. Starting from the
root, all classes are iteratively separated into two sub-trees until each class is
placed in its own leaf of the tree. An example of such a hierarchy can be seen
in Figure 2.1.

EXPERT

ah

SIMILARITY CALCULATION

DATA

-

CLUSTERING ALGORITHM

NNk [o|r
Nirlo|lkr|~
Rrlolr|n|N
o|lr|N|N|k

Figure 2.1: Diagram representing how to extract hierarchies. A hierarchy can
be defined by an expert, or extracted from the data in two steps: measuring
the dissimilarity and clustering the classes

In the absence of a predefined hierarchy, we are interested in extracting
hierarchies from the data. This is achieved in two steps 2.1: first we need to
measure the dissimilarities between classes, each of them characterized by the
points labelled with the corresponding class; then we need to use a clustering
algorithm to create the hierarchy.

2.1.1 Dissimilarity

A class is defined by a set, of points annotated with the same label. Evaluating
the dissimilarity between two classes c1, co means evaluating a function of the
form d(ci,co) = f(De,,De,), where D. = {xi} is the distribution of points
defined by the feature vectors x! annotated with label ¢;.
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Algorithm 1 Agglomerative clustering

Begin with n clusters, each of them corresponding to one fault
Compute distance between every pair of clusters.
Find the most similar pair of clusters and merge them.

Calculate the distance of the newly created cluster to the rest.

A

Repeat steps 3 and 4 until there is just one cluster.

Representative Based Distance One way to measure the dissimilarity
between classes consists of obtaining a representative for each class and evalu-
ating their distance. This approach is frequently employed using the centroid
as the class representative [7]. Once a single data point per class is chosen, any
distance metric can be used to calculate the dissimilarity. It is a straightforward
approach and usually quite favorable in terms of computational complexity.
However, it presents certain drawbacks. For example, the point chosen for a
given class may not be representative or the features used to measure the
distance that discriminate between fault might be hidden in the presence of
multi-dimensional noise.

Classifier Based Dissimilarity = The intuition behind using classifier based
distance [5] is that if a classifier can not distinguish clearly between two classes,
those classes must be similar. Conversely, if a classifier can clearly differentiate
between two classes, those two classes must be dissimilar. The final measure of
dissimilarity between two classes is then the performance of a classifier trained
to distinguish between them.

Algorithm 2 Divisive clustering

1. Begin with all faults in one cluster
2. Divide the objects of each cluster into two groups

3. Repeat until all faults are placed in a cluster of its own.

2.1.2 Hierarchical clustering

Once we have evaluated the similarities between classes, we need to cluster
them together, to finally obtain the hierarchy. There are many clustering meth-
ods present in the literature [17]. Without getting into details, we group these
methods in two classes: agglomerative clustering 1 and divisive clustering 2.
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Dataset name Instances Attributes Classes Min Max
1 Collins 1000 19 30 6 80
2 Pen digits 10992 16 10 1055 1144
3 Abalone 4168 9 21 6 689
4 Arrythmia 438 262 9 9 245
5 Image Segmentation| 2310 18 7 330 330
6 Cartdiotocography 2126 35 10 53 579
7 Semeion 1593 256 10 155 162
8 Texture 5500 40 11 500 500
9 Statlog(Sat) 6430 36 6 625 1531
10 Walking 149332 4 22 911 21991
11 Usps 9298 256 10 708 1553
12 Bach 5571 90 65 6 503
13 Letters 20000 16 26 734 813
14 Helena 65196 27 100 111 4005
15  Plants(margin) 1600 64 100 16 16
16  Plants(shape) 1600 64 100 16 16
17  Plants(texture) 1599 64 100 15 16
18 Mnist 70000 719 10 6313 7877
19 Covertype 581012 54 7 2747 283301

Table 2.1: Information about datasets used in this section: number of instances,
number of features, number of classes, and number of instances for the most
and lest frequent class.

2.2 Evaluation of extracting methods of hierar-
chies for multi-class classification

Extracting of hierarchies for multi-class classification problems has been ex-
tensively used in the literature for many different applications. However, a
rigorous evaluation of the methods to extract hierarchies is usually missing. In
this section, we present a set of experiments showing some common pitfalls in
the evaluation of methods to extract hierarchies for multi-class classification.
We use the datasets shown in Table 2.1, to showcase our conclusions.

2.2.1 Comparing hierarchical methods with non hierar-
chical methods.

Many contributions to the literature on extracting hierarchies to decompose
the multi-class classification problem consist of proposing a method to extract
the hierarchy, evaluating the classifier trained on the hierarchy, and compare
with non-hierarchical methods. Comparing non-hierarchical methods for multi-
class classification with hierarchical methods can lead to incorrect conclusions,
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Single Classifier Random Informed

5 | 0.926+0.0054%  ]0.9537+0.0031] 0.9617+0.0046
9 | 0.8383+0.0061% |0.8627+0.0033| 0.8644+0.0047
10| 0.5099+0.0013+ | 0.599+0.0017 |  0.6028+0.0011
11| 0.8059+0.0031+ | 0.8551+0.006 [0.8929+0.003211T
14(0.20832+0.00091++{0.2361+0.0038(0.2685+0.0023 1"
19| 0.8184+0.0031++ ]0.8595+0.0045| 0.8784+0.00141T

Table 2.2: Comparison of single classifier, Hierarchical Multi-class Classifica-
tion using a random hierarchy, and using an informed hierarchy. Underlined
are those results significantly worse than the other two, highlighted those that
are significantly better than the rest. One arrow indicates a p-value smaller
than 0.05; two arrows, 0.01; three arrows, 0.001.

leading to the validation of the method to extract the hierarchy, where in fact
the extracted hierarchy is not useful.

In Table 2.2, we can see the results of using a single multi-class classifier, a
hierarchical classifier trained on a randomly generated hierarchy and a hierar-
chical classifier trained on a hierarchy extracted using the euclidean distance
between class-centroids as dissimilarity measure and an agglomerative cluster-
ing algorithm. As learning algorithm, we use the CART algorithm, where we
have tuned the pruning parameter and the size of the leaves.

In datasets 5,9, and 10, we observe significant differences between the single
classifier and both hierarchical approaches. But, we do not observe significant
differences between the hierarchical classifiers using a randomly generated hi-
erarchy and the informed hierarchy.

Simply comparing a hierarchical approach with a non-hierarchical approach
can falsely lead us to conclude that the method to extract hierarchies is useful
We can avoid this by using random hierarchies as a benchmark. Suppose the
extracted hierarchy is not significantly better than the random hierarchy but is
significantly better than the non-hierarchical approach, like in datasets 5,9, and
10. In that case, we can conclude that there exist inherent advantages to using
any hierarchy, but we can not conclude that the extracted hierarchy is good.
However, in cases like datasets 11, 14, and 19, when the hierarchical classifier
using an informed hierarchy is significantly better than the classifier trained
on the random hierarchy, we can conclude that some inherent improvement
comes from the hierarchy extraction method.

2.2.2 Evaluating methods to extract hierarchies using
different base learners

We are trying to evaluate methods to extract hierarchies based on the clas-
sification performance of classifiers trained on them. In order to be rigorous
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about it, we need to study the effect of using different base learners in the
nodes of the hierarchies.

To showcase the effects of the power of the base learner, we are going to
use three different learning algorithms: CART (tuning the pruning parameter
and the number of instances in the tree’s leaves), logistic regression, and SVM
with Gaussian kernel (tuning the width of the kernel and the regularization
parameter). We train hierarchical classifiers on 100 randomly generated hier-
archies and evaluate the accuracy and its variance for each hierarchy using a
20-fold Monte-Carlo validation method.

Correlations apn/o(h)
SVM-GLM[SVM-CART|[GLM-CART||[SVM|CART|[GLM
5/ -0.08 -0.18 0.06 1.02] 0.85 [0.20
7/ -0.03 0.02 0.52111 0.86| 0.61 |0.42

Table 2.3: On the left, pairwise correlations between different learning algo-
rithms trained on the same hierarchies. Three arrows indicate that the corre-
lation is significantly bigger than 0, with a p-value smaller than 0.001. On the
right, ratio between the mean variance for each individual hierarchy and the
variance of the performances across all hierarchies.

On the right side of Table 2.3, we can read the ratio between the average
of the variances for each of the 100 sampled hierarchies over the variance of all
the accuracies. This measure indicates how different hierarchies affect the hi-
erarchical classifiers trained with the different learners. Values close to 1 mean
that the choice of the hierarchy has no significant effect on the performance
of the classifiers trained on them. Values close to 0 indicate that the choice of
the hierarchy has measurable effects.

In the case of these two datasets and three learning algorithms, we can see
that the SVM has, in general, high values close to 1, indicating this learning
algorithm is powerful enough not to be affected by the choice of the hierarchy.
On the other side of the spectrum, we see the logistic regression, where the
values are closer to 0, indicating the importance of selecting the best possible
hierarchy to obtain the best possible classification performance.

For a powerful enough classifier, the quality of the hierarchies used has no
measurable effect on the final performance of the hierarchical classifier; at each
node, the classifier is taking optimal decisions independently of how the classes
are split. Therefore, the classifier performance cannot be universally used to
measure the quality of the hierarchy since the quality of the learner can mask
it.
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2.2.3 Good hierarchies are never bad hierarchies

It is worth asking the question "is there an inherent quality of the hierarchy?".
Posed like this, the question might be to broad. However, we can answer the
question "is the same hierarchy good for different base learners?".

On the left side of Table 2.3, we can read the pairwise correlation of the
performance of the three different learning algorithms presented in the previ-
ous subsection trained on the same hierarchies. We only observe a significant
correlation on dataset 7, where both the CART and the logistic regression
algorithms showed sensitivity to the quality of the hierarchy. A positive cor-
relation and bigger than 0 means that there exist an inherent quality to the
different hierarchies, that helps both learning algorithm.

In the rest of the cases, we do not observe significant correlations between
the performance of different learning algorithms. But this does not necessarily
means that there is no inherent quality of the hierarchies, it simply means that
at least one of the classifiers is powerful enough to not be affected by it.

In Table 2.4, we can observe further proof of the relative quality of the
hierarchies. We train hierarchical classifiers with three base learners (CART,
XGBoost, and SVM) on the same set of hierarchies (randomly generated and
extracted after measuring the euclidean distance between the centroid of each
class and using agglomerative clustering algorithm).

There are datasets where there is no significant difference for any base
learners. We can conclude that these datasets are too simple for all of the
base learners, rendering the quality of the extracted hierarchies irrelevant,
e.g., datasets 1, 3, 5, 7, 8, and 9.

There are significant differences between the different learning algorithms
for the rest of the datasets. In general, SVM outperforms XGboost, which, in
turn, outperforms CART. One important result to focus on is that whenever
the informed hierarchy results in significantly improved accuracy compared to
the random hierarchy for one learning algorithm for a given dataset, and there
is no significant difference for another dataset, the significant difference always
happens for the weaker learner. This result further points in the direction that
we are, in fact, extracting useful hierarchies, but for a powerful enough base
learner, the quality of the extracted hierarchy is irrelevant.

2.2.4 Classifier based distance is a spectrum

So far, we have only extracted hierarchies using the euclidean distance between
the centroids as the dissimilarity between classes. Classifier-based distance uses
the intuition that if two classes are similar, a classifier trained to separate them
will have low performance, while if the classes are dissimilar, the performance
will be high.

In Figure 2.2, we can observe the evolution of the performance of a hierar-
chical classifier using logistic regression as a base learner trained on different
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Figure 2.2: Evolution of the performance of Hierarchical Multi-class Classifi-
cation trained on different hierarchies as the complexity of the CBD classifier
increases, compared against RBD.

hierarchies. Each hierarchy has been computed using classifier-based distance
using CART as a classifier. By tuning the pruning parameter of the CART clas-
sifier, we control the complexity of the model. As the classifier used to measure
the dissimilarity becomes more complex (using the time it takes to train the
classifier as a proxy for the complexity), the performance of the hierarchical
classifier trained on the extracted hierarchy improves. As a benchmark, we
have kept the performance of the classifier trained on the hierarchy extracted
using the euclidean distance between centroids.

The intention behind using CBD is to measure how easy two classes are
to separate. More specifically, we want to know how easy it will be for the
learning algorithm trained on the hierarchy to separate between these two sets
of classes. However, the results of training the CBD classifier give us only an
approximation of how well this base classifier will perform.

With this motivation in mind, in the following experiment, we want to ex-
plore the relationship between the power of the CBD classifier used to measure
dissimilarities between classes and the power of the base classifier trained on
the hierarchy.

Figure 2.3 shows how the classification accuracy across two different datasets
changes depending on choosing different configurations of the complexity pa-
rameters for both the CBD classifier and the base classifier. The most interest-
ing results can be seen for the Letters dataset: for the simpler base classifier,
the accuracy drops as the classifier-based distance classifier gets more com-
plex. The same behavior cannot be seen for the MINIST. This shows that
the relationships between classes found by a powerful classifier based distance
classifier will not necessarily be useful when we have a weak base classifier.

In both examples in Figure 2.3, the relevance of the quality of the hierar-
chy decreases as the quality of the base classifier increases. This confirms our
conclusion that a powerful enough base classifier is insensitive to the quality
of the hierarchy.
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Figure 2.3: Comparison of the complexity of the CBD classifier and the base
classifier

Classifier-based distance has previously been used in several places in the
literature (e.g., [19], [5]). It is assumed that a simple classifier can be used
to measure classifier based distance. However, we have shown that this is not
necessarily the case. Classifier-based distance depends significantly on the clas-
sifier used to measure it, and as such needs to be understood and used.

2.3 Underlying reasons to explain why some hi-
erarchies work better than others

We have observed in the previous section that different hierarchies can affect
the performance of a hierarchical classifier trained on them. There is however
an unanswered question: why? Some instances are correctly classified with one
decomposition of the problem, while if the decomposition is different, they are
not correctly classified.

2.3.1 Classification: Heterogeneity of decision boundaries

One possible reason that can explain this behavior is the heterogeneity of deci-
sion boundaries. We define a decision boundary, as the hyper-surface that best
separates two sets of classes. With this definition, solving a multi-class classifi-
cation problem is equivalent to finding all the one-vs-one decision boundaries.

The reason why some decomposition methods work better than others then,
rely on how these one-vs-one decision boundaries are grouped. In the tradi-
tional one-vs-all approach, one classifier is trained for every class to separate
them from the rest of the classes, effectively solving all the one-vs-one decision
boundaries associated with said class. In the also traditional one-vs-one case,
all individual decision boundaries are learn independently.
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Figure 2.4: Toy examples to illustrate the concept of heterogeneity of decision
boundaries. In both cases, we have two sets of points labelled with different
classes and the set of possible lines that could perfectly separate them.
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Figure 2.5: Heatmap of the accuracy of the line classifiers trained to separate
the corresponding classification problems in Figure 2.4

Parametric algorithms: toy example To illustrate the concept of het-
erogeneity of decision boundaries, we propose a simple toy example in Figure
2.4. In it, we have two pairs of classes and all the straight lines that could be
used as decision boundaries and have a perfect accuracy at separating them. If
we wanted to find a straight line, that would simultaneously separate C1 from
C2, and C3 from C4, this line could not achieve a perfect separation.

This phenomenon can be further visualized in the parameter space. In
Figure 2.5, we can see the accuracy heatmaps of the line classifiers solving the
corresponding classification problems in Figure 2.4. Each line can be defined by
two parameters: its y-intercept and its slope. There is no intersection between
the regions of maximum performance of these heatmaps, meaning that there is
no single straight line that could be used to simultaneously classify accurately
classes C1 and C3, against classes C2 and C4.
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Non-parametric algorithms: hyper-parameter tuning The previous
experiment was realized by trying different lines as decision mechanism. An
algorithm that would find the best possible line is logistic regression. Logistic
regression is a parametric algorithm, i.e., it fits the y-intercept and the slope
value to minimize a given error function.

The description of the decision boundaries as the characterization of the
learning algorithm’s performance in the parameter space is key to our defi-
nition of heterogeneity of decision boundaries. But what happens with non-
parametric learning algorithms?

Algorithms such as SVM, decision trees, and KNN are defined as non-
parametric learning algorithms. So, in principle, our definition of heterogeneity
of decision boundaries is not applicable to them.

log2(Lambda)

log2(Gamma)

J-Z2

log2(Lambda)

log2(Gamma) log2(Gamma)

Figure 2.6: Visualization of the relative classification performance of differ-
ent hyper-parameter configurations for four different decision boundaries. The
color gradient corresponds to the relative difference in terms of standard de-
viations from the best possible performance. On the top row, we have an
example of heterogeneous decision boundaries, where the regions of maximum
performance do not overlap. On the bottomo row, an example of two decision
boundaries that are homogeneous, i.e., their regions of maximum performance
overlap.

However, these learning algorithms are not applied "non-parametrically"
in real-life tasks. Instead, there is usually a phase of hyper-parameter tuning.
In the case of KNN, we need to select the number of nearest neighbors; in
the case of SVM, we need to choose an appropriate kernel and regularization
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Figure 2.7: On the left, the training set of the first iteration (no noise). On the
right, the training for the last iteration with noise in all inner triangles.

parameter; in the case of decision trees, we can choose the pruning parameter
of the number of instances in each split.

The concept of the heterogeneity of decision boundaries, in these cases,
is defined in the hyperparameter space. There can be a set of parameters
that prove best to solve a given decision boundary, but they may not be the
best for another decision boundary. We define two decision boundaries to be
heterogeneous if their regions of maximum performance in the hyper-parameter
space do not overlap.

In Figure 2.6, we can see an example of two set of heterogeneous and
homogeneous decision boundaries from a real dataset (Letters) using SVM
with gaussian kernel, tuning the width of the kernel and the regularization
parameter.

Results Equipped with the concept of heterogeneity of decision boundaries,
we decide to study the different methods to decompose multi-class classification
problems. For this experiment, we will use CART as learning algorithm and
we will tune the pruning parameter.

The key tool to manipulate the heterogeneity of decision boundaries of our
dataset is based on understanding how the decision tree can solve diagonal and
parallel to the axis decision boundaries in the presence of noise. To accurately
solve a diagonal decision boundary, we need a very big tree since the CART
algorithm only makes decisions parallel to the axes. But, very deep trees are
penalized when solving parallel to the axis decision boundaries in the presence
of noise, since they will overfit. We use this intuition to create a synthetic
multi-class dataset where we can tune the heterogeneity by adding noise to
some of the decision boundaries. In Figure 2.7, we have an example of the
dataset used without noise (and homogeneity) and with noise in all the inner
triangles (full heterogeneity).

In Figure 2.8, we can observe the performance of the three basic ap-
proaches to solving multi-class classification problems: a single classifier, one-
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Figure 2.8: Accuracy comparison of multi-output, OVA, and OVO classifiers
as the heterogeneity grows.

vs-all (OVA), and one-vs-one (OVO). Without noise (without heterogeneity),
there are no significant differences between the approaches. When decision
boundaries are fully homogeneous, the performance of the multi-output clas-
sifier is indistinguishable from OVO, and only slightly higher than OVA. As
we inject more and more heterogeneity through noise, the performance of all
the classifiers degrades, obviously. However, both OVA and the multi-output
classifier suffer more and perform increasingly worse than OVO.

The key observation here is that OVO treats every decision boundary indi-
vidually, finding the optimal hyperparameter configuration for each. Thus, the
only difference in performance comes from the problem becoming inherently
harder with more noise. The other two approaches group together decision
boundaries, including heterogeneous ones, which necessarily leads to additional
performance loss.

We now introduce two ad-hoc approaches to solve the multi-class problem
by decomposing it using the knowledge of heterogeneity of decision boundaries
(see Figures 2.9 and 2.10). The first one, minimal decomposition, uses multi-
output classifiers at the nodes, the second one Hierarchical Aware Hierarchy,
uses binary splits in the hierarchy.

In Fig. 2.11, we can see the comparison of the two approaches, together with
OVA, with respect to OVO. Again, those decompositions that separate decision
boundaries into homogeneous groups obtain classification performances similar
to OVO, and significantly outperform approaches that do not consider this
information, like OVA.

Measuring heterogeneity of decision boundaries and exploiting it.
As an example, we are going to use again the letter dataset. The dataset has
20000 instances and 16 features consisting of descriptors of distorted letters
from different fonts, corresponding to the 26 letters in the English language.



2.3. WHY SOME HIERARCHIES ARE BETTER THAN OTHERS? 27
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Figure 2.9: Labels for each of the classes in Figure 2.8
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(SRS S O e S S ) T B 84 ¥ KB @ K ® g © - N ® W ¥ @

Figure 2.10: Decomposition of the original multi-class problem into a hierarchy
of classes.
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Figure 2.11: Error comparison of OVA, minimal decomposition, and hierarchi-
cal decomposition with respect to OVO.

For each decision boundary, we are going to compare the accuracy of a
classifier with different hyper-parameter configurations. Let A% be the array
of accuracies of a family of classifiers solving the decision boundary i over
the hyper-parameter space S. The plots in Figure 2.6 are, in fact, the visu-
alization of different A%, where we have sampled a grid of hyper-parameter
configurations. We measure the amount, or degree, of heterogeneity between
two decision boundaries ¢ and j with the equation:

HDB(i,j) = maz(A%) + maz(AL) — maz(A® + A7) g (2.1)

The last term of the equation corresponds to the selection of the hyper-
parameter configuration that produces the highest accuracy of both decision
boundaries as they are combined and solved together. If the two decision
boundaries share a region of the hyper-parameter space where they achieve
the maximum accuracy, the value of HDB is 0, i.e., the decision boundaries
are homogeneous. If they do not share the region of maximum performance,
the maximum value of the combined (A" + A7)g will not coincide with the
individual maxima of Afg and A%. In this case, the value of HDB would be
bigger than 0, indicating that the decision boundaries are heterogeneous and
capturing the degree of heterogeneity. This measure can be easily expanded to
more than two decision boundaries:

HDB(,.,n) =Y max(A%) — max(D A')s (2.2)
i=1 i=1

Using the measure of the heterogeneity of decision boundaries, we are going
to extract a hierarchy in a top-down manner by selecting at each step the split
with the lowest value for HDB. To have a benchmark, we compare the results
against a randomly sampled hierarchy and OVO. Results are presented in Table
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One-vs-One |Random hierarchy | HDB hierarchy
0.9753 £+ 0.0054| 0.9692 + 0.0039 |0.9737 + 0.0040

Table 2.5: Accuracies of One-vs-One, hierarchical classification using a random
hierarchy, and hierarchical classification using HDB measure to create the hi-
erarchy.

2.5. We perform paired t-test comparisons between the different approaches.
The hierarchical approach using HDB measurements to create the hierarchy is
significantly better than the hierarchical approach using a random hierarchy,
with a p-value of 0.04. There is no significant difference between the One-vs-
One approach and the hierarchy using HDB (with a p-value of 0.22).

2.3.2 Hierarchies for Regression: the problem of similar
patterns

Based on our application domain, we are trying to train multiple regressors to
predict time-to-failures related to different types of fault for the same machine.
In the standard formulation of multi-output regression, the task is to train a
model f: XP — V¢ where X? is the feature space of dimension p, and Y is
the output space of dimension d.

In our case study, we have to learn models for time-to-failure prediction for
different types of faults. This is a particular case, since each instance is labeled
with the time-to-failure for a single fault.

There are two possible approaches to labeling the data to train, illustrated
in Figure 2.12. If we denote by S, each of the sequences of time-to-failure,
we can choose to train individual models for each output trained only using
the corresponding sequence; we name this approach "individual model." On
the other hand, we can also use the rest of the sequences corresponding to
other faults and label them with the maximum time-to-failure; we name this
approach "contrast model."

Individual models: the curse of cross-predictions. In Fig. 2.13, we
can visualize the data corresponding to three different sets of sequences, the
failure happens at the end of the sequence and the rest of the data is labelled
accordingly. We could create a model for fault 6, using the Streamdf feature,
obtaining a model that would tell us when the fault is going to happen with
a reasonable accuracy (notice how the data flattens towards the end), and
clearly distinguish it from the other faults. However, without using the data
from other faults as contrast, it seems better to use the feature Stream9b; this
feature has a monotonic growth towards the occurrence of the failure. This
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Figure 2.12: Two different strategies to label each time-to-failure sequence of
data. On the left, we choose to only learn the models for the corresponding
fault. On the right, we use the data from the other faults as contrast.

Stream9F Stream9B

200 205 210 215 220 225 230

49 50 51 52 53 54 55 56

Figure 2.13: Example of two features corresponding to three different types of
faults. In Stream9F, there is a clear distinction between the 3 types of faults.
In Stream9b, however, faults 2 and 6 are harder to distinguish.
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model will create many false alarms predicting time-to-failures for fault 6 in
cases where it was actually fault 2 happening.

CPF |FAH FII
Independent |1 £0|0 +0{0.40+0.01

Table 2.6: Results of the individual model. CPF indicates the correctly pre-
dicted failures, FAH indicates the false alarms when there is no fault in the

machines, and FII measures the false alarms when the fault is incorrectly iden-
tified.

In Table 2.6, we can observe an evaluation of the performance of the indi-
vidual model. The evaluation consists on detecting a fault when the predicted
time-to-failure goes under a selected threshold. The independent model is able
to recognize every fault, but it also issues a lot of alarms predicting the wrong
type of failure. Individual models suffer in the presence of similar patterns la-
beled with different faults, they result in incorrect predictions, predicting low
time-to-failures for the incorrect type of fault.

Contrast models: the curse of similar patterns In the contrast model
approach, we train an individual regressor for each type of fault, but we also use
the data corresponding to other faults as contrast, in order to try to overcome
the drawbacks of the individual models.

CPF |FAH | FII
Contrast| 0+0 | 0+0 [0+0

Table 2.7: Results of the contrast model in the presence of similar patterns.
CPF indicates the correctly predicted failures, FAH indicates the false alarms
when there is no fault in the machines, and FII measures the false alarms when
the fault is incorrectly identified.

However, this type of approach is very vulnerable to the presence of similar
patterns annotated with different labels. In the case of full similarity, this
means that we are training a regressor using completely different labels for
fully similar instances, making the models fail to predict any failure. In Table
2.7, we can observe the results of evaluating the contrast model in the presence
of fully similar faults. Not a single fault was predicted.

Flat approaches for multi-output regression suffer from clear drawbacks.
Regressors only trained on their corresponding target risk recognizing pat-
terns associated with other targets, resulting in our application domain in
false alarms. Regressors trained using the rest of the targets as contrast risk
being completely useless if similar patterns appear in different targets. These
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Figure 2.14: Hierarchy extracted for four classes using the dissimilarity metric.
We use agglomerative clustering with average criterion.
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Figure 2.15: Hierarchy extracted for five classes using the dissimilarity metric.
We use agglomerative clustering with average criterion.
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two phenomena are very obvious and apparent with our problem setup since we
have disjoint labeling of the different targets during the training phase. How-
ever, the underlying characteristics related to the similarity and dissimilarity
between patterns can be extrapolated to the general problem of multi-output
learning,.

We propose to solve these problem by using hierarchies of targets. In Chap-
ter 3.4, we show a comprehensive summary of the methods and results of using
this approach in the application of multi-fault prognosis.

2.3.3 Extracting hierarchies with noise classes

When the extraction of hierarchies of classes is used for multi-class or multi-
output problems there is always an implicit assumption: there are groups of
classes that are more similar between each other than they are similar to others.
In other words, there is an structure in how similar some classes are to each
other.

But, what happens if we introduce classes that are equally similar to all
the classes?

In Figure 2.14, we have an example of a hierarchy extracted with four
classes. We use a hierarchical agglomerative clustering with average link to
extract the hierarchy using the dissimilarity matrix. In total, there are 15
possible hierarchies for 4 classes. Let us assume that this is the hierarchy that
results in the best performance when we train a hierarchical classifier on it and
that any other hierarchy will result in a worse performance.
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Figure 2.16: Hierarchy extracted for five classes using the dissimilarity metric.
We use agglomerative clustering with average criterion.

If we add a new class, equally dissimilar to the rest, the process of extracting
the hierarchy will be affected. Let us start by adding a class dissimilar from
the rest, and easy to predict. In Figure 2.15, we have a depiction of what
would happen. The structure of the hierarchy would be unchanged and the
performance of the classifier trained on the hierarchy should perform similarly
with respect to the four original classes.

On the other hand, in Figure 2.16, we illustrate what happens when we
add a class that is equally dissimilar to the four original classes and noisy. The
resulting hierarchy has changed, and the structure of the four original classes
is not the same. As a result, the performance of the hierarchical classifier
evaluated on the four original classes would change.

This toy example is a bit extreme, but it is not hard to imagine that in the
presence of many "noise" classes, classes that are hard to predict and that are
equally dissimilar to the rest of the classes, the process of extracting a good
hierarchy becomes more difficult. As we add more and more noisy classes,
the signal-to-noise ratio in the dissimilarity measures decreases and extracting
hierarchies that result in a significant improvement for the classifiers trained
on them becomes more and more challenging.






Chapter 3

Predictive Maintenance

Successful predictive maintenance solutions have been an important goal for
many different industries. Not only does it promise optimal maintenance oper-
ations, an increment in productivity and decrease of operation costs; but it also
prevents unexpected breakdowns that can have catastrophic consequences.

For many years, the standard has been to focus on particular components of
the machine and design specific sensors and techniques to monitor its state and
predict future faults. Which component to monitor is usually decided based
on how critical it is for security (e.g., the brakes of a car), how frequently it
has faults (e.g., rolling bearing mechanisms [8]), how mature is the technology,
or a combination of all of the above.

With recent developments in sensor technologies, cloud connectivity or
computing power; the field of predictive maintenance has had a surge in inter-
est, investment and presence of products in many industries. Where we were
using simple sensors to monitor faults [8], now we can use sophisticated cam-
eras to detect defects on the equipment [6]; where we were training physics
based models with low memory footprint [15], now we are deploying complex
deep learning models [13].

But the advancement of technology has also given place for new opportu-
nities. Now, we can go beyond the self-monitoring of selected components; we
can focus on understanding the general behavior of the more complex systems
and target components that are not necessarily critical for the operation of the
machine. We can even study how different components in a complex machine
interact and affect each other.

The seed of this thesis has been the PRIME project, whose goal was to
predict faults in an already deployed fleet of sterilizers. Data had been recorded
in these machines with the purpose of controlling the processes and securing
the proper sterilization of the medical equipment.

35
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The main characteristic of this setup, compared to the traditional single
component cases discussed above, is the complexity of the machine in rela-
tionship with the recorded data: we want to predict and distinguish between
many different types of faults with data describing the general behavior of the
machine during real life operation. This presents challenges that we have sum-
marized in research questions AD-RQI and AD-RQII: "how do we obtain
useful information from repair logs for predictive maintenance?" and "can we
use hierarchical approaches to improve fault detection and prognosis tasks?".

3.1 Realistic evaluation of models.

The goal of developing machine learning models for self-monitoring of complex
machines is to improve maintenance operation, reducing costs and downtime
of the machines. The end-user of this models, and the person that needs to
interpret and exploit their outputs is the technician that will actually carry
out the maintenance operation.

We aim to validate our models and proposed methodologies based on the
utility and the improvement they provide to the end-user, not necessarily on
the traditional machine learning performance metrics. In fact, we show that
these two evaluation strategies might not always be aligned.

We realize this evaluation by understanding how the outputs of the self-
monitoring models can be used in the field. In a simplified scenario, the output
of the models will always be a suggestion of a maintenance operation. The final
evaluation is then based on the costs and benefits of following these suggestions.

3.2 Learning predictive maintenance models us-
ing repair logs

3.2.1 Problem formulation

It is of great interest to learn predictive maintenance models from machines
operating in the field. The behavior of a machine used in the field used by
its users can be very different from how a machine is operated in controlled
lab conditions. And it is precisely on the users’ machines where it is more
important to have successful predictive maintenance models.

Recording operational data describing the operation of the machines can
be done automatically; it is relatively easy and cheap. However, collecting
information detailing the failures that happen in the machines is much more
costly and challenging. It first needs the diagnosis of a technician and the
development of a system to identify, define, describe and delimit what types
of faults happen in the machines. In the absence of these systems, the best
source of information we can get is the sales logs.
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Evaluation Period

Figure 3.1: Workflow of the proposed methodology.

The information that we need is when and what broke in a machine. How-
ever, an entry in the sale log only means that a component was replaced; it does
not mean that the replaced component was faulty. Furthermore, components
can be replaced without the replacement being present in the logs.

3.2.2 Method

Our assumption is that if we can train a classifier on the data before a com-
ponent replacement, and use that classifier to predict another component re-
placement accurately, then those two component replacements are most likely
related to the same type of fault.

Our methodology is described in Figure 3.1. Tt consists of first selecting
those component replacements that are successful at predicting each other.
On its own, this first step would obviously tend to produce models that overfit
the data. In the second step, we use the first step models and collect the false
alarms. Due to the uncertainties in the labels, those false alarms can be actual
false alarms or machines that actually are undergoing a fault. For each of these
false alarms, we will extract a data sample with the sensor data immediately
before the component replacement and add them to the selection process.

Our goal then is to select as many component replacement events as pos-
sible based on the ability to predict each other while keeping the number of
the selected false alarms as low as possible. We achieve this by using a genetic
algorithm using the fitness function presented in Algorithm 3.

3.2.3 Results

Data This experiment was carried out with data coming from sterilizers
placed in different hospitals worldwide. The data was provided by our indus-
trial partner, Getinge AB, in the framework of the PRIME project. Getinge
also provides service and maintenance.
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Algorithm 3 Fitness function for the refinement step.

1: N set of component replacement events and false alarm events.
2: D; = [(x1,y!)...(x™,y™)] dataset for event i
3: R vector of results

4: for i =1 to length(N) do

5: Dirain = U];él Dj

6: m = trainclassifier(D)

7 pred = predictprobability (D;)
8 R; = measureAUC(pred, y;)
9: end for

10: F fitness value

11: for r =1 to length(N) do

12: if ¢ corresponds to a component event then
13: if R; > threshold; then
14: F=F+1

15: else

16: F=F-1/3

17: end if

18: else

19: if R; < threshold,; then
20: F=F+1/10

21: end if

292: end if

23: end for
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We use two years of recorded data produced by the sterilizers. For each
process of the machine (usually called cycle), the raw data contains sensor
reading for the pressure and the temperature in different parts of the chamber.
Working with the experts, we have extracted 86 features that characterize each
cycle. For those two years of data, 275 maintenance events with component
replacements have been recorded in the sales logs.

Evaluation The evaluation is based on the ability to predict a future com-
ponent replacement. When the predictive model outputs an alarm, we simulate
the situation where a technician is dispatched to the machine to check if the
fault is happening or not. If a component replacement happens in the follow-
ing 75 cycles, it is marked as a correct prediction. It is considered an early
alarm if a component replacement happens between 75 and 100 cycles after
the component replacement. If a component replacement is performed without
a previous alarm, it is a missed failure. Finally, if no component replacement
is performed in the next 100 cycles, it is a false alarm. In a realistic scenario,
when an alarm is issued, the technician is sent to check the machine’s status.
If the technician finds that the machine is in a healthy state, we could consider
the alarm to be false and the machine to be healthy for the near future. How-
ever, it is likely that the models would keep issuing alarms, which could be
ignored based on the technician’s expertise. For this reason, in our evaluation,
we observe a cool down period of 25 cycles after a false alarm.

CPRC EA MCR FA
First Step 24 0 70 76
Second Step 30 0 64 67

Table 3.1: Results of predicting failures based on classifiers trained on period
1 (without filtering the false alarms) or periods 142 (including the compo-
nent replacements from period 1 and the false alarms discovered in period 2).
Comparison based on the Correctly Predicted Replaced Components (CPRC),
Early Alarms (EA), Missed Component Replacement (MCR) and False Alarms
(FA).

Result The comparison of the approach using only component replacement
(first step) events and the approach adding the false alarms (second step) can
be seen in Table 3.1. Not only is the Second Step reducing the number of false
alarms by more than 10% (keep in mind that an unknown number of false
alarms is to be expected); but we have also increased the number of correctly
predicted component replacements by 25%.

There are many missed component replacements. As an indication, though,
we should keep in mind that the genetic algorithm employed only selected 20-
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25% of the component replacement events for training. This value roughly co-
incides with the ratio of correctly predicted component replacement to missed
component replacements.

3.2.4 Conclusion

Our expectation was to reduce the number of false alarms after the refinement
phase, which we have achieved by a margin of more than 10%, as verified
experimentally on real-world industrial data.

However, more interestingly, we have also improved the number of cor-
rectly predicted component replacements by a healthy margin of 25% or more.
Adding the false alarms to the training phase not only reduces the number of
predicted false alarms in the future, but also improves the selection of compo-
nent replacement events to create more accurate models.

3.3 Hierarchical classification for fault diagnos-
tics

3.3.1 Problem formulation

In this section, we focus on the problem of fault diagnosis and the application
of hierarchical classification. Fault diagnosis consists on, given a breakdown of
a machine, discovering which specific component is responsible for the fault. To
build the classification models, we use the sensor data describing the operation
of machines.

In doing predictive maintenance tasks for complex machines, such as ster-
ilizers or cars, we are faced with an scenario rarely tackled by the research
community. The sensor data is not good enough to describe the state of each
of the components that compose the machines. The main reason for this is
that these complex machines have a very high number of components, and the
data recorded is not recorded with the purpose of monitoring the state of each
of the components. Usually, this data has been recorded for purposes such as
control, security, or validation.

In addition, in many cases, individual faults are rare. In general, most of
the components of the machine do not break during their lifetime, or if they
break frequently, they might be subject to preventive maintenance operations.
This means that for each individual component, the number of failures that
we see can be scarce.

In this scenario, we assume that classification models aiming to isolate the
responsible for a failure will have a low performance at the component level.
However, we hypothesize that it is possible to build models able to classify
the fault into a reduced group of components. This hypothesis is based on the
intuition that different components, related through the tasks they perform
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in the machine, might cause the same symptoms in the data when they are
faulty. For example, if we are measuring the engine’s power output in a truck,
and it is decreasing, there might be a fault happening in the engine or the
injection systems, but not in the braking system.

To encode the different relationships of similarity between the machine’s
components, we propose using a hierarchy of components to train a multi-class
classifier.

3.3.2 Method

Extracting a hierarchy of components To extract the hierarchy of com-
ponents, we follow a top-down algorithm. Starting with all classes in the root
node of the hierarchy, we iteratively split them into two subgroups until all
classes are finally placed at the leaves.

To select the best possible split, we use a genetic algorithm that uses
classifier-based distance as fitness function; we are looking for the split of
components for which a classifier achieves the maximum performance.

Evaluation We measure the performance of the classifiers using traditional
accuracy and the evaluation in terms of the realistic exploitation of the output
of the model by a technician in a workshop.

The diagnostic model aims to assist the technician in performing the diag-
nosis on the machine, reducing the amount of work needed to find a fault. The
output of a classification model is a numeric vector of probabilities, indicating
how likely it is for each component to be the one responsible for the fault. The
technician receives this input, selects the component with the highest prob-
ability, and performs a test to validate the predictions. If the component is
not faulty, the technician will move to the next most likely one until he finally
finds the fault.

The quality of any model in this framework can be evaluated based on
its utility. We measure this utility by counting the number of tests that the
technician needs to perform to identify the faulty component. Based on the
ground truth, we can always know how many tests are necessary to find the real
fault for every possible classification output. We will make three assumptions to
simplify the experimental evaluation: all the tests consider a single component,
the cost of every test is the same, and the tests are perfect.

3.3.3 Main Results

Data We use the data provided by one of our industrial partners, Volvo
Trucks. We perform our analysis on a fleet of approximately 4000 trucks oper-
ating in Europe for three years. We use two sources of data: operational data
and repair logs.
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The operational data consists of onboard sensor readings, presented as
timestamped instances with two weeks frequency. In total, we have 365 differ-
ent numerical features collected from these sensors. In addition, we have 74
categorical features describing the particular configuration of each truck.

The repair logs contain information about the workshop visits of each truck.
They specify which components have been replaced and when. It is important
to notice that this information includes both replacements due to a breakdown
and a scheduled maintenance operation.

Comparing utility and accuracy We select different sets of components
to test the differences between a single classifier approach and our hierarchical
approach. For each set, we select those components that have proven to be
easier to identify.

Accuracy # of Tests
# Comp|Single |Hierarchical || Single | Hierarchical

12 0.91 0.91 3.16 3.45
17 0.85 0.86 7.48 7.28
20 0.80 0.82 12 7.61
24 0.73 0.71 8.86 6.89
28 0.70 0.67 6.77 5.93
32 0.68 0.70 7.52 6.96
42 0.5 0.52 7.50 7.56

Table 3.2: Evaluation of a single classifier and our hierarchical approach with
different sets of selected based on the accuracy and the number of tests it takes
to isolate the fault.

In Table 3.2, we can see the comparison between the single classifier and
the hierarchical classifier approaches in terms of accuracy. There does not
exist a clear difference between the accuracies of the non-hierarchical and the
hierarchical classifiers. As we increase the number of components, there is a
clear drop in the accuracy. This is an expected result.

In the right side of Table 3.2, we can see the comparison of a single and a
hierarchical classifier based on the number of tests needed to isolate the faulty
component. With very few components, there does not exist a significant dif-
ference between the two approaches. However, as we add more components,
the differences increase — in favor of the hierarchical approach. As we expected,
as the number of components increases, so does the complexity of the relation-
ship between them. Our hierarchical approach is able to encode these complex
relationships and boost the performance.
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Figure 3.2: Relative improvement of the number of tests to isolate the selected
components as a function of the quality of the split as measured in the hier-
archy.

Nevertheless, as we continue to increase the number of components further,
we see that this difference begins to decrease. By adding new components to
our subset, we introduce components with lower predictive power and make
the complete problem harder until the benefits of hierarchy disappear.

If we had evaluated our hierarchical approach only based on accuracy,
we would have concluded that it does not provide any measurable improve-
ment. However, in a more realistic scenario of interaction with the technician
carrying out the diagnostics, we can measure significant benefits. Our hier-
archical approach does not provide a better classification performance at the
per-component level; however, by grouping the components at different levels,
it allows us to create better models at these intermediate levels. It is precisely
this structure in the predictions that can be exploited.

Enhancing the hierarchy If we want to enhance the overall performance of
the diagnosis system, we need better data by, for example, adding new sensors
to the machine. Encoded in the hierarchy is the information of similarity and
dissimilarity between components based on their effect on the data. We can
analyze this information to identify what kind of data is needed to obtain the
biggest benefit.

In this experiment, we simulate the installation of a new sensor that helps
us enhance the performance of the hierarchical model. It is not reasonable to
assume that there exists a sensor that could distinguish between two random
sets with an arbitrary number of components. However, we assume that in-
stalling a sensor that could distinguish between any two individual components
is possible.
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Using the hierarchy, we can identify which pair of components are harder to
distinguish. We simulate this sensor by adding a feature highly correlated with
the true class when it is one of the two components and random otherwise.
For this experiment, we choose the case with 42 components. We choose the
14 nodes of the hierarchy where two components are distinguished. For each
node, we simulate the addition of the new sensor and reevaluate the number
of tests needed to isolate those two components. In Fig. 3.2, we can see the
relationship between the relative improvement in the number of tests and the
quality of the split as measured in the height of the hierarchy. The components
at those lower nodes in the hierarchy present the larger benefit from adding the
new sensor. However, the benefit is smaller for those nodes where the classifiers
were already good enough.

3.4 Fault prognosis

3.4.1 Problem statement

The most valuable output of a predictive maintenance system is detecting a
fault that will develop into a failure, identifying the fault, and predicting the
precise when the failure will occur. With this information at hand, precise
maintenance operations can be scheduled, reducing downtime, increasing the
productivity of the machines, and reducing the cost of maintenance.

In complex systems with many different components and types of faults like
a truck or a sterilizer, some faults show distinctive patterns in the data: distinct
from the data produced by a healthy system and distinct from data associated
with other types of faults. This is the ideal case, implicitly considered “the
norm” and treated extensively in the literature; if it was the only case, one
could simply focus on each type of fault individually. There are also other
faults that do not affect the recorded data, and no approach is capable of
predicting them. Finally, however, there are often sets of distinct faults that
produce similar patterns in the recorded data.

Similarity is not a binary concept. There can be many different levels of
similarity between faults in a complex machine with many different compo-
nents and many different possible faults. We propose a new framework, HMP
(Hierarchical Multi-fault Prognosis). HMP consists of first modeling these sim-
ilarities by extracting a hierarchy of faults. Then, given such a hierarchy, for
each internal node, we will train models to predict time-to-failures related
to the faults in that node. The output of the node models is the estimated
time-to-failure for any of the faults contained in the sub-tree expanded by the
node.
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Training Exploitation

Figure 3.3: Flowchart for training individual models. For each type of fault F;
a regressor R; is trained, that outputs an estimated time-to-failure 6,. The list
of the estimated times-to-failure is fed to the technician that will ultimately
perform the maintenance if needed.

3.4.2 Method

Time-to-failure estimation for multivariate data We train our models
using failure events for each type of fault. For each failure event, we obtain a
dataset D = (z;, T, f) containing, respectively: z;, the vector of values recorded
in the machine describing its operation at time ¢; the corresponding measured
time-to-failure, 7'; and an indicator of the fault happening in the machine,
f e {F,...,F,}, where F; denotes each possible type of fault and n is the
number of possible faults.

The general task is to train regressors to predict time-to-failure. In our case,
the machines undergo only one fault at a time; however, we are interested in
predicting, at any given moment, the time-to-failure for many different faults.
Therefore, the output of our system is a vector of times-to-failure for the n
possible faults:

R(X) = [61, 627 6n]7 (31)

where R is our regressor system, and 6; is the estimated time to failure for
component 7.

Single-fault regressors to predict time-to-failure: contrast model The
simplest approach to predict time-to-failure for n types of faults is to train n

single-fault regressors. In Figure 3.3, we can see the workflow to train and use,

or exploit, these models. A dataset is collected for each type of fault F;, and

individual regressors R; are trained for each fault. Then, those models are used

to predict time to failure for each type of fault 6;, the final output presented

to the technician.
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Training Exploitation

Figure 3.4: Flowchart for training hierarchical models. A hierarchy of faults is
extracted from the data, then for each node N;, a regressor is trained to predict
time-to-failure for any of the faults contained in the node. The output of every
regressor will be an estimated time-to-failure for all the faults contained in the
node. The list of the estimated times-to-failure is fed to the technician that
will ultimately perform the maintenance if needed.

In the contrast model approach, we train an individual model for each type
of fault, but we also make use of the failure patterns associated with all the
other faults, the contrast faults. The goal is to train a regressor that identifies
the degree of evolution of the fault, discerning the faulty data from the healthy
data, and at the same time can discern between different types of faults.

To achieve this, for the contrast faults’ datasets, instead of using the true
time-to-failure, we relabel them with a maximum time to failure T),,., ef-
fectively treating them as if it was data produced by a healthy machine.
The training set we use for this models is therefore, Dy, = D(z:,T,f =
Fl) U D(xtaTmawa f 7é Fz)

HMP, Hierarchical Multi-fault Prognosis HMP groups the faults based
on their similarity. If two faults are similar, as we have shown in Chapter 2.3.2,
the contrast model will fail — but, intuitively, a regressor trained to predict
either of the two faults would be much more successful. Since there can be
many different degrees of similarities, we propose to extract a hierarchy of
faults.

In Figure 3.4, we can see the workflow of the hierarchical approach. Using
the data related to each of the faults, we extract a hierarchy of faults based on
their similarities; then, at each node of the m modes, one regressor is trained
to predict the time-to-failure for any of the faults contained in it. The output
of each of the models is the estimated time-to-failure for any of the faults
contained in this particular node. It is worth noting that, for a given type
of fault ¢, many different nodes will be independently estimating its time-to-
failure, based on different groupings.
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Figure 3.5: An example of a hierarchy of three faults: F1, F2 and F3; two
super-types of faults: S1 and S2; and examples of predicted times to failure.

Our goal when extracting hierarchies is to group the most similar faults.
This translates to first grouping faults with a high degree of similarity close to
the bottom of the hierarchy, then those that are less similar, and finally those
faults that are dissimilar close to the root of the tree.

There is not a single definition of similarity; in our case, we regard as similar
those faults that produce similar failure patterns, x;. Using this definition, we
characterize each fault by its failures patterns, i.e., the data recorded by the
machine from the occurrence of the fault until its failure.

How to train a hierarchical regressor An example of a hierarchy is
shown in Figure 3.5. The hierarchy consists of a set of nodes: the leaf nodes,
each of them corresponding to one of the faults; and the internal nodes, each
of them containing a set of faults.

We will use an approach similar to the flat contrast models. At each node,
we will train a regressor using the failure patterns of the faults contained in
the node labeled with their corresponding time to failure, and the rest of the
faults’ failure patterns as contrast. If .S, is the set of faults contained in the
node and the S, is the set of contrast faults (i.e., those not contained in the
node), the training set will be Dyoq0 = D(x4, T, f € Sp)UD(xt, T, [ € Se)-

Using HMP to estimate time-to-failure Single-fault models were im-
plicitly doing fault diagnosis, i.e., they were estimating time-to-failure for a
specific fault. The output of an intermediate node is an estimated time-to-
failure, but the fault responsible is one of the faults contained in the node.
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If the estimated time-to-failure falls below a given threshold, an alarm is
issued and a maintenance operation needs to be carried out to diagnose the
fault and correct it if necessary. An alarm issued by a node regressor is in fact
multiple alarms, one for each of the faults contained in the node. In order to
rank the faults, and establish an order of preference for the technician, we will
make use of the sub-tree expanded by the node.

The output of the prognostic system is a ranked list of estimated time-
to-failures for the different faults. We rank the faults by going through the
hierarchy starting from the selected node. To select among its children, we
will pick the one that predicts the lowest time to failure until we reach one of
the leafs.

Once we have found the most likely fault to be responsible for the pre-
dicted failure, we repeat the process omitting the selected fault. We repeat
this procedure until all faults contained in the node are ranked. In the exam-
ple in Figure 3.5, the lowest time-to-failure prediction corresponds to the S2
node, meaning that one of the faults contained in that node is predicted to
be responsible for a failure in 5 units of time. The order of priority to check
the different faults will be F'1, F2, F3. Note that F'1 and F'2 are checked first
because the predicted time to failure of S2 is smaller than the one of F'3.

Evaluation In order to evaluate the predictive maintenance solution, we
need to understand, and mimic, how this system will be used in practice.
For each type of fault, the output of the predictive system is an estimated
time-to-failure (sometimes called RUL, Remaining Useful Life). If we depend
solely on these outputs to define our maintenance operation, we need to set a
reasonable time threshold that gives enough time to schedule a maintenance
operation before the failure happens.

The goal of the maintenance operation is to check the prediction and assess
the state of the components related to the predicted fault. In practice, several
alarms can happen simultaneously if the estimated times-to-failure for different
faults all go below the set threshold. Therefore, a technician responsible for
the maintenance should check the different alarms until the fault is found.

If the alarm points to a fault that is actually developing in the machine, the
maintenance operation should avert the failure. If the alarms do not point at
any fault developing at the machine, they will be false alarms. This simplified
framework, gives us a straightforward method to evaluate the quality of our
predictive models: we will quantify the percentage of Correctly Predicted Fail-
ures (CPF-rate), the percentage of False Alarms when the machine is Healthy
(FAH-rate); the percentage of False alarms when a fault is happening, but the
corresponding fault is Incorrectly Identified (FII-rate); and the number of tests
that the technician needs to perform to isolate the responsible fault (NTest).

In order to ease the evaluation of the models, we will make some idealiza-
tions about the performance of the technician and the diagnostics tests that
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are carried out. The on-site tests are always correct: when a failure is pre-
dicted for a given fault, the diagnostics tests used to evaluate the health of the
corresponding components are always correct.

Prediction models are never perfect. Sometimes, a model will continuously
keep issuing alarms for the same fault for a long time. For the purpose of the
evaluation, if a false alarm is issued and the technician deems it to be not
happening, we assume that the fault is not happening and it will not lead to
a failure in the near future, so the consequent false alarms will be dismissed.

Our motivating industrial scenarios share common characteristics regarding
the costs of unexpected failures and false alarms. An unexpected breakdown
is very costly; it means the interruption of service. The machine will not work
again until a technician analyzes the machine, diagnoses, and corrects the
problem, with all the possible extra delays including lack of necessary material
for the repairs, testing the well-functioning of the machine, and so on.

A false alarm is costly since a technician needs to be dispatched to the
machine (or the machine needs to be sent to the workshop) and must test the
machine to check for the suggested fault. However, the operation of the machine
is not affected if the maintenance is scheduled during a natural downtime of
the machine. Therefore, the cost of a false alarm is significantly smaller than
the cost of an unexpected failure.

In either of the situations mentioned above, more than one alarm can hap-
pen simultaneously. In those cases, the technician checks the possible faults
iteratively, based on their estimated time-to-failure, until the fault is found.
These extra tests on the machine result in an increased cost based on the
time and resources needed. We assume that the costs related to checking for
each of the simultaneous alarms are small compared to the overall cost of a
maintenance intervention.

The specific scenario of the predictive maintenance of sterilizers and trucks
is defined by: very complex machines, data that is not good enough to monitor
every possible fault accurately, very high cost of unexpected breakdowns com-
pared to false alarms. This scenario is common to many industrial situations.

3.4.3 Main Results

Data: The TEP Dataset The Tennessee Eastman Process (TEP) is a
chemical process first introduced by [3]. The TEP consists of a reactor, a
product cooler/condenser, a separator and a stripping column with the objec-
tive of reacting feed streams and separating the products. In simple terms, the
TEP takes four input streams and converts the contents in the reactor into
products.

There are different type of signals recorded, such as safety signals: values
recorded to monitor some critical values which, if exceeded, would lead to
hazardous situations in the plant; process signals, measuring the quantity and
the quality of the products of the chemical plant; control variables, the operator
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or the control system manipulates these variables to control the operation of
the plant; and monitor variables, not directly linked to the control or security.

Experimental setup To obtain our dataset, we sample 50 sequences of
failure patterns for each of the 28 types of faults. First, we let the machine run
for 1 hour without interference. Then, we introduce the fault, and we assume
that the plant goes into failure and stops production after 2 hours of running
with a fault. We record data for the 53 features every 3 minutes, i.e., we have
sequences of 60 points, and the fault is injected after 20 measurements. We
also extract sequences of data without the injection of fault to measure the
FAH-rate, i.e., evaluating how often our models predict failure for completely
healthy operation. All sequences of data are extracted independently, so we
can safely use a 5-cross validation scheme.

Our objective is to learn models that predict the time to failure and identify
the fault responsible for it. Without loss of generalization, we set a threshold
of 45 minutes as the necessary time to execute maintenance before the failure.
If our predicted time to failure goes below this number, an alarm is issued and
an intervention by the technician is carried out.

We perform the model selection and final evaluation based on a cost anal-
ysis. We assume that the machines are running healthy most of the time, so
the frequency of healthy state is 100 times higher than the faulty state. We
assume that the cost of an undetected fault is 10 times higher than the cost of
a visit of a technician. In addition, we assume that, once the machine is under
maintenance, the cost of each test adds 0.1 times more cost to the maintenance
operation.

Results We are going to evaluate the models created using our framework
HMP. We are going to compare different approaches to extract the hierarchies
and benchmark it against the single-fault approaches. Our first step is to eval-
uate our approach on a randomly generated hierarchy. Comparing against a
random hierarchy gives us an adequate benchmark to validate the method to
extract hierarchy. At each fold, we will draw a new hierarchy, train, evaluate
the models for each node, and select the combination of models that provide
useful results, similar to how we did in the previous subsection. The results
are detailed in the second row of Table 3.3.

There exists a slight difference in the number of correctly predicted faults
between the random hierarchy and the single-fault contrast model, and as a
consequence, a difference in the final cost. However, this difference does not
prove to be statistically significant after applying the Student’s t¢-test.

In Table 3.3, we can also observe the detailed performance of the models
trained on hierarchies using six different extraction methods. We extract hier-
archies using the classifier based distance (CBD), using area under the ROC
curve as performance, and using the euclidean distance in the feature space
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CPF  FAH FII # of tests | Final cost

Contrast 0.50+0.03 0+0 0+0 1 0.50 £0.03
Random 0.52+0.06 0+0 0.003 £0.003 1.17 +0.18|0.48 +0.06
CBD K-means 0.59+0.01 0+0 0.004+0.003 1.24 +0.01]0.41 +0.01
CBD Bal K-means 0.58+0.02 0+0 0.003+0.002 1.19 +0.08]0.42 +0.02
CBD Agglo 0.55+0.06 0+0 0.002+0.002 1.3 £0.01 |0.45 £0.05

Centroid k-means 0.55+0.003 0 =0 0.003+0.004 1.22 +0.28(0.46 +0.03
Centroid Bal k-means |0.54+0.006 0+0 0.005+0.002 1.17 +0.08|0.46 +0.06
Centroid Agglo 0.53+£0.004 0+0 0.003+0.005 1.18 +£0.23[0.47 +0.04

Table 3.3: Comparison of HMP with different methods to extract the hierar-
chies.

between the centroids of the different types of faults’ failure patterns. We also
use three different clustering algorithms: agglomerative clustering, divisive k-
means, and divisive balanced k-means.

The best performance is achieved by the combination of CBD and K-means.
Up to 60% of the failures are correctly predicted, keeping the number of false
alarms close to 0. There exists a statistically significant difference between this
approach and the flat models with contrast. The improvement over the single-
fault model with contrast originates from the models created at the internal
nodes of the hierarchy. At least some of them contain faults whose failure
patterns are sufficiently similar.

There exists also a statistically significant improvement over HMP using
the random hierarchy. This means that in the data, there exist complex and
distinctive relationships of similarity between the different failure patterns,
complex and precise enough that they can not be found randomly.

On the other hand, hierarchical approaches need a (slightly) higher number
of tests to find the responsible fault. This is to be expected. It is our assumption
that in the presence of the similar faults, the contrast approach will fail to
correctly predict the time-to-failure. A hierarchical approach, able to identify
these similar faults and cluster them together, should create a model able to
correctly estimate the time-to-failure to one of the similar faults; but it would
be less accurate in selecting exactly which of the faults is the responsible one.
In our scheme of costs, where the effort associated with the extra tests needed
to isolate the fault is low compared to the cost of false alarms and much lower
than the cost of an unpredicted failure, it is clearly acceptable to have this
increase in the number of tests in exchange of correctly predicting more faults.

CBD based hierarchies in general outperform hierarchies that used eu-
clidean distance between centroids. Centroid based hierarchies seem to improve
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Figure 3.6: CFP per class evaluated for three different approaches: contrast
model, random hierarchy, and the hierarchy obtained combining the CBD dis-
similarity and the k-means divisive clustering algorithm.

the flat model with contrast and the random hierarchy, but the difference is
not significant. Euclidean distance can suffer from the curse of dimensional-
ity, specifically, in our case, difference between failure patterns can appear in
few specific features, while the rest of the features, which contain a degree of
noise in them, remain unaffected by the fault, rendering the calculation of the
distance between centroids irrelevant.

Analyzing the results of the different clustering algorithms, we can observe
that divisive k-means seems to outperform, marginally, the divisive balanced
k-means, and this in turn outperform marginally the agglomerative clustering.
None of these differences are significant. We can conclude that, for this specific
task and dataset, the biggest source of improvement comes from the method
to measure the similarities between types of faults. Once the similarities have
been computed, the different clustering algorithms to extract the hierarchies
seem to provide marginal gains.

In Figure 3.6, we can see depicted the difference in percentage of faults
predicted (CFP) for each type of fault for the individual contrast model, the
HMP trained on a random hierarchy and the HMP trained on the best hi-
erarchy. There are three sets of faults, based on the results of the different
approaches. There are faults whose failures seem impossible to predict, those
are faults 3, 5, 9, 15, 16, 21, 22 and 28. There are failures whose faults are
"easy" to predict, all approaches achieve maximal performance: 1, 2, 4, 6 and
7. Finally, we have the "interesting" faults, those types of faults for which some
failures can be predicted and some failures can not be predicted depending on
the approach taken. Those are faults 8, 10, 11, 12, 15, 17, 18, 19, 20, 23, 24, 25
and 26. If we compare the performances of the flat models with contrast and
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the model using a random hierarchy, we can see that the random hierarchy
tends to outperform the flat models for the “interesting” faults, although there
are counterexamples.

The hierarchy using the area under the ROC curve and using a divisive
clustering algorithm using k-means always (except one case in fault 13) out-
performs the other two approaches. The improvements are not very high for
most faults, except for classes 14, 19 and especially 27.

In a complex system, with many types of faults, there are going to be many
faults that can be easily predicted, many faults that can not be predicted at
all, and some faults where improvements can be achieved by making the right
decisions. In our case, evaluating the performance of the whole system, pre-
dicting the 28 faults, one can conclude that the hierarchical approach provides
a statistically significant but humble improvement over the contrast models.
However, if we analyze the results on a per-fault basis, we can see dramatic
improvements, for example, for fault 27 we move from less than a 20% CFP
to 100%.






Chapter 4

Summary of papers

This section introduces the motivation, objectives and results of each individ-
ual paper and how they relate to the overall objectives of this thesis.

4.1 Paper I - Filtering Misleading Repair Log
Labels to Improve Predictive Maintenance
Models

One of the main challenges for predictive maintenance in real applications is
the quality of the data, especially the labels. In this paper, we proposed a
methodology to filter out the misleading labels that harm the performance of
Machine Learning models. Ideally, predictive maintenance would be based on
the information of when a fault has occurred in a machine, and what specific
type of fault it was. Then, we could train machine learning models to identify
the symptoms of such fault before it leads to a breakdown. However, in many
industrial applications, this information is not available. Instead, we approxi-
mate it using a log of component replacements, usually coming from the sales
or maintenance departments. The repair history provides reliable labels for
fault prediction models only if the replaced component was indeed faulty, with
symptoms captured by collected data, and it was going to lead to a breakdown.

However, very often, at least for complex equipment, this assumption does
not hold. Models trained using unreliable labels will then, necessarily, fail. We
demonstrate that filtering misleading labels leads to improved results. Our
central claim is that the same fault, happening several times, should have
similar symptoms in the data; thus, we can train a model to predict them.
On the contrary, replacements of the same component that do not exhibit
similar symptoms will be confusing and harm the ML models. Therefore, we
aim to filter the maintenance operations, keeping only those that can be used
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Evaluation Period

Figure 4.1: Workflow of the methodology proposed in Paper I.

to predict each other. If we can train a successful model using the data before a
component replacement to predict another component replacement, then those
maintenance operations must be motivated by the same, or a very similar, type
of fault.

On its own, a filtering approach based on this approach will inevitably
result in an overfitted model, i.e.; a high number of false alarms. Our full
approach, exemplified in Figure 4.1, uses two steps to filter the repair logs. On
a first step, we use a genetic algorithm to select those maintenance repairs that
can predict each other and train a predictive model. On the second period, we
evaluate the model created in the first period and compute the false alarms.
The final selection is achieved with another genetic algorithm to maximize the
number of maintenance operations that can predict each other while keeping
the number of false alarms as low as possible.

Author Contributions: The author of this thesis designed and imple-
mented the work presented in the paper, performed the experiments, wrote
most of the text of the paper, and created all visualizations.

4.2 Paper II - Hierarchical Multi-class Classifi-
cation for Fault Diagnosis

This paper formulates the problem of predictive maintenance for complex sys-
tems as a hierarchical multi-class classification task. This formulation is useful
for equipment with multiple sub-systems and components performing hetero-
geneous tasks. Often, the data available describes the whole system’s operation
and is not ideal for accurate condition monitoring. In this setup, specialized
predictive models analyzing one component at a time rarely perform much
better than random. However, using machine learning and hierarchical ap-
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proaches, we can still exploit the data to build a fault isolation system that
provides measurable benefits for technicians in the field.

We propose a method for creating a taxonomy of components to train
hierarchical classifiers that aim to identify the faulty component. The output
of this model is a structured set of predictions with different probabilities for
each component.

Using a dataset from a real-case problem coming from the automotive in-
dustry, we demonstrate how traditional machine learning performance metrics,
like accuracy, fail to capture practical benefits. Our proposed hierarchical ap-
proach succeeds in exploiting the information in the data and outperforms
non-hierarchical machine learning solutions. In addition, using hierarchies, we
can understand which components’ faults are harder to predict, allowing us to
identify which sensors can be added to improve the overall predictive system

Author Contributions: The author of this thesis designed and imple-
mented the work presented in the paper, performed the experiments, wrote
most of the text of the paper, and created all visualizations.

4.3 Paper III - Hierarchical multi-fault prognos-
tics for complex systems

The field of predictive maintenance for complex machinery with multiple possi-
ble faults is an important but largely unexplored area. In general, one assumes,
often implicitly, the existence of monitoring data specific enough to capture
every possible fault independently from all the others.

In this paper, we focus on the problem of predicting time-to-failure, or
remaining useful life, in situations where the above assumption does not hold.
Specifically, what happens when the data is not good enough to uniquely
predict every fault, and, more importantly, what happens when different faults
share the same symptoms on the recorded data.

We demonstrate that prognostics approaches learning independent models
for each fault are inadequate. In particular, in the presence of faults that
produce similar failure patterns, they produce false alarms disproportionately
often or miss the majority of failures.

We propose the HMP framework (Hierarchical Multi-fault Prognosis) to
solve this problem by extracting a hierarchy of faults based on the similarity
of the data they produce. At each node of the hierarchy, we train a regression
model to predict the time-to-failure for any of the faults contained in this node.
The intuition is that while it might be impossible to predict individual time-
to-failure in the presence of similar faults, a model trained on aggregated data
can still provide useful information. We demonstrate through experiments the
validity of our approach.
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Author Contributions: The author of this thesis designed and imple-
mented the work presented in the paper, performed the experiments, wrote
most of the text of the paper, and created all visualizations.

4.4 Paper IV - Pitfalls of Assessing Extracted
Hierarchies for Multi-Class Classification

Using hierarchies of classes is one of the standard methods to solve multi-
class classification problems. In the literature, selecting the right hierarchy is
considered to play a key role in improving classification performance. Although
different methods have been proposed, there is still a lack of understanding of
what makes a hierarchy good and what makes a method to extract hierarchies
perform better or worse.

To this effect, we analyze and compare some of the most popular approaches
to extracting hierarchies. We identify some common pitfalls that may lead prac-
titioners to make misleading conclusions about their methods. In addition, to
address some of these problems, we demonstrate that using random hierarchies
is an appropriate benchmark to assess how the hierarchy’s quality affects the
classification performance.

In particular, we show how the hierarchy’s quality can become irrelevant
depending on the experimental setup: when using powerful enough classifiers,
the final performance is not affected by the quality of the hierarchy.

Our results confirm that datasets with a high number of classes generally
present complex structures in how these classes relate to each other. In these
datasets, the right hierarchy can dramatically improve classification perfor-
mance.

Author Contributions: The author of this thesis designed and imple-
mented the work presented in the paper, performed the experiments, wrote
most of the text of the paper, and created all visualizations.

4.5 Paper V - Why is Multi-Class Classification
Hard?

In classification problems, as the number of classes increases, correctly clas-
sifying a new instance into one of them is assumed to be more challenging
than making the same decision in the presence of fewer classes. The essence
of the problem is that using the learning algorithm on each decision bound-
ary individually is better than using the same learning algorithm on several
of them simultaneously. However, why and when it happens is still not well-
understood today. This work’s main contribution is to introduce the concept
of heterogeneity of decision boundaries as an explanation of this phenomenon.
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Based on the definition of heterogeneity of decision boundaries, we analyze
and explain the differences in the performance of state of the art approaches
to solve multi-class classification. We demonstrate that as the heterogeneity
increases, the performances of all approaches, except one-vs-one, decrease. We
show that by correctly encoding the knowledge of the heterogeneity of decision
boundaries in a decomposition of the multi-class problem, we can obtain better
results than state of the art decompositions. The benefits can be an increase
in classification performance or a decrease in the time it takes to train and
evaluate the models.

We first provide intuitions and illustrate the effects of the heterogeneity of
decision boundaries using synthetic datasets and a simplistic classifier. Then,
we demonstrate how a real dataset exhibits these same principles, also under
realistic learning algorithms. In this setting, we devise a method to quantify
the heterogeneity of different decision boundaries, and use it to decompose the
multi-class problem. The results show significant improvements over state-of-
the-art decompositions that do not take the heterogeneity of decision bound-
aries into account.

Author Contributions: The author of this thesis designed and imple-
mented the work presented in the paper, performed the experiments, wrote
most of the text of the paper, and created all visualizations.






Chapter 5

Conclusion

In this chapter, we conclude this thesis by first revisiting research questions
and providing a summary of the main takeaway messages and the major con-
tributions of the work. Then we present interesting future research directions
that could stem from the work presented here.

5.1 Revisiting The Research Questions

This thesis revolves around the concept of extracting hierarchies of classes from
the data and the utilization of these hierarchies to improve the performance of
supervised learning tasks. We have applied these techniques in the application
domain of self-monitoring of complex machines.

Carrying out diagnostics or prognostics using real-life data coming from
complex machines is a generally overlooked problem in the scientific litera-
ture. From the exploitation of information from repair logs to do predictive
maintenance, to the developing of new techniques to deal with the inadequacy
of the data to monitor each and every single component requires for new tech-
nical and theoretical innovations.

Our application domain has served as an inspiration, motivation, and test
field for our theoretical contributions, but it has also allowed us to prove the
utility of our approaches beyond the contributions to the state-of-the-art of
machine learning and data science.

Here, we review the research questions presented in Section 1.3 based on
the contributions and findings presented in different works in this thesis.

Application Domain Research Question I: How do we obtain useful
information from repair logs for predictive maintenance? In Paper
I, we have developed a novel filtering approach to solve the problem of the
inaccuracies stemming from using repair logs as a source of labeling for sensor
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data. This approach has proven to, as expected, reduce the number of false
alarms that are produced by just selecting those component replacements that
are good at predicting each other. Furthermore, it has also succeeded in in-
creasing the ability to predict more faults.

Application Domain Research Question II: Can we use hierarchical
approaches to improve fault detection and prognosis tasks? In Paper
II, we have used hierarchical multi-class classification for fault diagnosis. Our
proposed hierarchical approach does not show significant improvement over
non-hierarchical approaches in terms of traditional machine learning perfor-
mance metrics; however, it does show improvement when measuring the utility
that a fault diagnosis system based on its predictions would get. Furthermore,
we have shown that the hierarchy of faults extracted can be used to direct the
future improvement of the diagnostic system, by isolating those faults that are
more similar and would benefit more from an investment in developing better
monitoring equipment to diagnose their faults.

In Paper III, we have used a hierarchy of faults to perform multi-output
prognosis. Hierarchical multi-output regression is a very untreated topic in the
literature, and to the best of our knowledge has not been used in the field of
predictive maintenance before. We have shown how multi-fault prognostic is
particularly sensitive to the presence of different faults that produce similar
symptoms in the data, reducing the performance of the learned models dra-
matically. Our proposed method is able to overcome this problem by grouping
similar faults together and learning regression models able to predict the time-
to-failure of any of those faults.

Theoretical Research Question I: How do we develop methods to
extract hierarchies from data? In Paper IV, we have dealt with common
pitfalls found in the literature about the evaluation of methods to extract
hierarchies from the data. Traditionally, contributions in the topics of hierarchy
extraction for multi-class classification tend to miss a rigorous evaluation of
the extraction method. We propose using random hierarchies as an appropriate
benchmark to be able to isolate the quality of the extracted hierarchy, isolating
its effects from other aspects of the problem.

Evaluating the quality of the extracted hierarchy through the performance
of a hierarchical classifier trained on it is also problematic. We have proven
that for a powerful enough classifier, the quality of the hierarchy becomes
irrelevant.

Finally, we have also studied the utilization of classifier based distance as a
way to measure dissimilarity between classes to extract hierarchies. It is gener-
ally assumed that classifier based distance is going to be a good dissimilarity,
but this will intuitively depend highly on what type of learning algorithm is
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used to measure the dissimilarity, but less intuitively on the learning algorithm
used for the hierarchical classifier.

In Paper V, we have proposed a new dissimilarity measure based on the
heterogeneity of decision boundaries.

Theoretical Research Question II: What makes some hierarchies bet-
ter than others? In Paper V, we have introduced and extensively discussed
the concept of heterogeneity of decision boundaries. The heterogeneity of de-
cision boundaries provides, at least partially, an explanation as to why some
decomposition methods work better than others. We have analyzed how the
heterogeneity of decision boundaries affects traditional methods to decompose
the multi-class classification into smaller problems, and how it explains the dif-
ferences in performance between them. We have also shown that approaches
that decompose the original multi-class problem taking into account the het-
erogeneity present significant improvements compared with approaches that
do not take it into account.

In Paper III, we have shown how the similarity between patterns can dra-
matically affect the performance of multi-output regression problems.

In Paper II, we have briefly discussed the problem of "noise" classes in the
process of extracting hierarchies. The intuition behind the extraction of hier-
archies is that there exists a group of classes more similar between them, than
they are similar to the rest of the classes, i.e., that there exist structure in these
relationships of similarity. However, in the presence of noisy classes, equally
dissimilar to all the classes, the similarity of structure can be submerged in
the noise, and the extraction can become impossible.

5.2 Future Work

In this thesis and the attached papers, we have emphasized evaluating the
quality of different approaches based on their utility for the final user. In our
case, we have used simplistic simulated scenarios, where we have counted the
number of false alarms, correctly predicted failures, or the number of tests it
takes to isolate a fault.

A fundamental question yet to be answered in the scientific literature is
how to implement these models in real-life scenarios and convince the final
users of their utility. Maintenance of complex equipment such as cars, trucks,
or sterilizers is carried out by expert technicians able to recognize, identify,
and correct faults. How to integrate their expertise with predictive models us-
ing sensor information and sophisticated signal processing and machine learn-
ing techniques can be very challenging, especially since these technicians are
experts in identifying and diagnosing faults when breakdowns have already
happened. The symptoms of a very advanced fault can be very different from
the early symptoms of an emerging fault.
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We believe that the organization of faults in hierarchical structures can be
instrumental in this process. Furthermore, the process of extracting hierarchies
can benefit from the technicians’ expertise. For example, faults can be grouped
based on the function of the different components they are related to.

We have evaluated our hierarchies based on the final performance at the
leaf level and the performance at identifying individual faults. One of the
assumptions we made in papers IT and III is that the technician had to perform
one test per suggested component to identify faults and that all tests had
similar costs. This process is more complex in real life. There can be simple
and cheap tests to discern between many faults (e.g., if a car does not start up,
the fault is probably located in the battery system and definitely not in the
braking system) and very complex and costly tests to check for other individual
faults.

Hierarchies of faults allow us to develop global predictive maintenance op-
erations taking these heterogeneities into account, allowing for hybrid solutions
where both expert knowledge and machine learning models can coexist. Based
on their respective performance, at some levels of the hierarchy, the decision
can be made by an expert running one of these simple tests, whereas, at other
levels of the hierarchy, we could rely on machine learning models to identify
and evaluate complex symptoms.

We have explored in depth how different methods of extracting hierarchies
affect the performance of multi-class classifiers. We have also shown that in
multi-output regression, there is a measurable improvement by using "in-
formed" hierarchies over random ones. However, there is still a gap in under-
standing how different hierarchies and different methods to extract hierarchies
can affect the multi-output and multi-label cases.

In hierarchical multi-class classification, we are making an "OR" decision
at every node: either the left or right child node is selected. However, this
decision becomes "OR/AND" in the multi-label or the multi-class case. Given
that there is experimental evidence that there are better and worse hierarchies,
it is interesting to explore what characteristics of the data influence these
differences and find which are the best methods to extract hierarchies for these
tasks.
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