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Abstract

Thelast decade$iave seen the evolution afidustrial productioninto more sophisticateghrocesses
The development ofpecialized highend machineshas increa®d the importance of predictive
maintenance of mechanical systentsproduce highguality goods and avoid machine breakdowns
Predictive maintenancéastwo main objectiveso classif the current statusf a machine component
andto predictthe maintenance intervaby estimatingts remainingusefullife (RUL)Nowadays, both
objectives are covered hyachine learning and deep learniagproachesandrequire largetraining
datasetsthat are often not availableOne possible solution may be transfer learning, where the
knowledge of a largedlataset is transferred to a smaller ane

This thesis is primarily concerned with transfer learniiog predictive maintenancefor fault
classificationand RUL estimation The first part presents he stateof-the-art machine learning
techniqueswith afocus on techniques applicabie predictive maintenance task€hapter2). This is
followed bya presenttion of the machine tool background and current reseatbhat appliesthe
previously explained machine learning techniques to predictive maintenance (@kkgpter3). One
novelty of this thesis ighat it introducesa newintermediate domairthat representsdata by focusng
on the relevant informationio allowthe data to be used on different domains withdosingrelevant
information (Chapter4). The proposedsolution is optimizedfor rotating elements Therefore,the
presentedintermediate domain creates different layers by focusing on fingt frequenciesof the
rotating elements Anothernovelty of this thesis ists semi and unsupervisemansfer learningbased
fault classificationapproach fordifferent component typesunder different process conditions
(Chapterb). It isbased orthe intermediate domairutilized by aconvolutionalneuralnetwork (CNN)

In addition a novel unsupervised transfer learning loss function is presented based omatiimum
meandiscrepancy (MMD)ne of the stateof-the-art algorithms.It extends the MMD byconsidering
the intermediate domairlayers therefore, it is calledhyeredmaximummeandiscrepancy (LMMD).
Another novelty is arRULestimationtransfer learningapproachfor different componenttypes based
on the data ofaccelerometes with low sampling rate¢Chapter6). It appliesthe feature extraction
concepts of the classification approadhe presented intermediate domain and the convolutional
layers.The features arehen used as input for iongshort-term memory (LSTM) networRhe transfer
learning is based on fixed feature extractiovhere the trained convolutional layers are taken over
Only the LSTM network has to be trained agdihe intermediate domainsupports this transfer
learning typeas itshould be similar for different component typda additiont enablesthe practical
usage of accelerometers with low sampling rates during transfer learning, which is an absolute novelty.
All presentednoveltiesare validated irdetailed case studiesising the example of bearing€hapter

7). In doing sotheir superiority over stat®f-the-art approachess demonstrated
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Figure 42: Calculation of the loss value with the LMMD loss function on fully connected layer 1.
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layer for each class is the input of an MMD function. All resultettay are the total
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1 Introduction

1.1 Problem Statement

Qurrent industrial production processes are becomiimggreasingly optimized and thus, also
increasinglycomplex. For this purpose, specialized hégld machines have been developedhich in

turn lead to higher investment costs anthus, higher machine hour costd]. Nowadays, these
machines produce their workpiecésoughjust-in-time production.If there are no disruptions in the
supply chain, avorkpiece is processedith nearly no further time buffer in the production chain
Therefore, it is desirable to keep the machine downtime as low as possible. Downtimes may be caused
by maintenance intervals and unexpected failures. If one component of a machine fails, the entire line
or even anothecompanythat depends on the produced workpieogay beforced todelay production

This is leading more and more companiesdly on predictive maintenancén a recent Europwide

poll of 1550 industrial companies, 78% statddat they already use predictive maintenance

mechanismg$2].

All machine failures Spindle failures

13%

= Axis = Electricity = Cooling system = Bearing defects = Other spindle errors/tool changer

Figurel: Failure probability on grinding machin@sventysix percentf all failures are based on spindle errgkmong those,
42% of the failures ardue tobearing defect$3].

The machines monitored by a predictive maintenance processistof manydifferent components.
Each of them is receptive faults. The range of differenfiault types and their consequenséecomes
obviouswhenlooking at the example of a grinding machiAegrinding machine is a machitwol that
uses a grinding wheel made of hard material grains to produce a workipiategh-precisionmaterial
removal processAmongst components like ax or electrical componentgne componenthat fails

in 26% of their breakdowns is the grinding spindle or the tool cha3draulty bearings are the cause
of grinding spindle failurén 42% ofthe cased4] (seeFigurel). Changing a grinding spindle can take

several hoursTherefore, b reduce the costs of a failure, it is essential that failures should be identified
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in advance. By detecting an impending failure, a replacement spindle can be ordered before a defect
appears and maintenance can be planned.

Due totheir complexity complex defects, such asearing defecs, cannot be easily detectedor
predicted with traditional, normachine learningpased methoddike a simple threshold analysjfS].
Machine learning promises better solutions for problems that normally require a lot of manual fine
tuning or cannot even be solved at all using traditional technidégsTherefore,one focus othis
thesisis predictive maintenance using machilearning technigues. There are two areas of interest in
the context of predictive maintenance: the detection of faults by means of classification and the
estimation of remainingiseful life(RUL)

An essentialfactor for machine learning is the availability of a large amount of data to &naéhtest

the parameters of the machine learning models. This is especially important for deep learning,models
such asconvolutional neural network6CNN), whichk NS o6+ aSR 2y GRSSLX I &SN
networks and thereforehave even more parameters to train. If the amount of data is too, fine
trained model tends to overfif6]. This means that the model matches for the samples in the training
dataset but not for other samples. Most of the machine learning approaches need labeled data to train
the model. This means that each datapoint should be assigned to alstienrresponds to the labels
used for the classification resulfg].

As stated abovehere are a lot of specialized machines. Since all of them have theisetup with
different components there is no common dataourcethat can be used for training a predictive
maintenance system. Even on the sammachine,the error pattern can vary based on process
parameters likehe rotational speed ofa spindle It also happens that measurement data is available
but is not labeled completely. Disassembly gfrassed or welded componerguch asan electronic
device ora bearing to determine the exact cause of a fault is demanding and tbmesuming.The
situation is made more difficult by the fact that many companies do not publish their, dath
thereforethis datacannot be used as a reference. For this reason, a lot of the current research is based
on artificially created laboratory dat@]. In addition to the fact that the faults are often artificially
created, there is anothedownside the missingnegative impacfrom other machine components

terms ofbackground nois. However, here exist solutioato overcome theaforementionedlack of

large, labeledlatasets One of these solutions is sm@lledtransfer learningwhichusesthe knowledge

of alarge, labeledsource dataset to improve the accuracy of a tardetaset thatcan besmall and
unlabeled in the most unfavorable ca@d. Transfer learning can be used faror classificatiotasks

as well as foremaining useful liféasks.

The conditions mentioned abovenake it nearly impossible for small companies to have a working

predictive maintenance solution for their machin&ich companies require solutions that
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Can handlethe predictive maintenance task of reabrld machines witta lot ofnoise.
Canhandle various process parameters ltke rotational speed of thespindle.
Canhandle the problem of having ongmalldatasetsthat are oftennot evenlabeled.

Arebased on machine learning techniques to avoid manualtfiméng.

= =4 =4 =4 =

Achieve better resultshrough transfer learning

1.2 Research Objectives

This thesiexploresthe research challenges around predictive maintenance solutions for use cases
with a small amount ofabeled,unlabeled or rarely labeled data. The approaches presented in this
thesis focus on transfer learning approaches to tackle the lack of data in a target d@ueimy the
process of solving the research questiofi®y), the followingresearch challenges (BGwill be

discussed

RC1: Which methods are appropriate fopredictive maintenance task®f machines based on
features ofsensor data?
With the rise of machine learning over the last decade, a lot of research has been perform
the topic of predictive maintenance. Therefore, the current state of the art covers manj
methods. However, open questions are related to their usage fdrlifegpredictive maintenance
scenarios.
9 Are the methods appropriate for the analysis of sensor data?
9 Which feature extraction methods are suitable for the needs of predictive maintenan

1 Which deep learning methods are available for this use case?

RC2: Under which constraintgan the different methodse used?
This question is especialiyportant for the different predictive maintenance scenarios that 3
also based on a variety of different dataset types. On the one hand, amongst others the foll
questions arise regarding feature extraction:

1 Which methods are appropriate for stationary signals?

I Which are even usable with nonlinear and r&tationary signals?
On the other hand, different machine learning methods exist. Here, relevant questions inclu

1 Which machine learning methods are well suited for small training datasets.

I Which machine learning methods are only usable for large datasets?

I Which methods are suited for transfer learning to overcome the problem of s

datasets?
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RC3: How can existing methods be combined and optimizedcomplement each othe?
There are many different methods, but it remains an open question how they can be used tog
to achieve optimal results. The combination of different feature extraction methods and trai
learning methods is of special interest here.
I Are datadriven feature extraction approaches like the Hilbelttang transform or hybrig
approaches, such as handcrafted intermediate domains, better suited for this task?

I Based on the ofteismall datasets for a specific machine component, can transfer lear

be a solution?

9 Is it possible to use such a solution even for partly or unlabeled datasets?

These RCs are general and not specialized for a specific complmemirast to this, this theselso
answes three bearingspecificresearch questionswhich are defined and derived at the end of
Chapter3. These questionare the result of the presentation of the machine learning and predictive
maintenance state of the art iGhapters2 and 3.

Theresearchquestions are:

RQ1 What are the necessary characteristics ofreew classificationmethod, which can take
benefits of a dataset of a different bearing type for a partly labeled target dataset that is collec

under different process conditions?

RQ2 What are the necessargharacteristics of amew RULmethod, which can take benefits of 4
dataset of a different bearing type, for a labeled target dataset that is recorded with sensors V|

low sampling rates?

RQ3 Whatare the necessary characteristics of a feature extraction method that is well suited
transfer learning? This method must be stable enough to be used on different bearing ty
without changing itsparametrization or making significant changes to a subsequent machi

learning model for different bearing types.

In order to answer these three RQs, it is essential to know which methods are appropriate for
predictive maintenance tasksr machines based osensor datand under which constraints they can

be used. In addition, the answers may appropriately combine these methods. This is what the RCs are
about. Thereforethe findings of the R&are used as input for answering the @s can be seen in
Tablel, this results irthe RCdeinganswered at the beginning of this thesis. The answers for the RQs

that build on the answers for the RCs are given afterward.
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In order to be able to assign the content of the individual chapters to the questions, a brief assignment
of their content to the questions is made at the end of each chapteaddition, adetailed answer for

each question is givein Chapter 8 of this thesis.

Tablel: Organization of the research questions in thapters of thighesis

Research Question Chapter

2 ‘3 ‘4 5 6 7

RC1: Methods
RC2: Constraints

RC3: Combinations & Optimizations
RQ1: Classification
RQ2 Remaining Useful Life

RQ3: Intermediate Domain

By answering the research questions, theee main contributionsof this thesisare developed:

1. A new layethased intermediate domain that focuses on fault frequencies of bearings. This
intermediate domaincan be used on different bearing types gmucess conditions without
any modifications.This intermediate domain is well suited for transfer learning and is the
answer to RQ, which asks for such a feature extraction mechanism.

2. The first transfer learning approach for fault classificationbefringsthat suppors a
knowledge transfer between differedomponenttypes and at the same timesignificantly
different process parameters. For this purpose, a CNN solution basbeé oewintermediate
domain is presented. In addition, a new loss functibat extends an existing loss function
calledmaximummeandiscrepancy NIMD) is presented This new loss function for training a
neural networkusesthe characteristicef the intermediate domain and is calléayered MMD
(LMMD).This approachdirectly targetsRQ1 which asks foa new classification approach for
fault classification of partly labeled datasets.

3. The first transfer learning approach for Réfitimationbetween different typeshat is based
on datafrom accelerometers with low sampling rates. Here, a feature extraction mechanism
based on the intermediate domain and convolutional layers is usednbinationwith along
short-term memory (LSTN network This approachirectly targetsRQ2 which asks for a new
RUL estimation method for labeled datasets

All novelties are presented and evaluatbdsedon the concrete example of bearingsit might be

adaptable to other components with periodic movemergsch as gears.
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1.3 ThesiQutline

Building on thepreviouschapter, whichassignedhe research questions to the different chapters
this thesis thischapterwill explain the individual chapters and their conter@apter 2 of this thesis
introduces a comprehensive backgroundtod machine learning concept in general as well as for the
specific task ofransfer learning fopredictive maintenancewhich coves, for instance convolutional
neural networks.

Chapter 3 illustrates the topic of predictive maintenance. This is doneragking predictive
maintenance in theontext ofIndustry 4.0 Afterward, an introduction to thebackground of grinding
machines, spindles, and bearinigsgiven. In addition, thehapter presents theurrent research on
predictive maintenance with a focus dhe state of the art for transfer learningin the context of
bearings in grinding spindle$his include€NNbased transfer learning for bearing fault classification
andrecurrent neural networkRNN/LSTMbased transfer learning for estimating the remaining useful
life of bearingsFinally the three research questions are defined based on the previously presented
state ofthe art

In Chapter 4, a novelfeature extraction method based on antermediate domain that focses on
relevant information of processes with rotating elements is presented. This intermediate domain
comes without a loss of relevant information.

Anovel solutiorfor transfer learningbased faulclassification is presented tthapter5. This covers a
CNNbased transfer learningrchitecturethat uses than Chapter4 introducedintermediate domain

as input.In addition,a new domain adaptation loss functiealled LMMD is introduced

The next chapterChapter 6) presens a solution for thetransfer learning task othe RULscenario.
Therefore the featureextracton part of the classification task is reusddhis reusegart is based on
the intermediate domairof Chapter4 and the convolutional layersf Chapter5. AnLSTM network is
used for the RUL estimation to cover the time dependendieaddition, a transfer learning approach
based on fixed feature extraction of the convolutional layierpresentedThis approaclalso hasa
particularfocuson beingusable for acelerometes with low sampling rates.

In Chapter 7, both presented solutions are demonstrated and verified case studies. For the
classificatiorpart, this is doneby an exploration based othree reference datasetsiwo of them are
bearingdatasetsavailable in the public domajand one is a private one of bearing faults in grinding
spindles.In unsupervised and sermupervised scenarios, other feature extraction methods and loss
functions are compared to the intermediate domain and LMMTis is followed by a benchmark
against a current statef-the-art approach Finally, averification ofthe RULapproach igjivenbased

on the execution of the IEEE PHM D@taallenge 201,2whichwasa challenge for the estimation of
the RUL for bearings.



1.3. Thesis Outline

The last chapterGhapter 8) summarizeshe main contributions and conclusiomwd this thesis which

answer the research questions and suggesbmmendations for future work.
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2 Machine Learning Background

2.1 Introduction

Thischapterpresentsthe background and current statef the art for machinelearning (MLjand deep
learningin the contextof predictive maintenance solutionszirst machine learningn general is
introducedin Section2.2. Section2.3 describes important feature extraction methods for time data.
Section2.4illustratesthe theoretical backgrounds of transfer learniagd describes the stateof the

art for transfer learnindor deep learningechniques usedater in this thesis.
2.2 Machine Learning in General

2.2.1 Introduction
According to Arthur Samuel, machine learning i& field @f study that gives computers the ability to
f SENY 6AGK2dzi 0 SAy J10]SThisdnvoldes thé @llowidbiddeditslbf Yndchifes
learning compared to traditional programming technigyék
9 It can perform better and simplify programmirigr problems where a lot of hantlning is
required or long lists of ruleare needed.
1 It can provide solutions forotnplex wse casesvhere no solution can be found with classic
algorithms, for instancevery large datasets.
1 It canautomaticallyadaptto newor dynamicdatasets
These benefitscombinedwith the currenttrend to collect more and mordata,whichresults inlarge
availabletraining datasets [6], areleadingto an increased usage of Mipproacheg11].
An ML processconsistsof two parts[6]: Thetraining datathat can be used dirett or in the form of
extracted featuresand the machine learning modelThis section introduces the theoretical
background of machine learning, such as featurasd the relevant machine learning models for

predictive maintenance tasks.
2.2.2 Theoretical Background
There are different types of machine learnialgorithmswhosesuitability for a particular task can be

made by classifying them into different categories. The most relevatggoriesare illustrated in

Figure2 and further described in the followingection
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Figure2: Relevant machine learning categoriasgeneral and the orsdirectlyused in this thesis (highlightedjll machine
learning processes can hssignedo a subitem ofach of thefive maincategories.

learning

One possibility to categorize anhine learnings by its usage of the available context information.
Often, machine learningapproaches are pubg data-driven and rely on the effective extraction of
features of the data that are used as input for the machine learning net{#@jkIn contrasto them,
there are the secalled modebased approaches. They build a physical model to describe the current
state of a machine. This is often done by means of equations (algebraic or differértiifore,
knowledge of the system and its failure mechanism is needed. However, this may not be appdicable
complex systems due to the lack of a complete understanding of the whole sjE3mlevertheless,
some approaches combine modehsed and datalriven approaches. Thke socalled hybrid
approacheglose the gap between both by using the meldaked domain knowledge and the data
driven machine learning algorithfi3, 14] Thosesolutions tend to be more accurateecause of the
combination of the advantages of both approaciig4].

Anothertype of categorization iby the intention of the given problenThiscan be elassificatioror
aregressiorproblem[6]. In a dassificatiorproblem, the algorithnselects a label fom giveninput. For
example, there may be only two labels in an easy predictive maintenance: $etajthy and defect.

However, egressiorpredictsa continuous quantitylike sensor values or the remaining useful life of

10
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a componentThe dgorithmsfor these categorieslo not have to bdimited to one kind of problem
Some algorithms, such as support veatmachines (SVMgan be used for both.

In addition machine learning techniques can also be categorizaskd on the amount of supervision
requiredduring the trainind6]:

1 Supervised learningihe data must be labeled for the training algorithm for using supervised
learning This means that each data sample must be assigned to a class. The algorithm utilizes
the input and the labels to learn a mapping between them. Afterwtrid mapping is applied
to unseen dataSupervised learnings the mostused method since it can deliver the best
results. The downside is thitis not always possible since there are scenarios where a lack of
labels in the training datexiss.

1 Unsupervised learningThese algorithms do not use labeled datasets for unsupervised
learning Their principle is to learn inherent latent structures and relationships from the input
data. Usuallythey are used for clustering (detecting similar groups), dimension reduction
(reducing the number of featuresinomay detection (detectingsamplesthat are different
from the ordinary ones)and transfer learning (transferring knowledge from one dataset to
another).

1 Semisupervised learning: This is a combination of supervised and unsupervised learning,
where a small amount of labeled data and a large amount of unlabeled data are usually
available.

1 Reinforcement learning: This approach is based on an ageunt tvetins ircrementaly.
Therefore, it rates the results of the current iteration by giving a reward. The algorithm tries
to maximize the reward by changing its strategy. Since reinforcement learning, incremental
learning and online learning are all cldgeelatedand are not the focus of thithesis they
will only bereferred toas incremental learninfjom now on For more details about this topic
seeTaylor and Stone [15]

A further criterion for differentiation between machine learning algorithmsh@wv the features are
used for the trainingThe trainingcan be done witlbatch learningbut alsowith online learning. Batch
learning also known as offline learninig,a learning typavhere amodelcan only be trained with the
featuresof all samples of a datasabgether. When new data appears, thmodel must beretrained
completely In contrast only the features of a new sample are used to optimize the existing trained
model when learning onlindn addition, the sampkecan alsdbe accumulatedn small groups the
so-called minibatches[6, 16}

There are differentmachine learningtechniques available that can be assigned to the above

mentioned categoriesOne weHknown techniqueis an SVMthat uses humashand-crafted features

11
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of the input data and transformshem into a higher dimensional space representatiorsolve ML

tasks more easily. The downside of those algorithms is that they are hard to scale to very large datasets
and are not very successful for voice recognition and intdagsification taskgL7]. A subfield of ML

is deep learning. In contrast to techniques like S¥®&p learning is based on artificial neural networks
(ANNYhatl NB | NNJ y ISR Ay .Thdrefok they ade@lbo0dllt! Beef newrabritiorks.
Thebenefit of these networks is that theganextract the best features automaticallg].

There are different variants of ANNghat are used in deep neural network$lowever, he
specializationsonvolutional neural networks (CNN) and recurrent neural networks (RNN) are the
most important ANNs[18]. Therefore in addition to ANNs in general,these two deeplearning
networks will bediscussedn the nextthree sections One of the most important traditional machine

learning moded, the support vector machinayill also beexplained in brief6].

2.2.3 Artificial Neural Netwosk

An artificial neural networkANN is a generic term for all computing systethsit are inspired by
biological neural networkg6]. An ANNconsistsof interconnected artificial neurons mimicking
neuronsin ahumanbrain. When an artificial neuron receives an input signal, it processes it and then
forwards the output signal to all ber directly connected neurons.

The output signabf an artificial neuroris calculated with the help of the elements the weighted

sum of the inputsa bias, which on a trained neuron is a static offaatl an activation function. Often

the output must reach a threshold until the signal istsinits connected neuron.

An ANNconsistf neuronghat arecommonly grouped in at least three layers. The input lageepts

the inputs andthe output layer delivers the results of thentire ANN.In addition, here can be several
hidden layers irbetween theselayers in which the states are not accessible from the outside. The
most-used type of network is a feedforward netwoukhich haone data direction onlj6]: the output

of each layer is the input of the next layéayers can béully connected, where every output of the
previous layer connects with a certain weight to every node of the following IBgéore an ANN can

be used, it must be trainedThe trainingcan be done bybackpropagation wherein the neural
network's outputis compared with the expected result. The difference is returned as an error to the

previous layersSubsequently, theseadjust their weights according to the error.

2.2.4 Convolutional Neural Network

Convolutionalneural networks(CNN) area specialized type of ANN. They were first designed and
proposed by eCuret al. [19]and later optimized using an errgradient algorithm. Since CNNs have

the unique ability to maintain initial information regardless of shift, scatel distortion invariance,

which is basically achieved through local receptive fields, they are widely used in image classification,

traffic sign recognition, and many other applicatigg8¢25].

12
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receptive field. This means that they only react to a small region of intdraghermore, hese fields

may overlag26]. The architecture of a CNNdften similar, consisingof a stack of different layers of

neurons. Typically, a CNN has the following structure: convolutiayeisfollowed by a pooling layer,

followed by additionatonvolutional layers and a pooling layand soon. At the endthere is aregular
feed-forward neural network with a few fully connected layers (Bégure3) [6]. Such a fully connected

layer is also calleddense layer.

Input Image Convolution Pooling Convolution Pooling Fully Connected Output

—| — — — — — —bo
o

Figure3: Typical CNN architectur&€he input image is first processed with convolutional and polalyegs,followed laterby
fully connected layers.

A convolutional layer does not use the outmiithe previous layeasawhole. Each neuron has a small

field of view only(also known as window or kernel). For each pixeah its view, its valueis combined

with a filter, andits weight isusedto generate one output pixel.

A pooling layer has a similar concept as a convolutional layer. It takes data from a window of the
previous layer and calculates a new pixel. The differdretereen a pooling layer anal convolutional

layer is that a pooling layer aim$ reduce the sizeof an imageby removing unnecessary
information/pixek. The neurons in a pooling layer do not have a weight. They use a simple aggregation
function (e.g., max or mean) on the data of the input window.

Asshown in Figure3, the output of the last fully connectedlayer is used for the classificatiohbhe
specific layout of CNBeads totheir strength in image classification. The lower layers are used for the
more generidow-levelfeature extractionwhile the highest layers aresedfor the classification itself

[27].

In addition to the common usease for classifying 2D images, CNNs can also be used for 1D data of
time series such as sensor datdhespace between the cells and the filtansed helps the neural
network to interpret the different observations in the time series dgia].

2.2.5 Recurrent Neural Network

Arecurrent neural networKRNN) is @ ANNthat analyzetime series to predict thie future. This is in
contrast to CNNswhichare more sitable for classification task&®NN$§Xime seriescapabilitiesare

based on their ability to remember input data of previous time steps and use them as additional input

13
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for the current time steg29]. This makeshem suitable forpredictive maintenanceolutionsthat rely
ontime series datalike predicting the remaining useful lifgf a machind30].

Theinformation flowof an RNN is as followg recurrent neuron has the output vector of the last time
step as additional input tis input vector. As shown iRigure4, the output y:., of the neuron on time
positiont-2 is used for two tasks. First, it is an output like in other neural networks, but it is also an
additional input for the next time stef{l). The outputy:.1 is agairan additionalinput of timet. With

this mechanismthe results respect the results of the previous iteration as well as the new input. Each
neuron has two weightne for the input and one for the output of the last time step. Usually, RNNs
are used as deep RNNSs. Therefdrey are stacked in layers of celld deep RNN can hayéor

instance three layers and 100 neurons in each laj@

Xt-2 1| T Yz

g
Xt-1 v I Yid [
Xt 1 | T Yt

Figure4: Information flow of @ RNN through time

The downside oRNNM is that theycan suffer from thevanishinggradient problem whichcanoccur
during the trainingwherein the gradient is used to update the weightwough backpropagatiori6].
The gradient may diminighrough timebecause of the backpropagatiofs a result, the network does
not learn correctly and haa shortterm memory.Two new network types have been developtd
overcome this problemLongshort-term memory (LSTM) andated recurrentunit (GRU)Both can
learn longterm dependencies using a mechanism called gates. These gates learn which infoofation
a sequence is important and which could be droppe8TMdave three gates(input (i), forget (f),
andoutput (a)) and the cell state (@(seeFigureb). An LSTMan learn which input is important (input
gate) and store it in a legerm state. With the help of the forget gatan LSTMearns how long to
store the input.A GRU cell works quite similaby repladng the cell state with a hidden state to
transfer information Figure6). A GRWtonsistsof the reset (1) and update (2 gatesandthe hidden

state (h).

14



2.3 Feature Extraction Methods for Predictive Maintenance
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Figure5: Architecture of a LSTM cellith the three gates Figure6: Architecture of a GRU celith itstwo gates reset
input (i), forget (f), and output (@) [31]. (r;), update (3; and the hidden state (h[31].

2.2.6 Support Vector Machine

A support vector machingsVM)is a simple but effective mechanism for classificafglnAnSVM tries

to separate the values of the features in separate areas with a linear sep#ésatdffigure7). Parallel

to this line two (here dashed) linesepresent the decision boundarwhile the area in between is
calledthe hyperplane Each dot is calleglsupport vector. Classification is done by checking which side

of the decision boundarihe instance i®n.

*“ s o H o .."-. 04

20 ; ¢ = RBF model

H . . 14 —— Linear model
z5 " . . i . / - Polynomial model
20 et - - i * \data\

S

, : : : : : } . ' : T "
Figure7: A visualization of arlBVMclassification.The ed  Figure8: An SVR with different kernel modetscreate the

dotsare the support vectorand the dashed lines define tt hyperplane for a regression task.
decision boundaries of the green and blue s#as

In contrast toan SVM,support vector regression (SVIRa machine learning algorithfior regression
tasks. The architecture ofraSVR andraSVM is quite similar. The difference is thatS¥V/R tries to have
as many training instances as possible inside the hyperplah&h is used to estimate the values
during the regression task

For nonlineaproblems the sacalled kernel tricknust be performedAsshown inFigure8, the fields

can beseparated by polynomial or Gaussian RBF lines instead of a linef@]line
2.3 FeatureExtraction Method$or Predictive Maintenance

2.3.1 Introduction

Before any of the abovpresented machine learning models can be use@fmedictive maintenance
task feature extraction methods shoulde used topreprocess the dataln many scenarigsensor
data recorded over a certain period of time is usechddition, this data i®ften noisydue to influences
from other componentsFeatureextraction has the following ain{§, 32}

1 Reducing the amount of data. This is especially important for time series such as sensor data.
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1 Combining existing features to create a nemore powerful featureFor instance n the case
of sensorsthis can be time andeasured values
91 Decreasing the computational costs basedunmisedfeatures.
91 Decreasinghe probability of overfitting based on unused features.
Allfeature extraction techniques within the scopetohe-dependent sensodatacan be categorized
into three categories (sekigure9): time domain, frequency domaiandtime-frequency domain. In

the followingsectionsthese techniques will be explained in detail.

“ RMS H “ Kurtosis H

| Wavelet transform

‘. Skewness
- \\ | STET S-transform

Time-
frequency
domain

Time
domain

HHT

Feature
extraction

FFT

Frequency
domain

‘ Hilbert transform

Figure9: Feature extraction techniquésr time signals. There are techniques in the time domain, the frequency dandin
the timefrequency domain.

2.3.2 TimeDomain Analysis
A time domain analysis uses th&ect raw sensor data. There exist approaches based on descriptive
statistics like mean, pedb-peak amplitude,and standard deviatiorHowever,hightorder statistics

like root mean square (RMS) and kurtosis are also con{B@r34]

2.3.3 FrequencyDomain Analysis

The big advantage of the frequency domain over the time domaits &bility to focus on frequency
components of interestike specific fault frequencie$he first step of frequency domain analysis is to
transform the data intothe frequency domain. This is often done via a Fourier transf{sbj.
Power spectradensityis another common technique in the frequency domgf]. Frequency filters

and envelope analysis are also of interf3st].
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2.3.3.1 Fast Fourier Transform

With the help of a discrete Fourier transforfDFT)it is possible to transform signals from time to
frequency domainAfterward, the amplitude of each frequency can be analyzed. A DFT is defined by
Eq.(1), wherew is a sample of the time domain with a total size ofamples® is the transformed

discrete Fourier coefficient™ ) p [35].
& ez o

Since the calculation of thBFTis rather complex{ &€ ), the fast Fouriertransform (FFT) isisually
usedfor transformations into the frequency domaiAn FFT has only a complexityloft z 1 1£C[38].
The first step when usingh@&FT is to choose the time window to be analyZédscan be the whole
data series or a subseridsigurel0 shows an example of a transformation ofvhole signal based on

two overlayingfrequencies $5 Hzand 100H2 to the frequency domain with the help of an FFT.

0.5
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- 0.1
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Teq

FigurelO: Transformation of a time signéa) to the frequency domain (b)ith the help ofan FFT This signatonsistf two
frequency signals: One at 5& and the other at 10dz.

2.3.3.2 Envelope Analysis

Theenvelope analysisonverts time data into thenvelopespectrum Itis a widely used methotb
analyz datafrom mechanical systesby extractingperiodicsignals from modulated random noise
[37].

The resonance frequency of a mechanical system is generated by the amplitude modulation and the
carrier frequency of a vibrations signal. With thelp ofthe envelope analysishose two signals can
be separated39]. Two stepsare used tocalculate the envelope spectrunkirst, the envelope is
calculated by applying the Hilbert transformttee time domainsignal. This transformation calculates
an analyticsignal, whichis a complewalued function that has no negative frequency components. The
analyticsignalthat is used forthe recovery of the modulation signal (demodulat)da calculated by
Ea(2)

ey 2ot @

“ o ¥

where p.v. is the Cauchy principal value of the integral proeeskx(t) is a simpleperiodic signal

O

according taeq.(3) [39]. Ais the amplitude of the analytic signahdf isits frequency.
wo !zAT ©ED €)
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Figurell: This figure shows the envelofs calculatedor a vibration signalwhich idurther processed to get the envelope
spectra (b)Here the frequency d66Hz and its harmonic812Hz,480Hz, and so on) are well recognizable

As shown irFigurell, theenvelope, which is theesult of the Hilbert transfornislater used to extract

the periodically occurring frequenci@xlusiveof its harmonicdy applying an FFT.
2.3.4 TimeFrequency Analysis

2.3.4.1 Introduction

A big disadvantage dhe frequency domain analysis is thdt ame-related information is lost after
applying the transformation into the frequency domd40]. This leads to thelelivery ofa time-
averaged spectrunwhich prevensnonlinear anchon-stationary signalfom beinganalyzed correctly
[41]. A nonlinear signak a signal o& nonlinear dynamic processhichimpliesthat it is a partial
solution of a nonlinear differential equatioiihe signal calsobe non-stationary, meaning it lacka
specific mapping ruleandthe first, second, or higher moments of the underlying stochastic processes
vary over timg42, 43] Coveringhonlinear and nosstationary signalss important becausesalworld
systemssuch as machireare often based on therf43].

Toanalyze these signalseveral techniguesombinethe informationfrom the time domain ad the
frequency domain. Tésemight be extensions to existing frequency domain analysesgwrt-time
Fouriertransform (STFTHowever,there are also timdrequency specific techniques such the
continuous wavelet transform (CWT)the HilbertHuangtransform (HHT)n combination with the
empirical mode decomposition (EMD)and the Stockwelltransform (Stransform) In the following

section these methods are explained in detail.

2.3.4.2 ShortTime Fourier Transform

The STFT is an extension of the ARTSTFT removes the loss of time informafiarmich happens

during aa FFT by splitting the data series into small eegiabd sequences, also called windows. For
each window, a separate FFT is calculated. As a result, there exists a mapping between time slices with
the size of the window and their corresponding frequencies. The amplitude of the frequencies is not
calculatedfor a single pointn time. Instead, i is calculated for the whole windovirigurel2a shows

an increasing lineasignal ofa 1-second length. The window size of the STFTdss@conds. This

example showdifferent amplitudes for the frequencyin each vindow (seeFigure 12b). If the
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resolution has to be highethe window size has to be decreasdtis also possible to use a sliding
window. Here the windows are not consecutive but slightly overlap each other. With the hiip of

sliding windowmore windows can be generated out of the same signal lefth

i ) ) Window 1 Window 2 Window 3
Window 1 Window 2 Window 3
- — 0.4 A 0.4 0.4
3 g
£ o —_/-\/\,/\/\/\/\ £ 0.2 1 0.2 1 0.2 1
3 = N
&1 : i i i i 0.0 - 0.0 0.0 ;
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a) Time b) Freq Freq Freq

Figurel2: STFT of a4 signal with 8.0 s window sizea) showsthree windows used for the STFT in the time domain; b)
shows the resulting FFTs of each window.

STFTs are easy to apply since FFTs are-&nveglh technique. The downside of this approach is that
there is nocontinuous frequency resolution. The resolutialependson the window size. Smaller
windows lead to a good time resolutipbut the resulting frequency domain is less accurate tteat

of larger windows Thisis important when analyzing datthat have components irboth a high
frequency and lowrequency range. For low frequencies, the aim is to achieve a good (absolute)
frequency resolution since a small absolute frequency charegpiscially importanhere.Bycontrast,

a good time resolution is important at high frequencies since a complete oscillation takes less time
and, therefore, the instantaneous frequency can change more quipAdy.

The windowing can also lead to another disadvantage of the: $fié¢-$ocalled leakage effedd6].

For an exact representation, a winddirat matches the period length of thiéme seriesfrequencies

is neededHowever, thids not always possiblespecially when different frequencies are of interest.
As a result of th@on-matching window sizegdditional frequencies thado not exist in the signal itself

can appear These additional frequencies take some powWrem the frequencies representing the
signal. Therefore, @ originalfrequencies have a lower amplitude.

2.3.4.3 Continuous Wavelet Transform

Wavelet transformation®vercome theaforementionedlimitation of an STFT kiag only usable ira
specific frequency rangas well agts vulnerability for the leakage effeci46]. Both algorithmsare
similar inthat they disassemle signals fronthe time domain into an infinite amount agubstitute
functions. The STFT usesinusoidalfunctions. Wavelet transformationsreplace thee sinusoidal
functions with wavelet functions. Wavelets are oscillatory functions with a limited duration.

¢CKS 2NAIAYLFE o1 @St S &Dwingl C\Wihd nfotBeR waireYeehasKoddldcaled | @St S
and translated so that they match the signal. During the scaling, the energy of a wavelet is always the
same aghat of the mother wavelet. Its shrunk into one directione(g.,x-axis) and stretched into the
other direction (sed-igurel3).

ACWT is expressed by the following inted&]:
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Wheresis the scale andiis the translation (time) parameter. is the chosen mother waveldduring
a CWTn scales must be used. Starting at scal¢h& wavelet must be moved (translation) to each
data point. After that, it must bemeasuredhow well it fits the input curve. This algorithm must be
performedfor the entire time series. The result is a coefficient for each point. Afterwtrd same

procedure must bgerformedwith the next scales from 2 to.
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Figurel3: Different scales of a Morlet wavelétn increased scale leads to a wider window in tima¢ a wavelet can cover

Figurel3 shows that an increased scale leads to a wider window in boteat the same timeto a
decreasedfrequencyrange With the help of this mechanispdatasets containing high and lew
frequency ranges can be analyzétbwever,for analyzing only low frequencigthis algorithm may
not be optimal becauseccording toG. Stockwell [41the CWT may oversanmglhe representation
of the signal at low frequencieginother disadvantage of the CWT is that it ohbs the power

spectrumandamplitude not the phasdq45].

2.3.4.4 HilbertHuangTransform

The HHTwasintroduced by Huang et ain 1998 for nonlinear and nestationary signal$47¢49].
Previous approaches likeavelets and STERnnotaddress nonlinear signal analydise HHT is based
on two partg[50]: The first ananostimportant part is the EMPwhich extracts intrinsic mode functions
(IMF) The second stepisesthe extractedIMFs for a Hilbert spectral analysis.

The EMDextracts smooth envelopes from a time seriegt). These envelopes are the IMA%is
decomposition assumes thahe data may have severaimple coexisting modes of significantly
different frequencies at any timé'hese modes are all superimposedo@ach otherTo extracthese
modes (MF9, a recursive algorithm is usedll local minima and all local maxima of the data series
have to be identified in each iteratioNext, acubic spline which goes through all maxima, must be

defined This spline is the upper envelope. The same must be done with the minideteioninethe
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2.3 Feature Extraction Methods for Predictive Maintenance

lower envelope. The whole signal should be covered between the two envelopestiidemean (see

Figurel4) of these envelopes is subtracted from the initial datada newlMFis created

| Data 4 Max € Min — Env — Env — - Mean |

Figurel4: Theminima (red) and the maxima (bluehvelopeof the signaknd their mearf50].

Thisextractionmust be repeatedn times until the remaining curve becomes a monotonic function
only hasone extremumor astop criterionis reachedThe remaining signal is calléte residue.
After extracting allMFs the Hilbert spectrainalysigs applied to compute instantaneous frequencies
(seeSection2.3.3.9, wherethe amplitude and phase are a function of time.
The HHT process is not mathematigaloven It is only proven empiricigiby its practical application
whichshows that it isafitting solutionfor many scenario$49]. Another downside of the HHT tise
possibility of undesirable IMFs at Idrequencieq51].
2.3.4.5 STransform
The Stransform was introduced b$tockwell et al. [52h 196. This was about the same time that the
HHT was presented. Boihtend to create a transform that can be used for calculating a time
frequency representatiorior non-stationary and nonlinear signal$heStransformis based on the
CWT However, i enhances the CWT lyeing a frequencydependentsolution, providing a direct
relationship with the Fourier spectrumunlike a CWT whose result is in scales instead of frequencies.
The Stransform of a functior(t) is comparable to a continuous wavelet transform witpaaticular
mother waveletthat is multiplied by the phase fact¢s2]:

YHQ Qo 1 ®)
Here d is the inverse of the frequendy T is the time and® 1HQ is the CWT. Thmother wavelet

functionw is defined by:

~$‘§$ P

i
wherek s a scaling factdhat controls the timefrequency resolution. Sindeq(6) does not satisfy the

0 oRQ Q (6)

zero mean criterigequired for a CWT reStransform is not aeal CWT[52]. The complete formula of

an Stransform is:
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A significant advantage &transformis that itdelivers higher precision in the frequency domain for

low frequencies andat the same timehigher precision irthe time domain forhigher frequencies

makingit superior to the STHB3].
2.3.5 CombinedAnalysis

The previouly described feature extraction methods do not have to be ussdlusively Some
approachescombine timefrequency analysis and frequen@nalysis with timedomain analysis
methods. For example, a comméeature extractiormethodis to usea feature extractiorchain, which
usesonly the EMD part of the HHAS a first step. Afterwardhe EMDs ar@analyze with the help of

time-domain analysis methodasdone byKang et al. [34]

2.3.6 Comparison of th&ifferent Methods

All three types of feature extractioftime domain, frequency domain, and tinfieequency domain)
are usedin different predictive maintenance solutiofi§4]. As introduced in the previousections
every category has itstrengths and weaknesseBheimportant feature extraction methodsand their
previously described characteristiaee listedin Table2 and comparedn the following.

Timedomain analysisnethods areeasy to implement andre, therefore, compatible withlow-cost
hardware.They are also used in combination with tidfrequency analysis methods.

Most of the frequency domain analysis methods use FFTs as a first step. The benefit of these analysis
methods is that they aran easy way to analyze signals for the appearangeadiicularfrequencies.
A drawback ofrequencydomainbasedmethods is that they always delivatime-averagedspectrum
This may be good enough for stationary signblg this method isnsufficient if the signal changes
over time A possible solution i® slice the time series io smaller time windows and analyze them
independently asis doneby an SFTFwhich results in a timérequency transformationWheneverne
needsto analyzevariablesignals a time-frequency domain methoghouldbe usedbecauseit can
deliver the characteristics for every point in timEne main features ofach of the four mostused
methods (STFT, CWT, HEBd Stransform)are summarized below.

STFTs are easy to implement and provide good resultsdiestationarylinear signalsof frequency
ranges that are close to each othdfowever, they have the disadvantage that the information
dependson the window size. This window size is fixed during the execofitime transformationIn
addition, they are vulnerable to the leakage effect.

CW'B overcome both limitations of STFTs by using scaledtentslated wavelets. However, this

comes at the cost of a more computationally intensive algorithmaddition, thephase data anthe
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relationship to the frequency spectruare alsaunavailable when using a CWAnother disadvantage

of the CWT ishat it oversamples the signal representatiahlow frequencies

The Sransform is an algorithm that provides phase and frequency data for nonlinear and non
stationary signaldt delivers higher precision in the frequency domain fordoeguencg areasand, at

the same timehigher precision irthe time domain forhigherfrequencyareas

The HHT ialso usable fononlinear and nosstationary signaldt isless resourcénogging thara CWT

or an Stransform.However,there are also shortcomingg.g, the possibility of undesirable IMFs at
low frequencie$. Finally, asignificantdisadvantage of the HHT is that it does not have a mathematical

foundation. Bynow, the HHThasonly beenempiricaly proven.

Table2: Summary of different feature extraction types

Method Pros Cons
Time domain - Easy toimplement even on| - Complex coherences are n
analysis low-cost hardware detectable
Frequency - Good for stationary signals | - Only time average spectrum
domain analysis
Shorttime - Extension to Fourie| - Time information depending othe
Fourier transform window size
transformation - Nonstationary datalimited) | - Invariable resolution
Continuous - Nonstationary datawith a|- No direct relationship to the
wavelet wide frequency spectrum frequency spectrum
transformation - No phase data

- Resourcantensivealgorithm
HilbertHuang - Nonlinear and nosstationary| - EMDs are not mathematically prove
transform signals - Possiliity of undesirable IMFs
Stransform - Nonlinear and nosstationary| - Resourcdantensivealgorithm

signals
- Phase and frequency dat

2.4 TransfelLearningor Predictive Maintenance

2.4.1 Introduction

As described in the previosgctions collecting as much training data as possible is imporf@anthe
usage of machine leaningHowever, many machine learning scenarios stithire intheir lack of
sufficient data for learning a model in their specific scendrtee technique of knowledge transfer tries

to overcome this problem by usirgpurce domairdata or a source domain model to enhance the
model for a target machine learning tg&6]. In general, there are two different approaches available.
Transfer learningon the onehand, coversthe topicsof domain adaptation and muHiask learning

and, on the otherhand,incremental, reinforcementand online learningP]. Incremental learning aims

to permanently and incrementally adapt to a new environment with knowledge from an existing model
and a small number osnples from the new domaifl6]. Instead, tansfer learning aims to maximize

the reusability of knowledge from an existing model to a new environment with limited information.
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2. Machine Learning Background

This thesis focuses on transfer learning. Therefortharfollowingsection the definitions for transfer
learning used in thisthesis are introduced Next, the thematic clustersof transfer learning are
explained.Finally transfer learning methods for CNNs and RldM shown, as well as the transfer

learning loss furttons they use.
2.4.2 Transfer LearninDefinitions

In order to understand and appthe concept oftransfer learning, it must first be defined. For this

purpose,the definitions and notations of Pan and Y48§] are used in this thesis

Definition 1¢ Domain and Task

A specific domaif© can be described with the help of two elements: the feature spa@md the

marginal probability distributio® w, wherew @M o N ... For a specific domain (express
byO .. w ), atasKYis defined by the label spacand the predictive functiofiQD. The term

"Y  &HQD is not observed but is learned with the help of training data pairko , wherew N &

and® N & This can also be written as probabilistic tefmug .

If Definition 1is mappedo a predictive maintenancexample then is a set of all label®(g.,6good
conditionz édefect) and™ QD is a function thatcan predict the statuglabel)w of a collectedsample
of acomponentw, where®. isthe measured valuat the positioni of all n recorded measured values
w which all are in the measuring range Task'Yis the condition to monitor (e.g., the health of a
component).

In the following every arifact related to the source domain is denoted with subscripe.§,, O

o o MBEhw hd . For the target domainwherethe subscript T is used accordinglyis

0 o o Mdho ho . Table3 shows a summary of all these notations.

Table3: Summary ofhe notationsusedfor transfer learning

Notation Description

F Feature Space
s Label Space
4 Learning Task
T Domain data

IF Marginal distribution

L Label distribution

| ot Conditional distribution
0] Predictive function

Subscript S Source domain
Subscript T Target domain
With the help of the terrsdomain, task, sourcand target, transfer learning can be definactording

to Definition 2 which positghat transfer learning focuses on improvii@ O with the help ofO [9].

In contrast to thisincremental learningocuses on improvingQ O with the help of"Y [56].

24



2.4. Transfer Learning for Predictive Maintenance

Definition 2¢ Transfer Learning:

Transfer Learning is defined by a source dontinvith its learning taskY and a target domain
'O with the corresponding learning taSk. Therein, the aim is to improve the predictive functig
in the target domainQ O by using the knowledge 6% andO . At thisY “YorO ©O.

Research irpreviousyears has mainfjocused2 y & Of | 4 a A O f. Howevelegpdetrfimg t S+ NI/
is the dominating technique in many research fields today]. Here a particulartype of transfer
learning called deep transfer learniig used Tan et al[57] used the following definition for deep

transfer learning:

Definition 3¢ Deep Transfer Learning:
A transfer learning task defined B9 H'YAO HYRQ OO called deep transfer learning whid O

is a honlinear function represented by a deep neural network.

A common problem regarding transfer learning, regardlesstadther it isdeeptransferlearning or
not, is that the influence of the source domain data can also have a negative eff¢ioe training

results in the target domain. This behavior is called negative traftsdgr

Definition 4¢ Negative Transfer:

For a source domai® with its task”Y anda target domairfO with its task™Y existtwo different
predictive functionsQ O: apredictive function™Q O, which is learnt only with the target domai
data®O andasecond predictive functiaiQ O, which is trained withthe dataof O andO . If the
results ofQ ODarebetter than the results 0lQ O, itis referredto as negative transfer, otherwisg

it is called positive transfer

Amongst othersa negative transfer camesult froma conditional distribution difference between
source and targef59]. In addition,the amount of labeled data in the target domaatso influences

the transfer learning proce460]. Therefore, onenustweigh up the desired positive effect of a small
amount of labeled datan the one handwhich can help to improve the feasibility and the reliability

of finding a shared regularity between source and targetti@mother hand the result can worsen if
there are only a few labeled target datasets because of overfitting. Using transfer learningavile a
amountof labeled source data can also lead to negative transfer because the different source domain

can impede the generalizatidfO].
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2. Machine Learning Background

2.4.3 TransferLearningThematic Clusters

2.4.3.1 Introduction

Transfer learningtself can be expressed by a definitishas been done in the previosection In
addition, it canalsobe subdividedinto different thematic clustersTheseclustersare shown irFigure

15andaredescribedn detailin the following sections

Instance transfer MMD
Feature-representation MK-MMD CORAL
Parameter transfer transfer
Relational-knowledge Reconstruction- Discrepancy-
transfer based based
Types
"classic”

Difference in the

feature space
P Mapping-based

deep transfer learning

Instance-based
deep transfer learning

Difference in

marginal . Tvpes
orobabilty Different ..ggep
distribution Relationship - )
learning”
source/target transfer learning g
. . thematic culsters
Difference in
conditional Ad sl based Network-based
probability d versarlfa i lase X deep transfer learning
distribution eep transfer learning
Difference in

Transductive Domain

label space Unsupervised Available transfer learning adaption
transfer learning information
Feature space Steps
Multi-task Inductive
learning transfer learnin Multi-step
g Heterogeneous | | Homogeneous One step )
A . domain adaption /
domain domain domain
. lintermediate
adaption adaption adaption

domain

Figure15: Differentiation possibilities faransferlearninginto thematic clustersAll transfer learning techniques can be
differentiated by the available information, the relationship betweesource anditarget domain and its transfer typeThe
techniques useih this thesisare highlighted.

2.4.3.2 Relationship of Source and Target Domain Data
Depending on the different relationships between the source and target domain itli&gaossible to
distinguish between four different use cases of transfer learning, all of them relevant for predictive
maintenancg?9]:
1. Difference in the feature spac&r @
This ighe case when the variables for the machine learning task chandean be
a. New sensors
b. Different production processes

c. Different machines
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d. Different data representation
2. Difference in label spac8: 9
In this casenothing changes physicallynly the labels are changed. In the case of fault
classificationthis can bethe changefrom a binary classificatiofohealthyx édefect} to a
classification of the exact faylcomponent{¢healthyz eédefectof component J¢ ddefect of
component 2}.
3. Difference in marginal probability distributiod:w 0 w
This kind of transfer learning is needfed the following cases
a. Wearout of sensors or machine components
b. Changes in production process settings
4. Difference in conditional probability distribution: O 0 @ W
This happens when the relationship between features and latiesges. A usease for this
scenario isvhen a machine produces the same product without any process changes but the

product rejection rate changes.

2.4.3.3 Available Inforration
It is furthermore possiblgo differentiate between three types of transfer learning based on the
information available ithe source and target domaiib5]:

1 Inductive Transfer Learningor this typelabeled data is available in the target domain. It can
be distinguisted between selftaught learning which is the case when no labeled data is
available in the source domaiand multitask learningwhen labeled datas available in the
source domain and both tasks are leadsimultaneouslyFor inductive transfer learningh¢
source and target taskdfter, while the domain ca be the same or different.

9 Transductive Transfer Learniridere labeled data is only available in the source domain. The
tasks are the same in both casésdistinction can be made between two caskshe source
and the targetdomain are differentit is called domain adaptatiof®A) However, if there is
only one single domaijiit is called selection bias or covariance shift.

1 Unsupervised Transfer Learnitigthis settingsource and target taskas well as the domajn
are not similayand there is no labeled data availablesither domain.

The transductive transfer learning approach of a DA can be further subdiVMzty and Deng [61]
categorized different settings of DA. Téandardapproachisa onestep DA whichcan only be done
under the assumption that the source and target domain are directly relddatis case, the transfer

of knowledge can be done in one st&fyang and Dengurther subclass the domain adaptatiortan
homogeneous andheterogeneousDA. The feature space between the source and target domain in

the homogeneous D& identical. In heterogeneous DA, however, the feature spaces are different. If
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there is only a marginal overlap between the two domaingrothe case of &ieterogeneocudA, the
one-step DA may not bthe best possible solution. Therefonesingan intermediate domain can bring

the source and the target domain closer together to improve performance. This approach is also
known as multistep or transitive DA.

2.4.3.4 Classic Transfer Learning Types

It is also possible to differentiate transfer learning by the differieahsfer process typesThere are

four differenttypesof performinga transfer learning taso5]:

1 Instance transfer: The labeled data of the source domain or at least parts of it can be used for
training in the target domain. Therefore, the source data must beeghted.

9 Featurerepresentation transfer: This transfer type reduces the difference between the source
and the target domain as well as the error of the resulting classification and regression models
by finding a suitable feature representation.

1 Parameter transfer: Herghe source and the target task share some of tmmainacross
hyperparameters of their model. This contrasts with muidtsk learningwhere both tasks are
learnedin parallel.

1 Relationalknowledge transfer: Thisransfer processype is used for transfer learning in
relational domains where the dataf the domainsare not independent and identically
distributed In addition, the dat&an be represented by multiple representatiopach as data
in differentsocial network.

Not everytransfer learningapproachcan be usedor every transfer learning type~or example,
relationalknowledge transfer and parameter transfer are only used in an inductive transfer setting.
However, he types can also be combinedas in the case 0f62], which combinesinstance and
parameter transfer

2.4.3.5 Deep Transfer Learning Types

Previouslyli KS a Of  aaA 0¢ (NI yaTSN (e daptian/4d3s.4.Whiedha Kl
deep transfer learning approaches sometimes have different nantbe iiterature, the idearemains

the same. Tan et d57] describedthe following approachefor deep transfer learning

9 Instancebased deep transfer learningfhis approachs similar to the classical transfer
learning.Prominentapproaclesin the supervised context are AdaBoditsedtechniquedike
TrAdaBoos[63], wherethe algorithm filters the source domain data to use only instarcat
are similar to the target domain. These instances are reweighted to have a similar distribution
asin the target domairand are then used together with the data of the target domain for

training the network.
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1 Mappingbased deep transfer learning:his approach has theasme definition as feature
representation transfer in classical transfer learning. The target domain and the source domain
are mapped into a new data space through which it is possible to train a network with both
domains at the same timeAn adaptation layer can do thimapping In general, those
algorithms measure the distance fobabilitydistributions.The leading algorithm in this area
is the MMD[64], whichcan beused directlyasis done in a sersupervised approach for
translationsby Hamilton [65]or in modifications like mukkernel MMD (MKMMD), whichis
used for instance by Tang et al. [66for character recognition.

1 Networkbased deep transfer learning: Parts of afn@ned network are reused in the target
domain. This is comparable with the definitiai parameter transfer in classical transfer
learning.In the case of deep learninthe whole pretrained source networkor at least parts
of it, can be reused in the target domaireural network In the case of classical transfer
learning only simple parameterare transferredln deep neural networkghe front layers are
typically used for thefeature extractorsof the more general aspecendare, therefore, well-
suited for such aransfer. It is also possible to share the hidden layasMicrosoftdoesin a
language transfer setuj®7].

1 Adversariabased deep transfer learning: Herihe adversarialtechniqueis used to find
transferable features for the source and the target domain. One way to do this is to add an
adversarial layer to the networthat gathers the data fronboth domains This layer can be
used togeneratea domain adversarial losshich is used in addition to thesual classification
loss function68].

Those approaches can also be mixed. This is especially the case fsupemised solutions likinat
of Tang et al[66]. In their setupas a first stepparts ofa trainedCNNof a source domaiare reused
for trainingwith labeledtarget domaindata (network-based deep transfer learninghfterward,they
use an MMD-based approach (mappidgased deep transfer learning) for unsupervised learrohg

unlabeled target data.

2.4.4 Transfer Learning for CNNs

The abovegiventheoreticaltransfer learning basics can be used for CNMsple research is currently
being devoted to this topidue to the fact thalCNNsare a specialized type of artificial neural network
with aprimaryfocus orthe classification of imagewhich is for instanceimportant for internetbased
technologies as well as for selfiving carsMoreover, manycommercial products from big companies
like Tesld69] or Microsoft[70] use CNNs in combination with transfer learning for classification tasks

of images.
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As described isection2.2.4 a CNNconsistsof three parts. An input layer, feature extraction layers
(made of convolutional and pooling layemsid classification layetbat arerealized by fullgonnected
layers. Each of them is important for transfer learning. There are tHifferent transfer learning
scenario427]:

1. Fixed feature extraction: The first two parts of a {or@ined CNN are reused. Only the fully
connected layers must be retrained with the new data of the target domiie. weights and
structure are frozen for the input and feature extraction layefierefore, this scenarirs
calledfixed feature extradon.

2. Finetuning and frozen layers: Hereither the whole feature extraction part or at least the last
layers are not frozen. The weights of these layers aretfined with the target dataset. Since
the earlier layerscan handle more generic features, the number of layers for fiuaing
depends on the distribution of the target and the source dataset.

3. Pretrained models: To avoid long training timespecially for large training sets, pirained
models can be used. There exist several big modath as Google LeNgtl], which can be
used as initialization and fireined afterward

Determining vhich scenario should be used mainly depisron the target dataset size and on how

different the source domain is from the target domain (§exbled).

Table4: Recommendationn how many layers should Bme-tuneddepending on the dataset size and th&milarities

Small target domain dataset Large target domain dataset

Similar No finetuning of the feature extractior] The whole prerained model can be
datasets | layers. Only modifying the last few ful retrained with the new dataset
connected layers to avoid overfitting. Because of the datsize,the chances
of overfitting are small.

Different | The lastfew layers of the feature extractiof One way could be to train
datasets | layer should be finduned to respect the| completely new network.
different highlevel features. The first fey Nevertheless, it could b
layers which are for lowlevel features| advantageous to initialize the ne
should be frozen to avoid overfitting network with the pretrained model.
The dorementioned scenariospply toboth supervisedand unsupervised training approaches. For

the supervised case, the process is straightforward: Use the new target domain data and retrain the
network with the help of the available labels.

However, the domain adaptation process is more complicated for unsupervised leamiege
different approaches exist. The most widespread solutions are majiiziegd. These can be either
discrepancybased (mostly) or reconstructidmased.There also exist adversarial solutions.
Discrepancypased approacheare similar in that the output of theource and target domaiaof one

or more fully connected layeris usedto calculatea domain adaptation lossThis losss used to

minimize the distribution discrepancy between both domains in the shared feature spacEigsge
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16). For instance,his can be achieved by simply adding one MMD layer with a linear kagietione
by Tzeng et al. [72]Furthermore, he intensity of theloss functioncan be varied by multiplication of

Ala Ol tdsS 6AGK | GNIRS2FF LI NI YSGESNI <o
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Figurel6: Transfer learning for CNNs based @méinadaptationloss Theoutput difference of the fully connected layers is
used asnput for the domain adaption Esfunction, which calculatethe domain adaption loss

In contrast todiscrepancybasedapproaches,aconstructionbased methodare not widely used. One
example ighat of Ghifary et al. [73]who train their network with labeled source data together with
unlabeled target data. The model itself is based on an ordinary CNN for source label prediction and a
deconvolutional networko reconstructthe target data.

The last used domain adaptati@pproaclesare adversariabased solutiondike the one oiGanin et

al. [74] whotrained a network with two loss functions. The first is the ordinary loss for the class,labels
and the second is a domain label loss. The aim is to maximize the label classification accuracy (for
source sampleswhereas the domain classification accuracy (for all samples) should be minimized
through a gradient reversal layer. This results in the feature distributidrtse two domains being

made similarleadingto domaininvariant features. Tzeng et fif'5] proposed arsimilarapproachthat
combinal a generative adversarialnetwork (GAN) loss with a discriminative model and unshared

weights.

2.4.5 Transfer Learning for RNNs

A promising approach of using transfer learning for tsedes is to use RNNSs attetir LSTM and GRU
derivates However, m general, it can be said that there has been less research done in thiharea
around CNN§76].

If both domains have labeled data, there are two ways of transfer learning. One way is to use fine
tuning bypre-training the network with the source datasets and afterward fiegall layers except

the last few classification layers. This approach is similtrabdescribed already iSection2.4.4for

CNNsThe fne-tuning of RNNdor time series analysis used by different researchelike Gupta et al.
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[77], who used this approach for clinical time series analysisvoon et al. [78]who used it for
language processing

Another approach for labeled data is medibmain learning by using both datasets togeth€oby
Perrett and Dima Damen [78fesented a DuaDomain LSTMvhich optimizes this approach by using
batch normalization orthe inputto-hidden andthe hiddento-hidden weights of the LSTM. They
evaluated their approacto datasets for cookingelated activities.

If there is no labeled data, there are mainly two research directions in the context of domain
adaptation for RNNs. The first is to reduce the difference between the two domaindeghhiques
such asMMD, as done with CNNs. This can be done using a deep recurrent neural network with fully
connected layers at the endhis approach has been used for a natural language processing setup with
a Sina Weibo datasea(arge Chinese microblogging websitepdgio Ding et al. [80They used a Tree
LSTM, which is a maodification of the LSthist proceses inputg not in achainbasedmanner,as in

the original implementationbut in a treebased manner to reflect sentences in natural langudgen,

the weights of the supervisatiained modelare transferred to the domain adaption moddinally,

the domain adaption is done usingh@odified MMD caled atree kernetbased MMD (THIMD).

Another popular concept is using deep adversareded RNNsThisis based on feature extraction,
domain classifies; and label predictas. Forfeature extractionan LSTMan be usedAparticularfocus

is given tolabel prediction which synchronously usdmth datasets (labeled source and unlabeled
target)to learnthe domain labelsi-or instance, thiapproach is used lya Costa et al. [8\ho used
classical LSTiM&s well as biziu and Gryllias [82lvho used BLSTMdor feature extraction. A BLSTM

isan LSTMwhich not only takes the output of the previotise point, but also the output of the next
time point as input.

2.4.6 Transfer Learning LoBsinctions

2.4.6.1 Introduction

In the previouschapters transfer learning for CNNs and RNNs been described in detail’he most
frequently used transfer typefor unsupervised and sersupervised domain adaptioare mapping
based approachedAs suchdiscrepancybasedalgorithms are use@dlmost exclusivelysee Section
2.4.4. All these algorithmare similar irthat they compare the output of fully connected layers of the
source and the target domaimhemore significanthe difference between theutput of the two
domains, thdargerthe result of these algorithmis. In addition, they result in zerid the distributions

are identical which matches the requirement of most training algorithms that try to minimize the loss
[6].

The most commoloss functionsare MMD, Wasserstein, ar@ORrelation ALignment (COIR}aH4, 81,

83]. A particularposition among these algorithms has MMD, which is not only used directly but in a
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variety of variations, such as MWMD [84], joint MMD (MMD) [85], and TkMMD [80]. Amongst all
MMD variatons MK-MMD is the most frequently useIMD, MKMMD, Wasserstein, and CORAL are
discussedn the followingsections They are also used Section7.2 asa reference to measure the
here-developed transfer learning approaeh

2.4.6.2 Maximum Mean Discrepancy

The MMDuses the mean discrepancy tmeasure the distance between two distributioasd is
defined byGretton et al. [64ccording to EQ8).

h
00 W S RoR - Qofn b 0o (®)
f f h
r andn are the distributions ofhe source and target domairnThe source domain samples are given
by w and its number¢ . For the target domairw and¢ are used accordinglyfl.he kernel function
"Qis used for mapping the values in a Reproducing Kernel Hilbert Space (RH83dHe and Ding
[86]). Normally, a Gaussian kernel function (E8))is usedTheLJr NI YSGSNJ + RSTAySa

Gaussian

Qo Q ©)
The Gaussian kernel is a differentiable function, which also makes MMD differentiablalld\mssit
to be used as a loss function for training types based on gradient deégntvVhen usingUMD as a
loss function for transfer learning of CNMsandw are the outputs of thdully connectedayers(see
Section2.4.4).
MMD has been used successfully in many transfer learning sefgips However, aninor drawback
emerges if the distribution of the classes is very differémtthis case, MMD may not be an optimal
choice.An example of this igsingthe weltknown handwriting dataset MNIST as a source dataset and
a dataset of house numbers as a target dataset. In the target dataset, the number 1 would occur
disproportionatelyoften since there are hardly any streets without the number 1. However, the
number O occursalativelyrarely[87].
2.4.6.3 Multi Kernel MMD
The choice othe kernel has a significant impact on the performance of MNIBe reason for this
that a different kernel may embed probability distributiongena different RKH$hat brings outthe
sufficient statisticsdifferently. Therefore, the proper selection of the kernel leadstlbe@ optimal
effectivenessof the system.By usingMK-MMD, the impact ofa wrong kernelcan be reducedy

employing a mixture of multiple kernel$2]. MK-MMD is defined as given in Et).
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(10)

Qo ho 0 wh
whereQ (& =1, ...K) representone of theK different kernes. For instancewhen using a Gaussian
kernel according tdEg.(9)z S| OK 1 SNJ Sf. The ldifierent sokde TaifdSaxgdtytidmain
distributions are represented by andw , respectively.

2.4.6.4 Wasserstein Distance
The Wasserstein distancean measure the distance between two probability distributi¢®8]. Its
origin is a loss function for the training of GANs. Howether Wasserstein distanagan alsde used
asaloss functiorfor transfer learning in a domain adaptation c488].
The definition of the Wasserstein distance is based aprapact metric sets. Probs) denotes the
space of probability measures aihis compad¢ metric set. The Wasserstein distanckor two
distributionsp, gN Probg) isdetermined agyivenin Eq.(11).

@ nm EQv . T Q0 Q7 (11

CNeonm

u stands fora specific joint probability distributian, P, g) representsthe set# x # of the available
joint distributions u(h®, ), whose marginals ar@ and g. Thisalgorithm results in thecalculated
optimal transport plaru(h®, H), whichindicates how muchhas€must be transported fromdomain
h®to domain Kto move the distributiorp into g. Therefore, he probability distributions can be seen
symbolically as two heaps of a certamassof earthand the Wasserstein distancasthe minimal cost
for transferring one of the heaps to the othd@ecause of thigthe Wasserstein distande also known
Fda G0KS SI NIKSN2OSNRA YSGNRO
2.4.6.5 Deep Correlation Alignmien
Another loss function is th€ORrelation ALignment (CORJAD], whichaimsto align thesecondorder
statistics(namely, the covariancgof the source and target domain featureBhedomain discrepancy
loss (kora) is calculated agiven in Eq12),

P .. . - (12
TQ ° °

where™ isthe squared matrix Frobenius normandd denotesthe dimension of the activationdhe

0

covariance matrix of theargetandsource domairieaturesare G and Gsand aredefined by:

P 5 ‘p . . (13
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wherelsand lrare both input data This datas the previous layer's outpuin a deep learning network
of the source(Xg and the target(X;) domain data¢ and¢ should be equal and artthe numberof

samples of both domaing isacolumn vector with all elements set to 1.

2.5 Conclusion

There are many different techniques available for machine learfihg. concerns the preprocessing

by different feature extraction methodand the actual machine learning algorithm. Hethe best

fitting solutions hae to be chosenSometechniquescan be used for supervised learning grand
others such as CNNsanalso be usedh unsupervised setups. Some can be used for regressimh
others for classification taskEspecially in the context pfedictive maintenance, where the analysis

is often based on sensor signals, it is advisable to prepare the data by a suitable feature extraction
method independent of the ML technique usdebr this purpose, algorithms in the time, frequency
and timefrequency domaisare availableln the field of predictive maintenance, it is often the case
that the training dataet only consistsof afew samplesThesesamplesare also often unlabeled. For
this purpose, the domain adaptation method is useful to take additional knowledge from a second
dataset into account.

Regardless of whether it is @assification or a regression problerin, must be decidedwhich
techniques are the most suitable for the given taskr instance, classification tasks can be handled by
various approaches such as CNN or SNdivever,not all approaches can handle domain adaptation
very well. In the context of domain adaptatiovith deep learning techniqueslifferent approaches

are availablethat aremainly based on differerdomain adaptiorloss functionsAs suchthe matching

loss function has to be taken.

Regression taskcan also be handled by different approaches like SVRs and RNNBcan handle

the time dependencies of the input dats/hen using a deep learning approach, such as an RNal, for
domain adaptation, the question of the most appropriate loss function arises again, as it did for the
classification approacfhe pedictive maintenance regression taskainlyconcernthe predictionof

the remaininguseful Ife/time to failure scenarios.

This chapter has not only introduced the machine learning backgrduntdf has also contributed
content to RCL andRC2. The points discussedtan beassigned to thdollowing researchchallenges

RA, which ask for appropriate methodsfor predictive maintenance task®f machine based on
features of sensor datais touchedon by Section2.2, Section2.3, and Section2.4. Section2.2
presented the most important machine learningechniques, which can be used for condition
monitoring of sensor datalhese are CNNs, RNBIsd SVMs. This was followed $gction2.3, which
presentedfeature extraction techniquethat can be appliedo raw sensor data. Here particular

focus was otthe techniquesof all three domains (time domain, frequency domaind timefrequency

35



2. Machine Learning Background

domain).Section2.4, which handles the basics of transfer learniisgnot directly involved with the
sensor data but with the effects of limited sensor ddt&re,transfer learning can provide a solution.
Section2.3.6 comparesthe different feature extraction methods for sensor data and describes their

constrairts. Thigirectly targetsRC2 which asks for the constraimof the different techniques.
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3 Predictive Maintenance

3.1 Introduction

Predictive maintenance is a maintenance process based on the evaluation of process and machine data
and is found primarily in the context of Industry 4.0. By processing the underlying data, forecasts
become possible that form the basis for nedmssed maitenance and a consequent reduction of
downtime[1]. In order to gain a precise understanding of this process, this chapter will first incorporate
predictive maintenancénto the field of Industry 4.0This chapter further presents twase cases for
transfer learning in the predictive maintenance environment. Theifiratfault classification tas&nd

the second is aiseful life predictiontask Both are applicable for bearings in grinding spindles
Therefore,the technical backgrourgdof machine tool spindlesbearings and accelerometersare
introduced Next the current stateof the art for predictive maintenance foclassification andhe
remaining useful lifof bearingsis presentedThis is donén order to providean overviewof what is
lacking within thecurrent approaches and how they can be improwetich isalsodone to tackleRG.

This alsoresults in an overview of what is missiig current approaches and how they can be

improved Based on this overviewhe three researclyuestions of this thesis are derived.
3.2 Predictive Maintenance Background

3.2.1 Introduction

The vision of a smart factory (fully connected and-egifanizing) in the industrial environment is only
possible if the machines used work correctly and deliver results with the desired efficiency and
precision[1]. Oneway to achieve this ishroughthe usage opredictive maintenance. Therefore, in

this chapter, predictive maintenance is first brought into the context of Industry 4.0. Subsequently,
spindles an essential component in the machine manufacturing procass introduced3]. Within

these spindles, the most critical element is the beaf#lgwhich is presented in detaii thissection

Finally, accelerometeysvhich are used for predictive maintenance taskse introduced

3.2.2 Industry 4.0

Predictive maintenanceelies ona sequence ofligitalizationstages ands a subarea of Industry 4.0
(14.0). 14.0denotesthe fourth industrial revolution and aims to automate industrial practices and
traditional manufacturing with the help of smart technologies such as masbimeachine
communication and the internet of thind91, 92] A group of researd@rs and industryexpertshas
developed an 14.0 reference model for a better undersiagdof the process[93]. The 14.0
development path can be structured along six stages Esgarel7): The first two stages are in the

field of pure digitalizationEverything is based on stagetfie dcomputerizatior stage, whereasks
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are performed with the help of computers Thisinvolves business tools like enterprise resource
planning (ERP) systems as welpasiuctionmachines with a computerized numerical control (CNC).
The next stepdconnectivity€ connects the different isolated components. This is usually achieved by
connecting the components in a local netwothe remaining four stages are in the 14.0 field. The third
on the machineso record the measuredalues throughout the entire proces§hese measurements
can be used to create a digital modeat shows the current state of the processes. The next phase is
dransparency £ompaniesat this stage use the datgathered inphase 3 to understandvhy
somethingis happening. This is followed by a step callgedictive capacitg whereinalgorithms use

the gathered data to predict what will happen in the future. The last stagmdaptabiliz &n
autonomous process in which decisions are taken to optimize the process without human interactions.
All thesestagesbuild upon each othedirectly. Therefore, it iSmpossible to move up to a higher stage

if the current one is not fulfilled.

Digitalisation

How can an autonomous response be achieved?

What will happen?

Value

Why is it happening?

What is happening?

g

Predictive
capacity

¥

Transparency

/‘ Computerisation ' Connectivity ’ Visibility

Figurel?: Stages in the Industry 4.0 development pdthe path beginwith stage 1 computerization and ends with stage 6
which leads to autonomous adaptiofgs3].

Adaptability

Applying this definition of 14.0 to predictive maintenance shows that companies must be at least at
stage 5to cover all predictive maintenance aspeckhis is becausergdictive maintenance which is
understood asthe proactive maintenance of machine toplsonsiss, amongst othes, of error
detection of known errorswhich is stage 3and error predictionwhich is stage $4].

In order to gain an essential business understandingedictivemaintenance in general and bearing

damage in grinding spindles in particular, machine tool spindles and bearings are explained in more
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detail in the following twasections Parts of thesasectionshave already been published in a research

article by Schwendemann et al. [54]

3.2.3 MachineTool Spindles

Today, there aremumerousdifferent types of machine toolsHowever, hey allshare theneed to
remove material somehowThis is doneaisinga cutting tool attached to a spindle, which in turn is
responsible for the precision and speed of the machine. It absorbs the emerging cutting forces and
guides the tool. A spindle is usually driven directly by an electric motor but can also be drivectiyndi

by a belt drivd95]. To be more precis¢he tool is attachedo the shaft of a spindle, which is clamped

to the spindlein two positions: thefront bearings at the frontwhich absorb the cutting forceand

the rear bearings at the backsidinat hold the shaft at position[96] (seeFigurel8). The spindles
positioned on the workpiece by linear and rotationakaxOneparticulartype of machine tools a
grinding machingwhich removeghe material withagrinding wheetonsisingof hard material grains

attachedto a basic body usinganding materia[97].

Front bearings Shaft Rear bearings : [" “]
l’ T N

€——————  Grinding wheel

Figurel8: Positions of bearings (green) inside ofriading spindle

Evenwithin the subcategory ofirinding machineghere are a large variety oflifferent spindledue

to the specific requiremerstof the grinding tasks. There exist special grinding spindles for powertrains
that need high power because they use big and heavy grinding wkeelEmove much material.
Because of the large wheel diameter, the circumference speed is éngm with a low rotational
speed.However,there are also spindles for smaller componethat need less power but higher

rotational speed (se€igurel9) [98].
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216 tool

150 speed o
Figure19: Differentavailablespindleconfigurationsand their application§98].

3.2.4 Bearings

All the bearings inside spindidave the same layoyindependent oftheir use case, lixthe grinding

of a powertrain.This is based on their application purpose, which is to connect the rotating spindle
shaft to the stationary spindle housingherefore, learingsare made ofour components: thénner

and the outer rings, theolling elementsandthe cageFor the use case of spindles, most beaginge
ballsasrolling elementg[99]. The cagekeepsthe balls at a constant distandeom each other.As
shown inFigure20, the cage and the balls are placed between it@er and the outer ringEach of

the four components can be the source of a bearing fault. Howéviesupposedhat 90% of all faults
are related to outer and inner ring defedts00]. A possible reason for this could be that the rings are
permanently under load while the balls rotatend therefore their contact area is constantly changing.
However, the cage does not have to hold any load at ialjust has to keep the balls atdistance
[101].

Each of the four component{suter ring, inner ring, ballandcage)has a specific fault frequendEq.

(15) ¢ (18)), which is emittedby the ballghat roll over the surface of theaner and outerings[101¢
104]. Depending on the rotational spegthere are use cases where these frequencies are lower than
85 Hz[105]. Each anomalgf acomponent result$n a periodic impulse that depends on tretational
speed of the shafitQandthe geometry parametes. The relevant parameters are the pitch diameter
(O ), thenumber of balls and their diameter §), and the contact anglé® || (seeFigure20).

The contact angle defines the angle of the contact position betweeniigsand theball. An angle of

0° stands for a vertical contact line
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Figure20: Layout ofa ball bearing irthe front and sidesection plang54].
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Theaforementioned faults can occur in the following ways:

1 Singlepoint defects:In this case, onef the fourcomponens of the bearing has defectat a

singlepoint. All otherbearing components are in good conditidBlome examplesf these
defects are spallsgracks,and pits For this type of defect, an increased amplitude of the
characteristic fault frequency of the given defect can be meas(sedEq.(15) ¢ (18)). Most

of the recent research articles address siAgtent faults[106, 107]

Multiple-point defects:This termis used when a bearing hasultiple singlepoint defects.
Depending on the position of the defects, the amplitudes in the frequency rangevargty
The amplitudegan sum up or compensate each otlip8].

Distributed faults:In contrast to point defects,his type of faultcan resultfrom the loss of
lubrication, coupling misalignment, eontamination.This fault results in the bearing surface
becoming rougher and rougher, which is why it is also called "generalized roughnbiss
leads to the fact that, unlike muftie-point faults, the fault cannot be subdivided into a series
of multiple singlepoint faults. Thisin turn, results in the problem that the characteristic

frequencies are not necessarily measurable or mightavanbe present at alj107].

In the event that a bearing is degraded due to a sitern load, such as a machine crash, the

characteristic frequencies appear immediately. However, the degradation of a beatatly consists

of four stagesascan be seern Figure21[109, 110] During the first &age a crack is just developing
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andis only visible trough ultrasonic frequencie3.herefore, rither characteristic fault frequencies
nor visual changes of the bearing are visibighe nexistage the crack continues to increase, although
still not visible on the surfacéloweverthe crack is now measurable throutite natural frequencies
of the bearing componentd.hese naturalrequenciesbecome apparent because the forces that now
arise are strong enough to excite thddil1]. They are usually in a frequency rangebefween2 kHz
and 6 kHz[110]. In stage 3, the degradation becomes visible. The cexchkvesinto defects on the
surface of the bearing. Small parts of the defective bearing component may coniéhefie surface
changes lead to the appearance of the characterfstidt frequencies already described aboviée
last stageoccursdirectly before the total failure of the bearing. The clearance inside of the bearing
increases. In addition, some see@its may be fixed with removed parts from other pits and afterward
smoothed over by the rolling elements. These twocurrencescan lead to a vanishing of the
characteristic fault frequencies. Instead, random frequenaggsear in the form of background noise.

This noise im the frequency area of theharacteristic fault frequencies and of the natural frequencies.

Rotational Characteristic Natural Ultrasonic Rotational Characteristic Natural Ultrasonic
Frequencies . Fault Frequencies Frequencies Frequencies Frequencies . Fault Frequencies Frequencies Frequencies

= =

o 1x o 1x

o° o°

2 2% 2 2%

a a

£ 3x £ 3x

“ Ll “ Ll I I
0 1 2 Frequency [kHz] 6°20 0 1 2 Frequency [kHz] 6°20

a) b)

Rotational Characteristic Natural Ultrasonic Rotational Characteristic Natural Ultrasonic
Frequencies . Fault Frequencies Frequencies Frequencies Frequencies . Fault Frequencies Frequencies Frequencies

1x

2x

3x BPFO BPFI

b W I

0 1 2 Frequency [kHz] 6720 d) 0 1 2 Frequency [kHz]

Amplitude [g]
Amplitude [g]

Random

<)

Figure21: Thefour degradationsof a bearing In everystage,the rotation frequencies are visible in area A. The first stage is
shown ina). Here the crack ignlyvisible througtultrasonic frequenciesn stage 2 (h)the natural frequencies of the bearing
become visibleThis is followed bgtage 3 wherethe characteristic fault frequencies appear in addition to the two already
existing frequencieg-inally, n stage 4 (d)the frequencies in ared andc vanish. Insteadrandom noiseappearg112].

There are guideline values for the occurrence of the faages in percentage terms of the hearing
lifetime (seeTable5) [109]. The ko lifetime is the lifetime reached by 90% of the bearings of one type
[101]. The current industriasolutions arecondition monitoring and predictive maintenance systems
with a primaryfocus on stage 335]. This is probablypbecausein order to preventa machine
breakdown it is not necessary to detect a bearing fault earliEnerefore this thesisalso focusesn
faults in stage 3 and 4 An exampleof havingenough time to perform a planned maintenancethis
bearing inthe workpiece spindles of grinding machines. Hene pperating life of 20,000 to 30,000

hours is assumefd.01]. According to Eq(19), this leadgo a remaining lifetime 012.5 weeks until the
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spindle bearing fail§ his calculation is under the assumption that the machine is operated in two shifts
and only on weekdays, in conjunction with the assumption that stage 3 is reached at 5% of the service

life (as shown iMmableb).

YQd& & VETWQ 6 Qi & it HO6—+2 zp b 12.5weeks (19

Table5: Theoccurrenceof the different degradation stages in percentage terms ofithdearing lifetime/109].

Stage 1 2 3 4
Percentage ol 10¢ 20 10¢5 5¢1 1¢O0

Liolifetime [%0]

Many publicationgocuson detectingthe defectsof bearings [102, 113, 114]For someonly the fault
state is relevant, and othei@sorely on the #rementioned degradationln general, B the research
works can balivided irto two research directiongOne direction is the determination of the physical
size of the defecie.g., the size of the hole in the inner r)ndhe otherdirection is the current
degradation level of the bearing.

Because the characteristic fault frequencies only dependiearing parameters and the rotational
speed (se&q.(15) - (18)), the research findings can generally applied to bearings in spirttthesever,
when analyzing bearing faujti is not only the bearing itself that is relevant but aiksenvironment.
For the use case of a bearing inside a spindle, noise is the most important factor to coDsier.
components of the machine, such as other spindles, cooling systems, ofregeilency converters
may be the source of this nois€ypically, thisoiseis outside of thebearind2 ffiequency band. There
are threeapproachedo handle noise: lutilize only the frequency bands whichbearing defectgan

appear[103]; 2: denoisng ofthe data beforeusing it[115]; 3: usenoiseresistantalgorithms [116].

3.2.5 Accelerometers

Accelerometersare used to record the characteristiault frequencies mentioned in the previous
chapter. There are two measuring principlesastelerometersused in the industrial environment:
MEMS ficro-electro-mechanicakystem) and piezoelectric sensoMEMS sensors are less expensive

and have high shock resistance. The sensors based on piezo electronics, on the other hand, are known
for their low noise and high linearift17].

Theaccelerometesused ini 2 R linduSt@dal environment can recordiatawith a maximal resolution
between 10kHz and 5&Hz Howevermost of them are only capabl# recordingup to 10kHz[118,

119] Evenwithin many research papetatasets only sensors up to about 2&iz are used (e.g.,
25.6kHz[120]and 12kHz[121]).
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When recordingacceleration®f bearings, the following should be considered. To be able to record all
possible fault positions, at least two sensors that are alignexhch othemat right anglesre required

This is because one part of the bearing (inner ring or outer ring) is fixed and operated under radial load.
Not all possible positions of the fixed part can be recorded with a sensor that only records in one
direction. Under misalignment of the bearingll three dimensions are need¢d7]. However, often

only one sensor is usdiecauseeven MEMSensors are expensive, and it is possible to cover large
parts of the bearing with only one sensor.

One way tdit the industrial demands for having a good return on investmisiib use triaxial sensors

to avoidthe cost of multiple sensors and their wirin@iaxialsensors record all threaxeswith only

one sensorTheir usagds feasible because dheir assemblywhichusesthree small accelerometers
combined in one housingdowever, thé applicability is limited sinceensors intended for industrial

use are only available witipproximatesampling rates of §Hz(e.qg., 45 kHz[122]and 55 kHz[123]).

The usage of accelerometers to measure vibratioriségnost common way to analyze the status of

a bearing[124, 125] Neverthelessthere are also investigations regarding the actual and historic
temperature profile[126], the mechanical forces occurringuch as preload in the bearifig27], and

the motor current and voltagfl28]. However vibrations are found to be the most reliable source for
the condition of a bearing129]. Additionally, a DIN standardexists thatdescribes theproper

applicationof accelerometers for bearing monitorifg24].

3.2.6 Challenges

This section has introduced the technical background for predictive maintenance in genkral
addition, aparticularfocuswas seon bearings inside of spindleshose pedictive maintenance tasks
have been in focus for a long time due to their importaitéhe production processThe physical
backgrounddescribed abovecan be used in combination with traditional methods like simple
threshold value monitoring in order to detect errd30]. However, hose traditional approachesre
challengng inthat frequency bands, harmonics of the frequenagdthe relationshipbetween tham
must also beconsideredfor a more accurate analysi$herefore, experts with a deep knowledge of
the degradation process are needddeverthelesseven forthose expertsit is nearly impossible to
identify all the convoluted features that can appear when multiptent defects or distributed faults
of a bearing appedi31].

As introduced irSection2.2.1, machine learning can be used ¢vercomethe problems described
above Like traditional approaches, thesomehow createa mapping of vibration signats classify
them into different categories likéhealthy¢ or couter ring defect The difference is thaivhen using
traditionally approachesthe classification isarried outusinghard empiricallydeterminedlimits for

particularfeatures. When using machine learning, the classification is basgdioed models which
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rely on often labeled dataA trainedmodelinvolves more featuresthan a simple hard limit (e.d34]).
These assumptions can be directly applied to the case of estimating the RUL, asnaedluring the
RULestimationalso the current health statis used to predict the remaining lifetinj&32].

The downside of Mapproaches is that they need a lot of datafi@ning their mode[see als®ection
2.2.0). Especially for the use case l#arings,this is not feasible forealworld approachesOften,
small and unlabeled or partly labeled datasets are available for these.CHgissis the case forew
machines or new types of a compondf}. However existing machinealsosuffer from this problem
for the following three reasonfl31]: First of allit can be dangerous when machines are running with
faulty componentstherefore, they are often replaced in advance. Secaihé degradation process of
bearings is really slawlherefore, it takes a lot of time to get to a faulty state (see a&ection3.2.4).
Third, the different process conditions ofraachinemight produce different error patterns. A solution
to overcome the lack aflatasets is to use transfer learnitgusedatasets of a different bearing or a
different process conditiofiL2, 83, 131]Therefore the nextsectionintroduces the state of the art for

transfer learning for predictive maintenance of bearings.
3.3 Stateof the Art for Transfer Learninigr Predictive Maintenancef Bearings

3.3.1 Introduction

The previous chapter has shown the importance of using machine learning technologies and transfer
learning for the use case of predictive maintena for bearingsAs introduced irSectionl.1, there

are two mainresearch directions: fault classification and the estimation of the RTerefore, the
following sectionspresent a review of selected reseamdgardingclassification as well as for RUL in

the context of bearingdn each case, supervised learning approaches are discussed first. After that,
transfer learning approaches for the same bearings are presented, followed by approaches for
different bearingsA particularfocus is placed on transfer learning approachedtheir strengths and
weaknesses. This results in the derivation of the research questions of this thesis.

Most parts ofthe followingsectionshave already been published in research articles by the author
[54, 112, 133]

3.3.2 BearingFaultClassification

3.3.2.1 Introduction

Bearingfault classification is a field of great interest. Therefore, many approachieg dsferent
techniquesexist There are approachdbat use traditional machine learningvhere often a small
number of featuresare extracted which are then used for algorithmike SVMs[113, 134, 135]as

well as approachethat use deep learningechniquessuch asCNNswhere oftenno separatefeature
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extraction isperformed[136, 137] In addition, different classification tasks like fault location (inner
ring, outer ring, etc), fault sizeand fault severity exist.

Literature reviews reveal two imporant facts about current research on bearifault classification
[54, 131] First, most publications are based on only a few reference datasets, and s€idld;an
deliverthe highestaccuracies foall classification taskg\ccordinglythe reference datasetsas well as
the current stateof the art based on CNNare presentedbelow.

3.3.2.2 Reference Datasets

Two publicly available dataseése used in most publications. Tlw@e used in most of the current
research articles ighat of the Case Western Reserve University bearing data center (C\WRL])It
provides datafrom a two-horsepower electric motor. The recording thie signals of the bearings,
which support the motor shaft, is done with accelerometers on both sides of the motor:-enid €64
measurements of vibration signals) and f&amd (49 measurements of vibration signals). All faults are
artificial singlepoint faults seeded ithe balls the outer ring, or the inne ring of the bearing Thisis
carried outwith an electraedischarge machining operation. There is a variation of faults by different
fault diametesand different motor loads froma horsepower 00 to 3. Please refer to the descriptions
of Loparo [121for more information.

The University of Paderborn supplies another publicly available dd@&jett includes measurements
of artificial defects irthe outerrace,the innerrace, andhe balls of the bearingln addition, it includes
data of real damages caused by accelerated lifetime setupseftire dataset consists of 32 different
bearings of the same moddData is recorded by operating the bearings under different conditions for
each bearingThe dataset ioludes samples oflifferent rotational speeds (90 m and 150Gpm),
different radial forces (40081 and 1000N), and different loads (0.Nm and 0.7Nm). The datasifrom

a test rig consistingf a test motor, a bearing module, a measuring shaft, a flywheel, and a load motor.
Please refer to the descriptions béssmeier et al. [36dr more information.

Other datasets are also given in the literature, suchf@sinstance a train bogie test rigl38] or a
gearbox datasef139]. However, these armrelyusedand oftennot publicly available.

In general, most of the available datasetre laboratorydatasets thatexist out of bearings with
artificially introduced faults However, &dboratory datasets have two drawbacks. The first is that they
often haveonly singlepoint faults and the second one is that the recorded d#aaksthe noise of
other machine componente.g., electric motorandcooling system)s

In addition to the publicly available datasetsed in various research papethis thesisexclusively
usesa privatedatasetof Junker Maschinenfabrik Gmbli.contrast to theaforementionedaboratory
datasets, alfaults aregenuine They arethe results of normal weaout of the spindle and can be

singlepoint faults as well as distributed faults. The recordings of each spindle havecha@d out
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under three different rotatioml speeds(from 10% to 100% of the maximum rotational speethe
datawascollected with accelerometerattachedto the spindle inthe x-axis and yaxis orientatios.
The spindle is designed fomsximumpower of 4kW and a maximum rotatiaspeed of 200rpm.
The bearings of the dataset can be assignetiésame three different healthonditionsas the CWRU
and the University of Paderborn datasets, which are inner ring fault, outer ring #ndt healthy

bearing.In sumthere are 48 different measurements.

3.3.2.3 Supervised Learningith CNNs

The easiest way to use the datasesscribed abovés to use them for supervised learning without
transfer learning.There are solutions using the raw input data and solutithrad use abstraction
through different feature extraction methods as input for a CERmples of solutions usingthe raw
sensor data ardound inWen et al. [26fand Ince et al. [14Q]Both used the raw sensor data but in
different waysWen et alused a 2D CNi¢ plot the raw sensor data streaof the CWRU dataseind

split them into smaller partdJsing this approach, thechievedaccuraciesf up to 100%Bycontrast,

Ince et aldirectly used the raw sensor dataf a realworld motor conditioning systeras input for a

1D CNNThisapproachachieved a lesseaccuracyof up to 97.8%However, this approach has the
benefitof fastertraining dueto the fact thata1D CNN has fewer trainable parameters than a 2D CNN.
The work oDing and He [125])sed a feature extraction techniquélhey usedvaveletpacket energy
(WPE) to convert the raw vibration dashthe CWRU datasétto images Therefore the energy of a
wavelet packt transform a particularwavelet transformthat uses high and low passes during the
transformation, was plotted over time The researchersreached an accuracy of 96.8% using this
approach.Verstraete et al. [141had a similar approach. They also used the CWRU dataset and
compared different timefrequency domain transformationfHHT, Waveletand STFTas well as
different resolutions of the image82x32 pixed and 96x96 pixa). The architecture of their approach
was based on a double convolutional layer layout, which leads to an incresigadicance of the
features through additional nonlinearityA nonlinearity decision function is importafdr making
complex nonlinear decisiorj$42]. The best approach reached an accuracy of 99.9%.

Jing et al. [143]Jnvestigated the influence of different feature extraction methods for different
machine learning approaches lik&NN SVM and afully connectecheural network.They showed that

for their dataset, whichwas provided bythe 2009 PHM Data Analysis Competiti@NN perform
much better than other machine learning approachésen using the input data directiyue to their
ability to learn featuresThe resultavere nearly equal between the different techniques by manually
preselecting features like the crest factdihe best accuracy (99.33%) was obtained using a CNN with

direct frequency domain datalhisresult is even better than the results achieveding manually
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selected frequency domaiieatures Although the researchers recommended the use of 2D segments
for future work, they trained th&CNN with 1D segments from raw data input

An improvement over pure CNN approaches can be achieved by combining them with other
techniques. This was done Wpu et al. [144jwhointroduceda hybrid modethat usesa CNNtogether

with an SVRThe CNNwasused forextract features directly from the rawsensordata of the CWRU
dataset Howeverthe SVRwvasused for classificatiorBy combining the two techniques, théyada
97.6%accuracyate for a larger dataset with differerfault sizesand93.9% for a dataset with only one

fault size.These resultsvere better than whenusingonly one of these techniques.

The presentedesearchshows that in the area of supervised learning, very high accuracies can be
achieved(up to 99.99%)However, i should be noted thathese high accuracies might based on

the fact that supervised classificatiqris genera) provide higher accuracies based lange labeled
dataset145].

3.3.2.4 Transfer Learning f@&me Bearing Tygavith CNNs

As an extesionto supervised learninghtre are also solutiorthat use transfer learningf the same
bearing type.In doing soknowledgefrom datasets of the sam#ype, which work under different
process parameterse(g.,loads) or have different fault sizes,transferred All of the in the following
presented works use the CWRU dataset. This dataset has the advantage of having, amongst others,
samples of different fault sizeas well as samples of different lagavhich can be used for transfer
learning

Li et al. [137kuggestedh transfer learningpproach forlD sensor input data. Their proposed CNN
wasbased on labeled data for the source domain and unlabeled data for the target doBwtim.
dataset were of the samebearingtype, but each domain used different loadBuring the training
phase, they used datiaom the source and the target domaand adopted the two domaingith the

help ofan MMD loss functionThey evaluated combinations of different loadshia source and target
domain as well as different MMD setups, suclceEssicaMMD and MKMMD. The results shoed

that the accuracy oféachimplementation is dependentrothe transfer taskin all evaluationsthey

got results of about 95% accuracy with transfer learning. Without transfer leartiirgaccuracies
were between 63band 82%.

Zhang et al. [136}sed aparticularlayout of aCNNwhere the first layer hda wide kernel. Thealso
calledthis approachawide deepconvolutionalneuralnetwork (WDCNN). They transferred knowledge
between domains of different loads buiith the same bearingype. The transfer itselivasdone by
statistical information of the target domain. Unfortunately, the exact nature of this information is not

specified With this network they reached an accuracy of 95.8%average.
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Li et al. [138fmployeda train bogie test rig datasetnd the CRWU dataset & two-step transfer
learningapproachln order to extracfrequencydomain data theyappliedan FFT on the raw data. In
the following step, theyused aCNN and a generative neural netwadkgeneratea highlevel feature
representation TheCNN extraatd the features while the generative neural network ud¢he output

of this CNNo generatefake fault data.To reduce thalistribution discrepanchetweenthe fake and
actualfeatures they employedthe varianceand the mean of the target domain dataThe trained
network was also used for the target domairin the last step, theyutilized another CNN forthe
classificatiorwith an accuracy of above 92% in the target domain.

Han et al. [139]ntroduced an intelligent fault diagnosis framework calle@ep transfer network
(DTN)Again,the source and the target domain dataset®re from the same test environment. The
differencein their approachs that theyused different fault sizesTheir suggestedramework uses
Joint Distribution Adaptation (JDAQ adapt the conditional distribution of unlabeled target data
together with labeled source domaindata. JDAcombinesthe classical MMD andraMMD that is
calculated with the conditional distribution of each categoryaasnput. With the help of JDAhey
achievedan accuracy of 99.3¢6r transferringknowledgefrom small fault sizeto largefault sizesand
97.1% for the reverse direction.

All the presented transfer learning approaches for the same bearing type with different process
conditions shovwpromisingresultsthat areup to 99.3%. This shows that there is little reatmperform
further investigations in this directioiowever, it must be noted that all these works were performed

on laboratory datasets, which have hardly any noise.

3.3.2.5 Transfer Learning f@ifferent Bearing Tymavith CNNs

Theaforementioned worksnaynot perform particularly well when trained adatasetof one bearing
type and usedo classifyanother. Therefore, there aralsoapproaches for transfer learning ftie
classification of bearing faultetween different bearing typesSince there are only a few solutions for
transfer learningof different bearings based on accelerometer datds chapterfocuses on all kirsl
of machine learning techniques and not only on CNilN#he followingsection all, to the authotsbest
knowledge existingtransfer learning approaches fdifferent bearings based on accelerometer values
are presented.

Yang et al. [146Juggestedh feature-basediransferneuralnetwork (FTNN) taeterminethe condition

of bearings iractualmachineausingthe diagnosis knowledge from bearings in lab machifesextract
transferable features from both actual and lab machines, their suggéstateworkuseda CNN The
parameters of the CNN were then constrained fegularization terms ofa multi-layer domain
adaptation (MMDbased) angbseudaclabel learning toeducethe amongclass distance of the learned

transferable features. Thaysed two bearing fault cases to validdtee suggested approachn both
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casesthe target domain data containetthe health status of locomotive bearingsThis datasetvasa
realworld dataset and both source domainsvere laboratory domains. Case 1 contadhdata from
motor bearingsand the second case contaithgearbox bearing datalhe results shoed that the
suggestedapproachcansuccessfullyearn transferable features tbink the discrepancy between the
data fromactualand labmachinesby having an accuracy of 84.32% for case 1 and 74.81% for case 2.
Zhiyi et al. [147presentedan improveddeep transfer auteencoder forthe purpose ofdiagnosng
faults ofbearings placed across multiplsachinesAn autoencoder is a type oANNthat is typically
used to learn a condensed representation (encoding) of the input dasaaled exponential linear unit
was employed in their suggested framework to increase the quality of the mapped vibration data
acquired from bearingg-urthermore, a nonnegative constraint was used to change the loss function
in order to enhance the reconstruction effedthe trained source model's parameter knowledge was
then transferred to the target modello harmonize the properties of the target test samples, target
training samples that had limited labeled information were utilized to-fumee the target modelThe
vibration signals of bearings installechiultiple machines were used to evaluate the suggested model
Theresearchersserified their approachn two case studiesCase study 1 usehe CWRU datasets

the source domairand aprivate test bench dataset as the target doma#n accuracy of 90.42% was
achieved Case study 2 udgea gearboxdatasetasthe source domain ana dataset otbearing of a
locomotive wheel ashe target domain. Herean accuracy of 88.18%asreached. Only the target
domain data of case ®asa reatworld example. This datasatasverysmall,and it is not apparent if
samples from the same bearing were used in both the training and test datasets. Overall, the presented
results indicate a promising performance compared to existing techniques.

Cheng et al. [B3uggested deeptransferlearning approach thaisesrelevant information fromthe
source domainto perform learning in the target domairiTherefore, they usedhe Wasserstein
distanceto minimize the distributions between the source and target domainthieir setting the
Wassersteirbasedtransfer learningapproachhas shown to performvell for both unsupervised and
supervised learninglhey used the CWRU dataset for different transfer s¢asksupervised transfer
learning of different speesl(average accuracy 95.75%), unsupervised learning of different loads
(average accuracy 64.20%hd supervised transfer learning of different locations (average accuracy
64.92%). Different locatiorimplicitly lead to different bearings since different bearings are mounted
in both locations of the CWRU datasé&he difference in accuracies can be explained by the fact that
the speeddifferenceis onlyminor; therefore, this transfer task might be easier

To sunmarize there are only three solutions for transfer learning between different bearing types.
They are based on different algorithms amebtof them target a realvorld dataset Independent of

the algorithm the accuracy is between 65% and 90%.
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3.3.2.6 Conclusion

The state of the art for bearinfault classification has been presented in the previsestions
Independent of the setup (supervisddarning or transfer learning)pone of the challengesof all
researchers is that only a few datasets arailable tovalidatethe different approachesThe most
frequently usedlatasetis thatof the CWRUThis datasetiad most of the other datasets are laboratory

datasets thatexist out of bearings with artificilglintroduced faults In addition, there is no or only

little noise from other components.

Table6: Brief overview of different research in the fieldeéring fault classification
Authors ML Signal Transfer Difference between |Different |Accura
model | Processing |function source and target process |cy
data conditions
in the
target
domain
Wen et al. [26] |CNN Raw data |- - No 100%
Ince et al. [140] | CNN Raw data |- - No 97.8%
o |Ding and He CNN Wavelet - - No 96.8%
£ |[125] packet
§ energy
- Verstraete et al.| CNN HHT, - - No 99.9%
qg [141] Wavelet,
S STFT
= |Jing etal. [143] |1D CNN | Frequency |- - No 99.33%
‘g data
£ You et al. [144] |CNN Raw data |- - No 93.9%-
= +SVR 97.6%
@ Lietal. [137] |1D CNN |Raw data |MMD Different operating | No 95%
£ loads
2 Zhang et al. CNN Raw data |Mean and Different operating | No 95.9%
§ [136] Variance of |loads
o the target
c .
= domain
P S |Lietal [138] CNN, FFT MMD Different fault sizes |No 92%
) GNN
oo
%'% Han et al. [139] [ DTN Raw data |MDA, JDA Different fault sizes |No 97.1%
=2 and operating loads 99.3%
Yang et al. [146] FTNN Raw data |Multi-layer |Source from Lab No 74.81%
MMD Target from real 84.32%
=y machines
2 S
=) = Zhiyi et al. [147]| auto Raw data |Custom Source and target No 88.18-
€ £ encoder from different 90.42%
§ s machines
g g Cheng et al. [83] DTL FFT Wasserstein | Differentsetups with | No 64.20%
"g o different bearing 95.75%
© ;q:_’ types,operating loads
=S and rotational spees
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The datasets are used in a supervised mannecampletely unsupervisedor transfer learning.
Unfortunately, there are no solutiortkat use partly labeled datasets for sesupervised training. As
stated in the problem statemdnsemisupervised learning is of great interest since it is difficult for
many companieso have all data labeled. Many enterprises are already happgollect data and
disassemble some of the deféa bearings.

Thereare many approaches for the classification of bearing faults for fully labeled dataseteown

in Table6, :osme solutions have an impressive success rate of @9%)] or even more[26]. These
solutions, howeverare designedfor one particularuse caseusuallywith a certaintype of bearing
fault size andload. There arealsotransfer learning solutions for different process parameters and
conditions of the same bearing/hich canaccurately classify the condition of a bearifigis changes
when the transfer between different bearing types is considered. Heesaccuracy drops to between
65% and 90%. This clearly shows that this transfertliatkeen bearingés more sophisticatedl'able

6, whichgivesa brief overview of the presented research, shows that until now approachhas
combinal the transfer learning fields of different process parametéarsthe target domainand
different bearingsn the source and target domaiTherefore, me missing use case is to have a partly
unlabeled target domain with different rotating speeds of the spindle/bearing. 0$@scase is also a
realworld use cas@ndcan be related to different machine manufacturing procesbesm this deficit,

the followingfirst research questiownf this thesiscan be derived directly

RQ1: What are the necessary characteristics oinaw classificationmethod for bearings,which
can take the benefits of alataset of a different bearing type for a partly labeled target datasg

that is collected under different process conditions?

3.3.3 Remaining Useful Lité Bearings

3.3.3.1 Introduction

Fault classificatioiis anessentialaspectof condition monitoring. However, knang the remaining
useful lifeis also importanto prepare planned maintenance aagtoid a machine breakdowit his can
be accomplishedy reporting the currentcondition such asinewz a percentage othe lifetime, or
evenan estimatein operationalhours.In general, there are tweommon approacksfor estimating
the RULThe firstis toemploya health indicatorwhichis often a value between 0.0 and 1v@th 0.0
representing éealthy condition and 1.8epresentinga defect. With the help of this indicator and the
total lifetime of samplesa mapping fronthe health indicator tothe remainingtime can be made
[148]. The other approach is based on regressibtere, it is possible to work directly withe

remainingtime. For this purpose, the future trend is determined based on past values. The RUL can
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then be calculated directly using this trefi2, 149] SVMg149]and RNN§148]are two weltknown
approaches for thisMarkov Models (MM)150], Mahalanobis Taguchystens (MTS)151], and other
artificial neural network§l52]are other usedpproachesFurthermore therealsoexistconceptghat
are notdependingon machindearning, such athe closed skew-sormal (CSN) distributioi53]. The
CSN isleterminedat each data poinby takingthe RMS of the vibration daté regression modetan
also be usedor traditional approacks as done byhao et al. [53]As described i®ection2.2.1and
3.2.6 machine learning approaches are more suitable for complex and dynamic daéaseto not
need manuafine-tuning. Thereforepnon-machinelearningapproaches are ngiresentedhere and are
beyondthe scope of this thesis.

Most studiesestimatingthe RULdo notusethe raw datadirectly. Instead, heyuse calculated features
of the time or the frequency domajrsuch as crest factor or root mean squdkel]. The datasets
consistmainly ofonedataset thatisdescribedn the followingsection Afterward, some relevant works
that usesupervised learning withoutansfer learningare reviewed This idollowed bya review of
relevantworks for transfer learningfor the same bearingype. Finally,i 2 GKS o0Sad 27F

knowledge pnlytwo existingtransfer learning approachdser different bearingtypesare introduced

3.3.3.2 Reference Datasets

Thereis onepublicly availablelatasetthat is used in most publicationshat of the FEMTQnstitute,
which was used ahe IEEE PHM 2012 data challenge compet[tl@®]. This data is acquired froan
accelerated aging atform called PRONOSTIAvhich provides vibration and temperature
measurementsThe vibration signal is measured two highfrequency accelerometergype 3035B
DYTRANwhich provide data with a sampling frequency of 2. One is usdtbrizontally andthe
other inavertical directionEvery 10 second2560 data points are recorded@he data of each bearing
was recorded until the vibration signal exceededy20his condition was then considered as defective.
The defects of all bearings which can be singlpoint or multiple-point, are based on natural
degradation. There are no seeded fauliberearethree groups of different operation conditionhe
first (1800rpm and 400(N) and the second (165Pm and 420(N) containsevenbearingseach while
the third (1500rpm and 500N) contairs only three bearings.

3.3.3.3 Supervised Learningth RNNs

As mentioned irBection3.3.3.] the two important machine learning techniques used for supervised
learning in the context of RUL are SVMs and RMN® case of SVM#here are two relevant research
papers The first is fronLiu et al. [154]whoproposedan approachor RUL based amumeroushealth
state assessment3heirapproachsplitthe entire bearing life intadifferent health statesThe authors
built an individuaregression model with unsupervised and supervised comporfentsach stateln

a first step the unsupervised parused principal component analysis (PCA) and clustering to
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automaticallyextract knowledgedn the form of health state labelsisinga fuzzy eneanstechnique
PCA is a technique to restructure a dataset by approximating a large number of statistical variables
usinga few linear combinationsAn SVM was used afterward to detect the health status using the
generated labelsWith the help of these generatddbels,an SVMwvasthen used to detect the health
states. Afterward, the RUWas estimatedwith another SVM Finally,the authorsevaluatedtheir
approach basean a custom benchmarthat compared the difference between the true and the
estimatedabsoluteRUL of two bearingdearingl_3 (true RUL5730, estimated5842 and bearing
1 4 (true RUL339, estimated RUL109.

The second paperontains the winning approach of tHEEEPHM 2012 data challenge competition
[120]. Sturisno et al. [155¢ompared three different approacheghe frst wasa Bayesian Monte Carlo
approach whichwasbased on an exponential model. This approdicimot perform very welbecause

it could nothandle the abrupt signal changes at the end of Titee £condwasan SVRbased approach,
which worled better, but more datasets woultlavebeenneededto increase theaccuracy The third
approachwasbased on detectig anomaliedy just examining variationgn the frequency signature.
Based on thse changesthe authorscalculated an anomaly ratithat was used to estimate the RUL
based on an equatiain terms ofthe predictionaccuracythe third methodwasthe mostpreciseone.
By using the challenge benchmastup, the authorsreached a PHM score of 0.30Bora detailed
explanation othe calculation of this scorseeAppendixA.5.1

There are also approaches based on deep learsimch as RNN§&uo et al. [148proposedan RNN
based health indicatofor estimaing the RUL of bearings. Thehosel14 featuresfrom the time,
frequency, and timefrequency domaia The features of thetime and frequency domaimwere
transformedto related similarityfeatures Therebythe current statewascomparedwith the previous
states.By wsingmonotonicity andthe correlationbetween operating time and featusdor trainingof
their RNNthe authorschosethe bestfeatures Their approach was the best in their benchmavith

a meanrelative error Er) of 23.24.For the calculation oEr, seeAppendixA.5.1

Malhi et al. [156]utilized an RNN andheir own test data, which wasapturedat 1200rpm. They
employedten features:five time-domain features (crest factokurtosis peak valuerectified screw
andRMS computed fromraw datg and the samdive featuresestimated fromthe result of aMorlet
mother waveletbasedcontinuous wavelet transformlheauthorstrainedtheir neural networkusing
all data up to acertainpoint. Then theyforecastedthe upcomingdegradation trend. This is a real
time recurrent learning approacthat allowsthe RNNto be further trained while in uséAs a result
on a machine, alturrently availabledatacan be utilizedo estimatethe future trend.This approach

showed the best results in their benchmark based on a mean sdeairer (MSE) of 0.05.
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Zhang et al. [157]seda two-layered network. In the first layethey used a CNNvhich is followed by
an LSTM. The raw sensor data was used as input for this netwa#dition, this data was used to
calculate a health indicator based 23 features of the time, frequency, and tiffrequency domain.
The authorsused IEEE PHM 2012 data as well as the challeggtep and scoring function. The result
was a PHM score 6f64

All the presented workseem to be successfidowever although they al{with the exception oMalhi

et al. [156) usethe dataset of thelEEE PHM 2012 data challenteey are not comparable because

they use different RUL mechanisms as well as different criteria for benchmarkingpipeaach.

3.3.3.4 Transfer Learning f@me Bearing Typegth RNNs

Thedataset of thelEEE PHM 2012 data challerigy@ot only ued for supervised learning. One of the
relevant research approachasthe context of transfer learninglso uses this dataseths is done by
Cheng et al. [12whoused a CNN for transfer learning the knowledge of one fault behavior to another
of the same bearingype. Theauthorssplit the datasetinto groups of different fault behaviordo
learn domain invariant features of the rasensor signal they used MAMD. Their approach obtained
the highest accuracy itheir benchmark with methods without transfer learnifgsed on a mean
absoluteErof 47.35.

Another important work ighat of Liu and Gryllias [82Jvhich is base@®n an XJTLEY bearing dataset
Theauthorsalsoused transfer learning tadaptto different working conditions of the same bearing
type. Their approachvasbased oncombininga domain adversarial neural network (DANN) and a
bidirectional LSTMneural network (BLSTM).On the onehand the DANNwas used to deal with
domain shift(e.q., different distributions of the datasets). This mechanism is inspir€&hNsand tries

to generate domain invariant features for the source and the target domain. @mtahe otherhand

the BiLSTMwvasused to extract the features fastimatingthe RULAs alreadynentionedin Section
2.4.5 the usage of a BiSTM leads to higher accuracies than only usingSa Mbecause the training

of a BiLSTM also takes the states of futtimestampsinto account The authordenchmarked their
result based on the root mean square error (RM3H)jch was between 11.52 and 20,38nd the

mean absolute error (MAENhich was between 4.21 and 16.54

3.3.3.5 Transfer Learning f@ifferentBearing Types with RNNs

In addition to the previously introduced transfer learning approaches for the same bearing type, there
are also solutions for transfer learning between different bearing types. However, to the best of the
I dzli K2 NR& 1 Y 2 @fistng SusliEsiscarghtfér learning. Both ardiscussedn this section

Like most other RUL approachese twork ofXia et al. [158lised the dataset of the2012 IEEE PHM
Data Challengasthe target domain dataset, wheses the source domain datasewas from Case

Western Reserve Universit21]. Rawsensor signalwere usedas inputof this approachwhichexists
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of two parts: a fault knowledgetransferneural network (FTNN) and a convolutional LSTM ensemble
network. The FTNMas made ofhree consecutive pairs of oneonvolutionallayer and ongpooling
layer. The target domain dataset was used to train this neural network initifithe transfer learning
process begamith the pretrained butunfixed convolutional layerslhen, this networkwastrained
with inputs fromboth domains gource and targgtat the same timeThis was accomplished through
the usage of MMDThe trained FTNK @utput wasthen fed into the LSTM ensemble networkhis
network consisted ofn parallel LSTM networks with similar layout. Each of then networks was
designedo handleone bearing conditiorfinally the estimated RUL was calculated usamgensemble
mechanisnthat weighted the outputs of the LSTM30 validateheir approachthe authorsused their

own validation setupwhich utilized one working condition out of the three available in the dataset.
Theyalsoincreasel the number of training samples by switching the learning test ratio of the datasets
of the challengdrom two train andfive test datasets tdive train andtwo test datasets. The results
were determined by the RMSEhowingan RMSBf 0.0673 and 0.1631, whideadsin areduction of

up to 48.61%vhencompared to other selfmplementedapproaches

Huang et al. [159%uggestedhn analogousapproach for transfer learning between different bearing
types.The source domain datasetasagain the 2012 IEEE PHM Data Challenge datasthe target
domainwasfrom the Intelligent Maintenance Systems (IME§0]. Theypassedhe raw sensor input
into convolutional and pooling layers. Their outpuasfed into a bidirectional LSTM he resultwas
thenused as input for fully connected layers to estimate the RUL. Instead of the commonly used Adam
optimizer, they employed anadaptive hybrid higipower multidimensional gradient algorithm
(AHHPMG), which their own backpropagation algorithrMHHPMGakes into accounthe temporal
correlation of the measuremesin the training data. First, they piteained the network with the RUL
datasetof the source domainAfterward, the pretrained networkwastrained using the target domain
datain the same mannerThe target datasevasnot divided based omearing instance. This means
that the trainingdataset contaied many samples of the same bearings, whiglere also used for
testing. Inil K S | dminfor, thilmethodisinvalidbecause all it does a complex interpolation of
the RUL values in the training samplEseresearchervalidated their resultsisingtwo bearings based

on thenormalized root mean square emr@NRMSE) (bearing 1: 0.497, bearing 2: 0.234) anthédamn
absolute percentage errdMAPE) (bearing 1:6.311, bearing 223.124.

In conclusion, botlapproaches use the 2012 IEEE PHM Data Challenge dataset. Furthermore, both use
the entire frequency range of the data being recorded with a higholution sensorln addition both
approachesnakeuseof their own evaluatiommetric. Consequentlytheoutcomesare not comparable
with most other approaches, which often use the challenge setup and the PHM (sea®ppendix

A.5.]) for their evaluation.
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3.3.3.6 Conclusion

To sunmarize as shown inTable7, there are various approachds RUL without transfer learning
based on SM, CNNRRNand LSTMsThis table alsghows thatthere areonly two transfer learning
approachedgor RUL obearingsof different bearing typesAlthough he input of all approacheslmsed

on only a few datasetghey are not directly comparableecausethey often use custom benchmark
setups as well as differemietrics to measurehe performance of their approact benchmark type

that is often used and wetlefined is the IEEE PHM 2012 challenge setup and the PHM score (see
AppendixA.5.]).

All presented approachesuse the entire frequency range of datdahat is collected withcostly
accelerometers with high sampling rates as ingdibwever, the permanent mounting of expensive
sensors does not reflect the industry's real needs where solutions are needed with a good return on
investment. This need can be fulfilled by using triaxial sensors with low sampling rateSe(sam

3.2.5. Thisuse caséasnot been researched ye&ind represents a cleaesearch gapegardingsuitable
solutions fortransfer learning of different bearing types that also cover the usage of sensor data with
low sampling rates (up to 5000 Hz)

This shortage leads to the secormbearch questiownf this thesis:

RQ2 What are the necessary characteristics oih@w RULmethod for bearings,which can take
the benefits of a dataset of a different bearing type, for a labeled target dataset that is recorg

with sensors with low sampling rates?
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Table7: Brief overview of different research in the field of transfer learning for estimttelgUL.

Authors | ML Signal Difference | Trans | High- | Performance
model Processing in source | fer frequ
and target | functi | ency
data on data
Liu et SVM PCA - - Yes Bearing 1_3: True RUL
al. [154] 5730, estimated 5842
Bearing 1_4True RUL
339, estimated 1109
Sturisno| Mathe- | FFT - - Yes PHM score 0.306
etal. matical
[155] equation
=2 Guo et | RNN l4features of | - - Yes | Mean Er 23.24
€ al. [148] the time,
3 frequency, and
- time-frequency
~S—i domairs
8 Malhi et | RNN Fivetime - - Yes | MSE: 0.05
= al. [156] domain features
3 Zhang | CNN+ Raw data - - Yes PHM score: 0.64
= etal. | LSTM | HIbased on 23
= [157] features
o Cheng | CNN FFT Different MK- Yes Mean Er: 47.35
Z o, | etal fault MMD
g .2 | [12] behaviors
% g Liu and | BFLSTM | Raw data Different Adver | Yes RMSE 11.52 20.39
"g) o | Gryllias working sarial MAE 4.21c 16.54
s £ |[82] conditions | Traini
= » ng
Xia et LSTM Convolutional Different MMD | Yes RMSE:
al. [158] and pooling bearing Bearing 3: 0.0673
layers types Bearing 5:
- RMSE 0.1631
‘g Huang | BiLSTM | Convolutional Different Pre Yes NRMSE:
o g, | et al. and pooling bearing traine Bearing 2_1: 0.497,
€ £ [159] layers types d Bearing 3_1:
3 mode 0.234
5 2 | MAPE
"g o Bearing 2_1:16.311,
o ;05) Bearing 3_1:
= 23.124

3.3.4 Conclusion

Thestate-of-the-art reviewfor predictive maintenance solutions for bearings shawsousactivities

in boththe classification of bearing faults and remaining useful life. Howdogeth research areas still
haveunaddressed aspectsvhich are mainly baseash thelack of proper dataset©ne ofthem is the
possibilityof usingdatases of different bearings in the source and the target domain in combination
with different process parameters. Out of this requirement, RQlthe task of bearing classification

has emergedThe second is a solution that covers the need to use low costs sensors in combination

with transfer learningRQ2 covers this neddr the use case of RUL estimation
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The state of the art rmshown that hdependent of the RUL or the classification tesdide fromthe

ML modelused two otherprocessesrealsoimportant: the signal processing and the transfer learning
method. In the case of unsupervised transfer learning, thest promisingesults are achievedsing
discrepancybased loss functions like MMD. In addition, CORAL is also a successful transfer learning
loss function.

In the case of the signal pressing methd, the literature ha shown that there are many differg

ways to use the sensor dat@.g, through time-frequency transformations These methods are
necessary for the ML algorithm to hausablefeatures. However, they are ngpecialized fothe use

case of using different domain§ome of the feature extraction methods can be used without
modifications on different bearings (e.g., FFT), and some have to be adapted for each dataset (e.g.,
wavelets).The aforenentionedlack of training data for predictive maintenance task as well as the lack

of IT specialists, especially $mall and Mediunsize Enterprises (SME461], lead to the following

guestion, which is also defined as RQ3

RQ3 Whatare the necessary characteristics of a feature extraction method that is well suited
transfer learning? This method must be stable enough to be used on different bearing ty
without changing itsparametrization or making significantchanges to a subsequent machin

learning model for different bearing types.

3.4 Conclusion

This chapter shoed that predictive maintenance is a verglevanttopic. Large industrial plants and
companiespay particular attention to Industry 4.0 and, inevitably, to predictive maintenarides
presented use casdor transfer learning for predictive maintenance task bearingsarerelevant for

many manufacturing plants. A lot of different types of machines use spindles with bearings inside.
Since the individual machines are so different, transfer learning is the only solution to achieve accurate
results since there is too little data for traditiondL approaches.

The relevance of bearing faults classification and estimation of remaining useful life is also evident
from the number of scientific publications on thetmpics, as presentedin Section3.3. As sucha
particularfocus wasgiven tothe methodsusedand their constraintsas reflected byRA and RQ.

Based on the limitatiorof these methodsthe research questions of this thesis wederived This

thesis will present appropriate solutions finese questions in the following chapteiidienext dhapter
(Chapterd) presents a intermediate domain, which can be seeramsanswer to RQ3. This is followed

by asolution for the classification challengethe form of a general approach for different bearing
types and differenprocessconditions in the target domai(Chapters). This solution can also be seen

asthe answerto RQ1 Chapter6 presents a solution fothe RUL challenge of transfing knowledge
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from one bearindype to another. This solutionstailored for the needo usesamples of sensors with

low sampling rateandis also part othe answer folRQ2
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4 Feature Extraction

4.1 Introduction

The previous chapter® and 3, have shown the current statef the art for predictive maintenance
solutions in general and fdine tasks ofclassificatiorof bearing defectand RUL estimatioof bearing

in particular. Independent of the taskthe beginningof the processing chain for a predictive
maintenance procesis the same: It always starts witaw sensor data. As shown Figure22 and
mentioned theoretically irbection2.3, there are different ways to use this data. It can be used directly
or after a feature extraction has been performed. There are feature extragtimailable that are
based on @ransformationinto a different domainsuch as frequency (with an FFT) or tifrequency
domain (with an Sransform, HHTor STFT). In addition, statistical features sucthashape factor
can be applied to the data. If dateom different domainsis used, there is also the possibiliy using

an intermediate domain, which combin#de features of both domains.

Raw sensor Time domain Frequepcy
data domain

Time-frequency

Intermediate
domain

domain
#Statisical FFT sS-transform
features oHHT
*Shape factor oSTFT
*Root mean
square

Figure22: Differentfeature extractionmethodsfor sensor values in a machine learning process: Direct raw sensor data,
statistical featuressuch as shape factaon the time domain transformation into different frequency and tirfiequency
domains and the use of an intermediate domain.

Onetarget of predictive maintenance applicatisns components that make periodic movements.
These provide patterns with distinctive characteristics in the frequaaogethat depend on the
periodicity. The inSection2.3 presented feature extractionare similar inthat they do not take care
of the context information based on thesgatterns.In use casewith only small datasetszontext
informationmight help to increase the accuragfthe machinéearning algorithm(seeSection2.4.2.
In addition, this context information can also help to improve the transfer learning between different
domains/datasetsAnother downside of some of these methods is that thmystbe adjustedor each
application. Therefore, a feature extraction method is of interest that fulfills the following
requirements:
9 It must be a feature extraction methdHat takes care of the patterns provided by components
with periodic movements.
9 Itshould increase the predictive maintenance qualitguch components based drequency
relatedpatterns

9 It should improve transfer learning between differesdmponent types.
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9 It should bea gable solutionthat canbe used on different types ai component without
modifications.
A feature extraction method that meets the abolisted requirements is also important for the use
case of bearingsTherefore, this chapter focuses @nsolution in the context obearings. This also
addresses RQ3vhichasks fora feature extraction method that is wedlited for transfer learning
Furthermore, his method has tde stable enough to be used on different bearing types without
changing its parametrization agignificantchanges on a subsequent machine learning modehfor

different bearing type.

A possible solution for this RQ might feeuse a specialized feature extraction type which is called
intermediate domain. In this casan ntermediate domaincan use the input data and modify it in a
waythat only the relevant features of the sensor sigaat in focus This feature selection could lead
to benefits in accuracy (seection2.3.1). In addition, an intermediate domain could lead to better
results for transfer learning use cases it is itself a type of transfer learnitigat brings the source
and target domain closer togethéseeSection2.4.3.3.

Therefore, thischapter presents an intermediatdomainbasedfeature extraction method for raw
sensor data of accelerometers connected to bearidgsa first step, the validation context for this
chapter is introducedSection4.2). This is followed by detailedjustification for thedecisionto use
an intermediate domainS§ection4.3). The proposed intermediatdomainitself iscreated through
three sequentiakteps (sed-igure23), whichare explained as followd he first step is the processing
of the raw sensor data to convert ittmthe time-frequency domain for better analysis possibilities
(Section4.4). This is followed by a dw®oising algorithnmto obtain a stable intermediate domain for
different bearings and process conditions independent of n{B&etiond.5). Anally, the output must

be prepared fouse inclassificatioror an RUL tas{Sectiord.6).

Eachof thesesulchaptess first introduces the reason for choosing this step and then explains it in

detail.
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Raw data processing: * Time-frequency domain
Windowed * Hilbert transform
envelope * FFT

De-noising: s Removing of undefined noise
Frequency selective s Only uzing relevant frequency
filter bands (fault frequency band

l plus 3 harmonics})
s MNormalizing amplitudes

Preparations s Rescale

Intermediate domain

Y

Intermediate

domain image

Figure23: The creation of aintermediate domain image. As a first step, the raw sensor data is convertethatone-

frequency domain to obtain better analysis possibilities. Afterwtrel transformed data is deoised with a frequeney
selective filter. Before the created image can be usedugtbe prepared for the upcoming machine learning algorifafn
[133).

4.2 Validation Context

In order tovalidatethe decisions of the different development steps the intermediate domain,
different bearing health-basedtest scenarios have been useHach test scenario uses tHeNN
presented inSection5.4.2for the classification of bearing faultBor the testscenarioghat are used

for the raw signal processimgesentedin Se¢ion 4.4, the data provided by the Case Western Reserve
University (seé&ection3.3.2.2 is used Thislaboratorydataset without noiseaind no different process
conditionshas been chosen because the tesenariosof this chapter should only focus on signal
processingnd not noise or process conditiar®n the other handSectiord.5deals with filtering out
the noise and the usability under different process conditions. Both properties are givertheith
custom dataet of Junker Maschinenfabrik GmbH (s&ection3.3.2.9, which is why it was selected
for this chapter. Indepencent of the used datasetthe process is always the sanfeor each test
scenariothe dataset is split bearing instance basetha ratio 0of70% training data and 30% test data.
The result of one test scenario is the mean of two runs with a different training and test data split. This
split is identical between all test cases in one test sceramibis based on a random assignmetur
each training and test run, the datasets aieilarlyassignedo training and test dataThe detailed
assignment of thelata sets can be seen AppendixA.1.1in Table29. Theparameters of the training

itself are listed infable8.
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Table8: Parameters used during the training of the neural network.

Parameter Value Reason

Optimizer Adam Empirical tests and recommendations such@s
Learning rate 0.00003 Empirical tests

Batch size 150 Empirical tests

Iterations 200 Empirical tests

Loss function Crossentropy SeeSections.4.2

4.3 Intermediate Domain Structure

As introduced irSection4.1, there are differentmethodsfor feature extraction of sensor data. The
recommendation forusing afeature extraction method instead of the raw sensor data is given by
variousstudiesin different domains such aghat of Sadouk [162]who comparedtime-frequency
domainfeature extraction(inthe form of an Stransform) to raw data for datasets of different domains
(like human activities) using CNMKtsfinding wagthat feature extraction leads to an improvement in
accuracy compared to the usage of raw data. Thisatss beenshownfor the specific use case of
predictive maintenance tasks for bearintpsough the stateof-the-art survey inSection3.3.
Aparticulartype of feature extraction is the usage of an intermediate domasm&ntioned irSection
2.4.3.3 an intermediate domain based on feature representation can improve the accofralassical
machine learningad transfer learning tasks. This is becatiseintermediate domairnitself is already

a transfer learning method. As introduced $®ection2.4.3.3 it is a transductive transfer learning
method thatis meantto reduce the discrepancy of the features of the input data between the source
and the target domain tachievebetter accuragesin classification and regressionodels. Thiss
especially important wheperformingheterogeneous domain adaptidfl] and has beewerified, for
instance by Zhang et al. [163]They used the intermedia domain for an image classification setup to
benefit from the locality geometric structure of domain data. In most test cases, the intermediate
domain achievedthe best accuracy. Another advantage of using an intermediate domain is that
domain knowledge can be incorporated here. Therebybrid approacttanbe used tobridge the

gap between a purg data-driven anda modetbased approacl{see Section2.2.2. The resulting
hybrid approach can ugdée benefits of a modebased approach in a way that features, which clearly
have no effect for the given taskan be removedhrough domain knowledgeThis can decrease the
training complexity, which is especially important when using asiynall dataset.

The requirement®f the feature extraction methodncludethe realworld needto bea stable solution
that can be reused without changing its parametrizatibhis means that the proposed intermediate

domain should be usean different bearings angdrocess conditions without modificatiomhisresults
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in the same intermediate domaibeingused to transfethe raw sensor data of a source domain and
a target domain to ambstraction thatcan be used fapoth RUL and classification task$ierefore the
following applicationsare possibleAs shown irFigure24, periodic test runs can be usé¢al capture
the measuring dataTherefore,a component is test after a test intervall for a measuring length
Then, these measurements are converted into intermediate domain ima@es. of theseimages
either only the last measurement can be used (dag.classification) or severahn be usede.g, for

RUL)In addition, it is also possible tperforma manuatest runprimarily for classification tasks.

Periodic recording phases during
test runs for a component

Figure24: A setup operiodictest runs Aftereach test runperformed after an interval, The sensor dataneasuring sequence
of the length tcars be used for thegiven predictive maintenance taskhe predictive maintenance taskstart with
transformingthe raw sensor data intanintermediate domairimage

4.4 Raw Signal Processing

4.4.1 Introduction

ThelIndustry 4.0 development patescribeshe predictive maintenance, which ia development

stage 5Srelies on sensodata (developmentstage 3)seeSection3.2.2). Before thesensordatacan be

usedfor a predictive maintenance use casbke domain in whicklthe feature extraction should be
applied to the datdhas to beselected This is independent of the ussdnsor type, such astrasound,
thermography, voltageor dynamic pressurél, 2]

While the measuring values of some sensors, such as temperature sensors, can be evaluated directly
in the time domain, values of other sensors, such as sensors for detecting vibrations, should first be
converted into the frequency domain or the tirieequency domain for better analys[4, 162] For

each domain, a range of techniques is availadtelthe appropriate technique has to be selected. For

instance, for the time domairhere are statistical featuresuch as the mean value (sBectior2.3.2).
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If the data has to be analyzed in the frequency domaiire mustdecide if the frequency domain itself
is sufficient or if it should be analyzed in the thinequency domain. As discussedSaction2.3.4.],
time-frequency techniques such as STFT or @W3t be usedif the signal is nosstationary. Such
signals appear when process parametsrgh as speedhange during the measuremeiitthe signal
is also nonlinear, m HHT or Sransform must be chosenfor simple stationary signals, both

approaches can be used

4.4.2 Windowed Envelope

Vibration analysis, which is often based on values of accelerom§i@f, is used to monitor
movements. Those movements can be rotations, which appear in components such as rotors, gears,
and bearings. The common feature of rotating components is that they all have periodic signals, which
are based on the rotation and can beadyzed in the frequency domain. Each component may have

its fault pattern, which is based on its characteristic fault frequeitsjyarmonics, andts relation to

other distinctive frequencie$39]. Several approachesan be used fothe transformation in the
frequency domain, like an FFT, as well as in the-fimguency domain, like an easg-implement

STFT or more complex algorithms such as HHEranSform. As stated iSection2.3.6 the latter can
analyze norstationary nonlinear signalst the cost of more complex and computationally intensive
algorithms. However, since many predictive maintenance use cases can be assumed to have stationary
and linear signals, algorithms such as STFT can also be consifleireis especially true for the
scenario of using test runasdescribedn Sectiord.3. There is also a big advantaigeusing a simpler
algorithm for realworld scenarios because predictive maintenance tasks are often performed by
embedded systemthat have low performancél].

For the predictive maintenance task with namachine learning based methods, the envelope analysis

is widely usedsince defects are more distifgtanalyzable in the envelope spectrufgee Section
2.3.3.2. This is also eviderh commercial productfor bearings diagnas that use this algorithm,

such as those froniFM [130]. The envelope spectrum benefits from its ability to separate periodic
signals from random noise by applying the Hilbert transform to the raw sensor signdéscribed in
Section2.3.3.2 this transform is then followed by an FFT to extrzatiodically occurring frequencies.
Since the envelope analysis is only a frequency domain operation, it may suffer from the
aforementioned disadvantages of pure frequency transformations. An option to overcome these
disadvantages may be to combine the envelope analyses with aftegaency domain approach. This
would allow the new technique to combine good detection of periodisagwith the ability to detect
non-stationary signals. There are different tifrequency domain techniques available, which could

be used as basis for the novel approach. As stated above, STFT seems to be a promising technique

for predictive maintenance tasks because it fulfills the requirement to be used for this task and its
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performance benefits compared to techniques like HHT aschr&form (see Section2.3.6. As
mentioned inSection2.3.4.2 STFT is realizéd three steps: First, the sensor data is spltbismall
sections using a sliding window. This is followed by an FFT analysis, which is performed for each
window. Finally, the results are concatenated in order to receive the-fieguency data of the signal.

This makes this algorithm wedliited to integrate an envelope analysis. For the integration, the FFT
analysis of the STFT can be replaced with an envelope analysis. All other parts, mainly the sliding
window, can be taken over. Therefore, this new approach is called windowed envelope.

Different techniques have been benchmarked to select the best technique for the use deesgiaofs

with their characteristic fault frequencies and to validate the performance of the windowed envelope
For this benchmark, the use case of beaffiagjt classification has been selected. The signals of the
tested dataset are all recorded with a constant rotational speed, which leads to a stationary fault
signal, which can also be analyzed in the frequency domain. For the verification, the raw sens®r signal
have been converted into the frequency domain using a classical envelope analysis and into the time
frequency domain using the heqesented windowed envelopas well ashe two most sophisticated
time-frequency domain approacheslHT and ®ansform. A detailed explanation of the verification

setup can be foundn AppendixA.2.1 The resultsdisplayed inFigure25, show that the windowed
envelope haghe best accuracy of all tested transformat®for the tested dataset. In addition, the
results reveal that a timérequency conversion can have better results even on stationary signals. This
indicates that the windowd envelope is a suitable techniqéier performingclassificationsf bearings

in predictive maintenance tasks.

100 0483 o219 9535 96,61
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H Envelopem Windowed envelopaes HHT= S-transform

Figure 25: Classification accuracies of three differdabels for bearings with different frequency and tirfirequency
conversions. The best accuracy is achievedtivtvindowed envelope. The test setup is describeppendixA.2.1

4.4.3 Signal Segmentation
A sensor provides continuous signals according to its sampling frequency. In order to use these signals
as input for a transformationjke the one presented in the previowsulchapter, the signal stream

mustbe divided into segments of a specific length. As stat&eitior2.3.4.2 longer signal sequences,
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which cover more periods of a relevant frequency, are less vulnetabthe leakage effect. It is
expected that the length of the segment, assuming that it is long enough, is not important.

Three different signal lengths have been chosen to validate this assumgtibh:seconds, which can
coverten times a complete 9®z signal; 0.2 seconds based on literature recommendasaok as
[164], and 0.7 seconds to cover the case of a longer time span. Those segment lengths have been used
in a test scenario fothe classification, which is based on the sasetupas the test scenario for the
different transformations (see als@ppendixA.2.9. The results, which are presented Figure26,
indicate that the accuracies are nearly independent of the signal lefiptrs,the assumption made
above is correct. In order to getstiablesolution, as demanded in the requirementsSectior4.1, it

is not sufficient to look onlgit the accuracies. It is algssentiathat the entire range of combinatios

of possible frequencies can be cover&pecial attention must be paid to a process with low fault
frequencies For instance, there angrocesses thahave fault frequenciethat are lower than 834z
(seeSection3.2.4). For detecting an 8Bz frequency, the signatustbe at least 0.012 seconds long.
In order toacquireenough data tgerformthe windowing process for the windowed envelope without
a leakage effect, a signal length of 0.11 seconds might not be the best solution. Siaceutwesof

0.2 seconds and Dseconds are nearly equalhe shortersignal lengthof 0.2 seconds is used to get a
more universal solution for the intermediate domain.
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Figure26: Accuracies of samgef different lengtls. All samples are generated with the windowed envelope method. All
accuracies are between 99% and 100%. The test setup is desciipgeidixA.2.2

4.4.4 Conclusion

This chapter showed that is possible to combine classical frequency and timeguency domain
transformations to be used for the feature extraction of sensor data. Therefore, the existing techniques
of envelope analysis and SFTF have been cominted newwindowed envelope analysigvith the

help of different test scenarios, litas been shown thdbr the given use casaf the fault classification

of bearings of the CWRU datas#tis combination delivers better accuracies than other stat¢he-
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art techniquessuch as $ransform or HHT (sekigure25). The result of the windowed envelope far

0.2 second signal of a bearing is illustrateéigure2?.
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Figure27: The raw sensor signal as input (a) and the output (b) of a windowed envelope transform. (b) show
numerous frequencies appear in the converted signal. For instance, the transformed signal shows that the
frequencies with a high amplitude at 8612 as well as several frequencies around 4500 Hz. These frequencies are n
related to the fault, but also belong to frequencies from other components of the process or to the natural frequer
the bearing itsel{cf.[133]).

4.5 Denoising

4.5.1 Introduction

As a next step faereatingthe proposed intermediate domain, the frequency domain datastbe de
noised. This stepccursafter the signal processing because the frequency data candre easly de-
noised once it is transformed into this domain (elgandpass filtering)[165]. The denoising is
important for sensor data in mechanical systefibe sensor data is a mixture of background noise
and the fault signature in practc Because of the background nqiges more difficult to identify the
fault signaturg166]. Current research proposélifferent methods for the time, frequen¢yand time
frequency domais An efficientmethodfor de-noising in the time domain is to use averaging methods
for periodic signal§167]. For data in the frequency domaifiltering methods such as barmhss
filtering and lowpass filtering are typical ways to eliminate noise outside the manually defined
frequencies of interestl65]. There are also methods for the tinfiequency domainsuch as singular
value decompositiofil05] or wavelet transforrbased filterd168]. All thesefiltering methods need
additional parameters for optimizing the results of the@sing process. These parameters are often
based on the empirical experiences of specia[Es].

4.5.2 Bandpass

Forthe automation of thefiltering processdomain knowledge can be usedaatomaticallyselect the
relevant frequenciesTherefore, the frequency bands around the characterigtidt frequenciesas
well astheir harmonics can be use@hese frequencies can be automatically calculated by knowing

the exact mechanical layout and tlearrentrotational speedof the bearing(seeSection3.2.4). Even
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though the characteristic frequencies can be calculated exactly, frequency bands are used for the
proposed intermedia domain to accoufar frequency deviationsThesefrequencydeviationscan be
caused by weaout of the bearing partsbut also by manufacturing tolerances and uncertainties
regarding the actual rotaticad speed[130]. It isessentiathat the used frequency band has the correct
width. A toonharrow band will remove the abow#escribed tolerance frequencigand a toewide
band can include unwanted frequencies. This is especially the cabégforotational speedsince
dimensional differences of thiearing partshave amore significaninfluence here. This isecause
the fault frequency is calculated by multiplying the speed with a fault faittatr is specific for the
component dimensions (e.g., Hd5)- (18)). Therefore, the nominal frequency can 8iéferent from
the actual one.

Arealworld dataset of grinding spindéavith noise is usedo select an appropriate bandpass width
(seeAppendixA.2.3. As shown ifrigure28, a bandpass width of 10 Hz provides the best accutdacy

is therefore selected in the presented approach
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Figure28: Accuracies for different bandpass wiglthf a frequencyselective filter, which usef®ur harmonics. The best
accuracy is achieved with a width of 10 Hz. The lower accuracy for 5 Hz might be related to the fae #uatdhfault

frequency in some samples defers more than 5 Hz through-evgaand manufacturing tolerance®n the other hand, the
20 Hz frequency bandight be too wide, so that noise gets into the band, which can actually be filtered out.

4.5.3 Harmonics

Asdescribedin Section2.3.3.2 the harmonics of the frequency are also important because when an
envelope analysis is done, the harmonics also have an appreciable amplitude. In some cases, the
second and third harmonics can even have a higher amplitude than the original frequ&8dy
Therefore, the proposed intermediate domain stacks the firdtarmonics of each fault frequency

band in layers on top of each other (Séigure30b).

Usingthe characteristic frequencies arntheir harmonics may lead to another advantage of this
approach: It caconsiderdifferent rotational speeds. Fathe use case of bearingal error frequendes

depend on the rotatioral speed (seeSelection3.2.4. Usingthe method described abovethe
frequency band is always located at the samage position This makes transfer learning easier since

the layout of the images is always identical.
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To validate the benefits of the use of harmonicespecially forbearingsunder different process
conditions the same bearing dataset as for testimation of thebandpass width is used (séppendix
A.2.4. As can be seen Figure29, the accuracyf the windowed envelope drops from more than 99%
for bearings used in a test stand (which has been shown abdvigline26) to 75% using dataset of

a spindle, whichis used at higher rotatical speeds and also in a noisier environment. It also shows
that the accuracy can be increased to 87% using a frequeslegtive filter with four harmonics. This
indicatesthat the frequencyselective filter, which uses the first four harmonics, is a good choice to
increase the accuracy without maniyafinetuningthe parameters. The results also indicate that the
information outside the selected frequency bandsiigelevant forthe fault classification andan

therefore be removed.
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Figure29: Accuracies for bearing fault classification with the help of a wiredimmvelope in a noisy environmefitie highest
accuracy can be reached agplying a frequencgelective filter with four harmonig¢seeAppendixA.2.4.

4.5.4 Conclusion

This chapter showed the effectiveness ofrtEsing based on a frequepselective filter. This filter
takes care of the fault frequencies and their harmonics. Therefore, as preserfgline30, the input,
which is in this casea windowed envelope, is split into layers for each fault frequency. Only these

layers remain in the output.
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Figure30: These figures show thveindowed envelope as input (a) and the output (b) of the frequeetactive filter. In
(b) only the relevant layers remain. There is a layer for each fault frequency of the bearing. Each layer contains w fr
band around its fault frequency. Thigdsne for n harmonics. Additional frequencies that are not related to the fault
filtered out. In this case, there are four layers for four different fault frequencies including four harmonics for isac
clearly visible that the high amplitude, which occurs at approx. 800 {dgis filtered out andho longer appears in (I¢f.
[133).

4.6 Preparation

The last step of the creation of the intermediate domain is to prepare the image to be used for the
classification task. Therefore, the images first have to be normalized step is advisethen features

have different ranged-or example,tis can happen wheperformingtransfer learning from one type

to another type However, the normalization of the data in a rarggtween 0.0 ad 1.0isalsocommon
practiceto increase the training speedspecially when using gradient descent algori#fj6]. These
algorithmsare one of the most commadl usedoptimization algorithms in the machine learning field,
especially for CNN470]. In addition, some loss functions are only valid in this rangeirstancethe
commony used crosentropy is defined by a negative log and therefore is only valid in this féhge
Afterward, the image must be resized to fit the input size of the machine learning model. This is
especially important if the target and the source domain data were recorded with different sampling
rates, which leads to different outpitizes If a sensor has a higher resolution, more measurement
values are recorded in a defined time sequerleadingto a higher resolution for the transformed
image andtherefore, a larger image size in terms of pixel

There are several possible sizes for the image to be rescaled. One recommendation rsitipatt a

size of a CNN should be divisible many times by, suoh as 32, 64, 12871]. If the classification
accuracy betweenvto resolutiors is equal, the smaller one should be ussithce smaller imageasre
beneficial in that theyrequire less memory. Smaller images also have benefits during the training phase
of a CNN because smaller images lead to smaller layers, which in turn leads to less trainable

parameters. This increases the training speed.
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In order to determine a suitable resolution, a comparison of the image sf£ pixels and 128 pixels
with the two previously used datasehas beermade (see AppendixA.2.5. The results, which are

shown inFigure31, have shown thaton average, the 64x64 pix@mages perform better.
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Figure31: Accuracies of different sizes of the input image. For the CWRU dataset, a 128x128 pixel image higdatstight
accuracy. For the Spindle dataset, the 64pi4| imageperforms betterOn averagethe 64x64 pixelmagehas thebetter
accuracy.

The same conclusion was ald@wnin the external research o¥erstraete et al. [141]Theyshowed

that increasing the pixel density does not lead to any significant change in accuracy for their use case.
Theresearchersompared the accuracies of STFT spectrograms generated by bearing defects of the
CWRU dataset of 32x32 pixel images with the size of 96x96 pixel images. Here the diffierence
accuracywas only 1.5% (32x3axels 98.0% and 96x9pixels 99.5%). Therefore, in this thesthe
lowerimage size of 64x64 pixab used as input for a CNN. This leads to a rescaled image of 64 pixels
for the timeline inthe x-direction and 64 pixels for all frequency layers togethahay-direction.

To sunmarize the preparation is based on two steps. The first step is to normalize the inegkthe

second is to rescale the images. The resulting image (as shavigure32b) is the final input fola

machine learning algorithpsuch as £NN.
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Figure32: The image of the frequensglective filter as input (a) of the preparation process and its output (b), which it
final intermediate domain image. The preparation process performs normalizing and rescaling on the input. The o
now normalized i range between 0.0 and 1.10. addition,it is recognizabléhat the resolution has been reduced to 64x€
pixels because the image now appears pixelatefd[133]).

4.7 Supplements for the Use Case of BedfiagltClassification

The derivation of the intermediate domain was verified with the help of test scenarios for the bearing
fault classification. The parameters, which are neededcreate the intermediate domain,were
already selected in the previoggctions As shown iTable9, these are the use of signal segments of
0.2 seconds to use the filtered windowed envelope with four harmonics and a bandpass widtHzf 10
and the useof a 64x64 pixel image. This chapter provides additional information for the use case of
bearingfaults. As stated irBection3.2.4 the process parameter with the most influence on the error
pattern of bearings is the rotati@aspeed. Therefore, any changeghe rotational speed, which may

be needed for the different requirements of the process, may lead to a different fault frequency.
However, it can be assumed that the speed can be kept constairg the analysis of the bearing
This can be achieved by diagnostic routines, which analyze the bearing state at defined abtation
speedqseeSectiord.3). This is also proposed by commercial applicat[@88].

The denoising of the data with the help of the frequensglective filter is especially important for the
use case of a bearing insidea$pindlebecausehere issignificantnoise. Ashown in Figure34, the

result of the intermediate domain is an image with 16 ardasir harmonics for each of the four
characteristic frequencies (cage, balhdinner and outer ring). The external frequencies outside of
thesefrequency bands are removeHigure33illustrates a bearing with an outer ring defeictcluding

these external frequencies of other components, which appear when a spindle is used inside a
machine. These external frequencies are mainly nfsim@ unknown origin However,in the case of
spindle datathe internal research of Erwin Junker Maschinenfabrik GmbH has shown thatdhere
two well-known external frequencies. The first is the frequency of the variibiguency drive, which

is used to model an output frequency to operate the thigiease drives of the spindle at variable
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4.7. Supplements for the Use Case of Bearing Fault Classification

speed.Typially, this frequency is next to KHz. The second frequency is based on the control cycle of
the current control used to guarantee a constant current for the input of the varifibtpuency drive.

In this example, the current control clock is set to 1@5 which results in a frequency okBlz. In
addition, there are overlays of the stator frequency and its harmonics. This frequency is calculated as

afunction of the rotational speed dhe spindle. A typical frequency range is approximately H@0
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Figure33: Frequency domain of a bearing with an outer ring defect and "natural" noise of a spindle in use. The characteristic
frequency of the outer ring defect plus its harmonics are marked with a green crosshair.

InSectiom.5.3 the suggesibnto use four harmonics based on the achieved accunayymadeThere

is also asignificantpractical disadvantage in using the fifth or higher harmonis:introduced in
Section3.2.5 currentaccelerometes for industrial usecan recorddata with a maximal resolution
between 10000 Hz and 5000 Hz, but mostan onlyrecord up to 1000 Hz. The problem is that a
standard spindle for grinding machinesshaigh fault frequencies when the spindle works at its
maximum speed. Realistic values for such a spiodléhe Junker Maschinenfabrik Gmidie a
maximum rotatioral speed of 1800 rpm and a bearing inside the spindle with the following
parameters: 25 balls, 4 mm ball diameter, 45 mm pitch diamedad a contact angle of 15°. By
inserting these parameters into E@.7), a fault frequency for the inner ring fault 0of3®3 Hz can be
calculated. For an intermediate domahmat uses four harmonics, the maximum fault frequendipig
times 3393 Hz, which is 1372 Hz. Ifsensos with lowresolutiors are usedcapturing the fault signal

at a maximum rotational speed iimpossible If a higher number of harmonics were used, the speed
range in which faults can be evaluated would be decreased further. Independent of the number of the
used harmonics, it herefore recommended, as mentioneabove andn Sectiond.3, to usespecfic
predictive maintenance routinedhreseroutines shouldgenerate a fixed fault frequency based on a
constant rotatioral speed but also generate fault frequencies within gperating range of the sensors

used.
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Table9: The different parameters of the intermediate domain

Parameter Value

Sigal length 0.2 seconds

Bandpass with 10 Hz

Used harmonics 4

Output size 64x64

Layers Cage fault, inner ring fault, outer ring fault, ball fault

The intermediate domain imader bearingsconsistsof 16 frequency layerfor four fault types The
resultingfinal intermediate domain imagtr a bearings shown inFigure34. This image is based on

the settings shown iffable9.
1.00
4. Harmonic
3. Harmonic
. Harmenic
. Harmonic
. Harmanic
. Harmonic
. Harmonic
. Harmonic
. Harmonic
. Harmonic
. Harmonic
. Harmonic
. Harmonic
. Harmonic
. Harmonic

cage
o
8

ball
o
2

=4
&
o

inner
normalized acceleration [0,1]

outer
o
N

1
4
3
2
1
4
3
2
1
4
3
2
1

0.000 0.025 0.050 0.075 0.100 0.125 0.150 0.175 0.200
time (s)

Figure34: Intermediatedomain image for four different fault types. For each fault type, the first four harmonics are used and
stacked on top of each oth§r33].

4.8 Genegalization

Theproposedintermediate domain was verified for sensor signals used®bearing fault detection
with the help of their fault frequenciesdowever, learings are not the only componeritsat can be
analyzed with the help of the fault frequencies and their harmoniasdifferent component than a
bearing is used, thintermediate domain parameters might need to be modified. Thesesagral
processing parametershe number of layers, which have to be chosen according to the available fault
frequenciesthe number of used harmoni¢and the bandwidthAnother parameter is the signal input
parameter inthe form of thesignal lengthused forone windowenvelope. Finally, the output sipeust
alsobere-evaluated.

A different component, which may hesed with the intermediate domajs, for instancea gear. Gear
fault classificatiosare alsomadebased on fault frequencies. Hetthe characteristic frequenesare
the gear rotational frequency, the pinion rotational frequeneyd the gear mesh frequendg$72].
Sme modifications must be made in the case of geétshe veryleast the number of layers for the

intermediate domain must be changed since geaonly have three different fault frequenciesand
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bearings have foutifferent fault frequencies. This leads to limgonly three lgers in the intermediate
domain In addition, it may be reessaryfor the bandwidth of the frequencgelective filter to be
changed. Thisssumptionis based on theédeathat gears may have different fault frequencies and
manufacturing tolerances. The hypothesis of thpplication to gears is based on theoretical

considerations and has not been verifiedsed ora reference data set.

4.9 Conclusion

This chapter has presented a ndeature extraction method based on antermediate domainfor
bearings.The presented intermediatdomaincreates an abstraction of the raw sensor datauisyng

a new timefrequency transform that isalled windowed envelop&his windowed envelope is filtered

by frequency bands of the harmonics of the characteristic fault frequencies. All parameters of the
intermediate domain arempirically determinedn different test scenariasOne possible scenario to
use the intermediate domain is to use it to analyze bearings in periodical test cycles. During this cycle,
it can be used for classification and RUL tasks.

The usability of the intermediate domain will be verified later in the thesis in the form of different case
studies. On the one hand, this concerns #tability of the intermediate domain for different bearing
types which isverified by the case studies 8ection7.2and Section7.3for classificatiortasksandin
Section7.4 for an RULtask On the other hand, the ability of the intermediate domain to improve
transfer learning between different datets is analyzed in detail iBection7.2. Therefore, the
intermediate domain is benchmarked against an HHT andteanSform. In this case, the intermediate
domain can increase thdassificatioraccuracy by more than 30%. In addition, with the help déta
driven approach such as a CNN, the remaining data can be analyzed without ijn&mertining[13].

For those reasonghe chosenintermedia domairbased approacls alsothe answerto R@B, which

asks for a stabldeature extraction methodor bearingsthat is well suited for transfer learning
Furthermore, it is worth mentioning that the intermediate domain should also be suitable for other
components with periodic motions, assked inthe general problem definition ifsection4.1 and
discussedn Sectiord.8.

In addition to answering RQ3d presented intermediate domaadso providesnanswer to RC3This
RCwhich demands an answer on how existing methods can be combined and optitsizedwered

by the intermediate domain itselHere particularfocus should be paid to theew timefrequency
transform, which is called windowed envelope. This transfoombineghe existing envelope spectral

analysis and the STFT.
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5.1 Introduction

5 Transfer Learningpproachfor Classification

5.1 Introduction

The current stateof the art for predictive maintenance solutions in general andtfa classification

of bearing defectsn particular was shown iG@hapters 2 and 3. Asalso mentioned inChapter 1,
solutionsare needed forreatlife predictive maintenancecenarioswhere datasets are often small
and unlabeled or partly labeled for new machines or new types of a comp@@kmn addition, thee

small target datasetmay also be based on different process conditions. However, labeled datasets of
a differentcomponent typeor a different machine type may be present in large numb&herefore,
aresearch gap for a solution that fits the following requiremesmssts

1 A general solution that can be appliedto different componens of a machine These
components must meet the criterion that they are moving parts that make periodic
movements. In addition, it must be possible to assign their condition to specific condition
groups based othe measurement values of sensors.

1 It shall have superior classificationaccuracy compared to the current state-of-the-art
techniques especially for realvorld scenarig encounteringnoise.

1 Animportantrequirementis the transferability of the resultIhere are twaelevant types of
transfer. The first isvhen the classification processesdatasetsfrom a different type of the
same component to enhance the classification accurg.second iwhen, within the same
dataset samples of differentprocess parametersxist Thesolutionshallhandle both transfer
types at the same time.

Theaboveproblem definition is very general and is suitable for various components. Hovasvelso
required in RQ1, the specific use case of bearings will be addressed in the foBewiliogs. RQ asks
for a new classification methothat can take benefits o& dataset of a differenbearingtype for a
partly labeled target dataset that is collected under different process conditidnis is a common use
case since bearings are a component of many machioemstancethey are usednside spindles. As
mentioned inSection3.2.3 there aremanydifferent spindles, which are all specific fopaticularuse
case. In addition, bearings are often used under different process parasibtdrare related to the
produced workpieceA solution that fulfills theforementionedrequirements is particularly important
because of the difficulty of getting many samples for training the different machine learning
approaches for new bearing types spindle setups.

As stated inSection2.4, a possible solution for this RQ might be to uséransfer learningbased
approach, that usethe intermediate domain imagesf Chapter 4 as input for the classificatioThis

feature extraction technique could aléwing advantages fotransfer learning tasks (segection4.3).
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CNNs have been shown to be a suitable techniguéhe classification of imagdseeSection2.2.4).
Additionally, for the semsupervised transfer learning case, thieique properties of the intermediate
domain might be used to apply a hybrid transfer algoritfusing contextual knowledge)

This chapter proposes a hovalutionto verify this hypothesig acomplete process chaliiseeFigure
35). The general layoudf this approachcorresponds to the standard procedure for classificagion
based on sensor valugwhichstart with the raw sensor data as inputhis datas then preprocessed
by a timefrequency transform and afterward used with a CNN for the final classification task (see
Section3.3.2.

The proposed solutionmplements these steps as followsas a first step the preprocessing is
performedby theintermediate domairintroducedin Chapter4. This intermediate domain is a hybrid
approach, whictalsoconsiders domain knowleddge get a better feature representatiqrespecially

in the case of transfer learnin@his is achievecamongstother techniques bya modification of the
current modetbased stateof-the-art technique for bearing analysis (envelope analysighich
extracts features irthe input datain only relevant frequency area#\fterward, this intermediate
domain data is used as input for a propogeahsfer learningarchitecturebased orthe current state
of-the-art technique for classificatiolCNN(Section5.4). For the training of the CNNwo different
transfer learning approachesre presented: Onapproachprocesses labeled and unlabeled data in
parallel. The otheapproachprocesses the data sequentially, whereby first unlabeled data is, used
followed bylabeled data Asthe last step a new domain adaptation loss functigralledthe LMMD, is
presented The LMMDs designed taake care of the characteristics of tinew intermediate domain
(Section5.5). In summary this solution is anew hybrid solution that combines the advantages of
modetbased and machinkarningbased techniqued-or each parof the solution first, the reason
for its design decisionis introduced, followed by adetailed explanation

The proposedolutionhas the benefithat it can be used out of the boRue toits abilityto transfer
knowledge to a differenbearing typeunder different conditionsit mustalso fitthe otherbearingtype

or conditions otherwise the accuracy would be low after transfer learnihgcontrast to thisarenew
solutions without the abilityto usetransfer learningTherefore, here is always the needor experts
[165]. Thisneedis valid for feature extraction as well as for machine learning itself. Feature extraction
methods, like the one presented Bection2.3, have parameters such dser instance the number of
scales for wavelets (se®ection2.3.4.3, which need to be chosen correctly tdtain correct results.
The samaoesfor the machine learning algorithm. There are also paramedtesmustbe optimized

for the given use caséke the different layers of a CNN (sBection2.2.4).

80



5.2 Validation Context

Classification

Feature M i i
npu . achlnelearmng
| : extraction

Raw sensor Intermediate Transfer Fault
data domain » » learning » assignment

Chapter 5.4
+

Chapter 4 Chapter 5.4

Chapter 5.5

Figure35: The different steps for a transfiearningbasedclassification approach. Thput, which is the raw sensdata, is
preprocessed with a feature extraction technique such as an intermediate doffiginvard, the extracted features are used
for the machine learningrocesdased on CNN with transfer learning. The trained model is finally used for classification tasks.

The presented approach is verified in detail with three beariglgted case studies iBection7.2and
a benchmark inSection7.3. THs approachand the correspondingcase studies have also been

summarizedand publishedn a research papdi33].

5.2 Validation Context

All design decisiaof this chapter are based on empirical test scenarios based on bearing datasets.
Therefore each scenario is validated with the classification accuracy basetieolCase Western
Reserve University and the Junker Maschinenfabrik GmbHsedtt and their mean accurayee
Section3.3.2.2. The other test parameters are identical taoe presented iithapter4. One of them

is the split ratio of the datasetsi-or each test scenario, the dataset is split based ratio of70%
training data and 30% test datéhe result of one test scenario is the mean of two runs with a different
training and test data split. Theplit is identical between all test cases in one test scerariis given

in AppendixA.1.1lin Table29. The parameters of the training itself are listedTiable10.

Tablel10: Parameters used during the training of the neural network.

Parameter Value Reason

Optimizer Adam Empirical tests ang
recommendations such 3
[6]

Learning rate 0.00003 Empirical tests.

Batch size 150 Empirical tests.

Iterations 200 Empirical tests.

Loss function Crossentropy SeeSections.4.2.4
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5.3 Classification Support Gyansfer Learning

There are many approaches fohe different classification taskin the context of predictive
maintenancesuch as fault classificatiar bearingg54], geard172], andmotors[173]. As mentioned
in Section2.2.2 these approachesan be divided into approaches wigindwithout machine learning.
Machine learningpased approaches have the benaditoutperforming non-machine learning based
approaches ithe classification tasls complex(seeSection2.2.1). In this case, by using nanachine
learningbased methods, there is often the neéat a high degree of finduning, evenfor only small
process changedBecause of theoften-complexdependencies on various conditiomnd process
parameters this finetuning can onlye carried outby process expert§here iseven apossibilitythat
no solution can be foundat all. Therefore,it is recommended to use machine learniteghniques
where it is often sufficient to retrain a predefined ML model for a similar {A$kHowever, as
explained inSection2.4.1, the major drawbackof machine learningechniquesin general and deep
learning methods in particulars that they require a large dataset for trainjighich isnot available
in manyscenariog9]. This problem can be solveédroughtransfer learning. As mentioned Bection
2.4.3.5 there are different approache® transfer learning For the given problem of a smadlartly
labeled or even unlabeled dataset, domain adaptation, a subfield of transductive transfer learning, is
particularly important.Domain adaptionis a transfer learning approach fosinga large, labeled
dataset in the source domain and a datasetdafifferent domain with the same learning tassthe
target domain It can be said that for the given predictive maintenance use,cis®ain adaption is a
suitable method because all the describgeconditionsare true:it involves the detection of errors,
often with complexdependenciesand the usecase of small unlabeled or partially labeled datahe

target domain
5.4 Proposedrransfer Learningrchitecture

5.4.1 Introduction

After the feature extraction ofhe raw sensoto 2Dimagesusingthe intermediate domairof Chapter
4 , the next step is to use thems input for a machine learning algorithis statedin Section2.2.2
the mostpopular and successful approaches for classificatiorbased onCNNs and SVMBifferent
surveys compare the relevant machine learning approachem the context of bearingfault
classificatiorj54, 131] These approacheme based on differertechniquessuchas SViand CNNand
are used forsupervised learning in one domain as well as for transfer leato@tgeen different
domains. The surveyoint out that all algorithmscoulddeliver similar resultén supervised learning.
For the use case of transfer learnjmgarly all approaches are based on GNBDinly a few are based

on othertechniques such as a SVM asis done byLi et al. [174]who combined & SVMwith the
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MMD for transfer learningor autoencodersas is done byhiyi et al. [L47]For CNNs, astatedin
Section2.2.4 the first layers are fothe feature extractionof the CNNinput dataand the lastlayers
are usedfor classification In the case of transfer learninthe existing CNN can be fithened as
described irSection2.4.4 Thereby, large parts of the feature extractidayers of the CNBan be taken
over from the model trained with source domain dafehis makesCNNswell suited for transfer
learning, which also leads to the high number of CNN approaches for transfer lea@ihmey.
techniquesused for transfer learning do ndtave the benefitof distinguishingbetween feature
extraction and classificatiorhe goodperformanceof CNNs for transfer learning taslespecially
when using sensor daté not limited to images as input. As introdudbeoretically inSection2.2.4
andoutlined by practical examples iBections3.3.2.43 and 3.3.2.5 there are also solutions that use
the raw sensor data aEDinput for aCNN.

Based on this derivatigrthe proposedsolutionis based on a CNN. The usagehaf CNNis also
proposedbecausét makes ipossible to use theanages of thgroposed intermediate domain as input
making ita hybrid approachTherefore the physical parameters of the bearingse also takerinto
account This results ira solution that useswo feature extraction layersthe intermediate domain
itself and the lower convolutional layers of the CNN

TheproposedCNNmodelis an approach that should besable for supervisedsemisupervised, and
unsupervised learning. In addition, the model is usable for two diffekimds of semisupervised
learning.In Section5.4.3 the first transfer learning approackiTLA)that performstransfer learning
with labeledand unlabeled data of the target domasimultaneously(later referenced agransfer
Learning Approach 1 (TLAB)presented This is followed bgection5.4.4 which presents theecond
approach whichfirst usesthe unlabeled dataf the target domainfor training, followed bya training
step with onlylabeled dataof the target domain(later referenced agransfer Learning Approach 2
(TLA2)).

5.4.2 CNN Model

5.4.2.1 Introduction

EveryCNN model is defined by several parameters. This chapter derives the important ones and the
design deisions of the proposed CNN moddlherefore first, the used layers of the model are
introduced Section5.4.2.9. This is followed by the CNN hyperpastens window size and dropout
factor (Section5.4.2.3. Finally the used loss function is evaluateSgctions.4.2.9.

5.4.2.2 CNN Layers
Thelayout of the usedCNNs based on the architecture of a CMitoducedby Verstraete et al. [141]
Theauthorspresented aCNNthat is superior toother CNIN for fault classification based on sensor

data. As described irbection3.3.2.3 they usel the CNNto classifybearing faults ordifferent 2D
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images of timgrequency transformgHHT, Wavelet, and STFhe images are processed HZNN
which first extracs the features andfinally assigns the image to one of the four health states of
bearings.Thearchitecture of thisCNN is based aouble convolutionallayers. Asdisplayed irFigure

36, two convolutional layers are used in series, in contrast to the traditional layout, where a
convolutional layer is followed by a pooling lay&ccording tathe authors this layoutincreases the
significance of the features througin additional nonlinearity Each convolutional layer increases the
nonlinearity through its nonlinear activation function. A nonlineadgcisionfunction isessentialfor
makingcomplex nonlineadecisiong142). These decisions can be complex predictive maintenance
tasks. Thar CNNarchitecture uses these double convolutional laydtsee times with a different
number of filters on each laye(32,64,and 12§. They ardollowed by three fully connected layers

where the lastayer isusedfor the classificatiormf different fault types
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Figure 36: CNN architecturgoroposedby Verstraete et al. [141]three consecutiveblocks of a combination of two
convolutional layers and pooling layeaege used. In eactblock,a differentnumberof filters is used. Afterwardwo fully
connected layers/ith a dropout layer aftereachfeedthe last fully connected layewhichis used for the classification.

Thedecisionto usethe double convolutional layer basedchitectureof Verstraete et al. [141has
alsobeen verified with two test casasith different bearing datasets AppendixA.3.1 The results,
shown in Figure 37, pointed out that accuracy is improved in both cases with the help of this

architecture.
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Figure37: Comparison oé different numberof convolutional layers in series. Two different test cases have beenFgsed.
both testeddatasets the double layer approach has thestaccuracy.

5.4.2.3 CNN Hyperparameters
In addition to the layout itselfother hyperparaneters, such as window sizactivation function and

dropout ratio, are also important.The proposed modeluses a window sizeof 3x3 for each
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convolutional layercombined with the activation functiorectified linear unit (ReLUM window size

of 3x3 has been selected becawseindow size of 1x@nly makes sense for dimensionality reductjon
sincea 1x1 window cannot use aiyformationfrom the neighboring pixeldn addition, avindowsize

of 2x2 and 4x4hould not be used because those filters do not use the pixels of the input layer
symmetrically which leads to distortions across the layers. Window sizes larger than 4x4 are not
recommended because they lead to long training tinj@g5]. The ReLy which is defined as
YQOG | A @tw,has been chosen becauteeduces the likelihood of the gradient vaniish
(seeSection2.2.5 and results in faster learning through its constant grad[éhtA dropout layer with

a dropout ratio of 50% was inserted between each of the fully connected layers to prevent overfitting
and minimize training errorThe factor of 50% is used based on literature suggestions sy6éh bs
addition, a test casénas been used to evaluate the influence of the different dropout fachmis the
suggested value of 50¥see AppendixA.3.2. The results, which are shown kigure38, reveal that
there are hardly any accuracy changes when using different dropout values. Nevertheléss,
prepared for possible overfitting with other datasets, a dropout factor of 5@ choseraccording

to the literature's recommendationsThis means that duringachtraining step, 50% of the neurons

arecompletelyignored [6].
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Figure38: Different values for the dropout factor in the fully connected layers of the CNN. There is no significant difference
between theaccuracies

5.4.2.4 Loss Function

During the trainingphase,a loss functiormustbe chosen As stated irSection4.6, cdossentropyisa
commony used loss function for multiclass learning of CNINés loss functioshould only be changed
when problens arise using this algorithrf176]. Another efficient loss function is the Kullback Leibler
divergence whichmeasures the differences between two probability distributioftss often used
when the training goal is to recover an input signalisabe case with autoencodel§]. Tovalidate
that the lossfunction, which is proposed by literaturés also the best for this use cadaoth loss

functions have been compargdeeAppendixA.3.3. The result which is also displayed Figure39,
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5. Transfer Learning Approach for Classification

indicates that neither is superior One time crosgntropy performsa little better, and in the other
case the Kullback Leibler divergenesnerges Therefore,according tothe literature, crossentropy

has been selected dke loss function fothe proposed CNN.
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Figure39: Resulting accuracies of CNN trainings with eesdsopy and Kullback Leiber divergenceitheris superior.

5.4.2.5 Conclusion

The previoussectionshave introduced the used CNN model and its hyperpartars. A detailed
summary ofthis CNNmodel for the 64x64 pixel images of the intermediate domain is showrale
11. This model has a total amount of 1,116,28fnable parametersThis architecture can be directly

used for supervised training.

Tablell: This table shows the detailed architecture of the proposedvitiiNhe layertypes and their parameter&ach layer
of the CNN is listed with its type, the outhiapeof each layefnone has to be replaced with the numbeiirohgesthat are
used in a batctand is thereforelependenton the training parameter batch sigzehe number of trainable parametersnd
used activation functions.

Layer Type Output Shape Trainable Parameters| Activation
0 InputLayer (None, 64,64,1) |0

1 Conv2D (None, 64, 64, 32) | 320 RelLu

2 Conv2D (None, 64, 64, 32) | 9248 ReLu

3 MaxPooling2D | (None, 32,32,32) | 0

4 Conv2D (None, 32, 32, 64) | 18496 RelLu

5 Conv2D (None, 32, 32, 64) | 36928 RelLu

6 MaxPooling2D | (None, 16, 16, 64) | 0

7 Conv2D (None, 16, 16, 128)| 73856 RelLu

8 Conv2D (None, 16, 16, 128)| 147584 RelLu

9 MaxPooling2D | (None, 8,8,128) |0

10 Flatten (None, 8192) 0

11 Dense (FC1) | (None, 100) 819300 RelLu
12 Dropout (None, 100) 0

13 Dense (FC2) | (None, 100) 10100 RelLu
14 Dropout (None, 100) 0

15 Dense (FC3) | (None, 4) 404 Softmax

5.4.3 Transfer Learning Approach
When performingtransfer learning with unlabeledr only partly labeled dat&n a different domain

with the same taskone speaks of domain adaption (sBection2.4.2). As described iBection2.4.4
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5.4. Proposed Transfer Learning Architecture

regardingthe use case of CMNthis can be done with discrepancpased approachesThese
approaches all follow the same procedureduplicatingthe usedCNN as shown irFigure40. In doing
so,two pathsare created One uses images of the source datashbtle the other uses images of the
target dataset. The CNMust first be trainedduring a supervised training phagéth only labeled
source domairdata before doing the transfer learning.fixed feature extraction can be done for the
transfer learning itselbecause the source and the target domain imagesexygected to besimilar
due to the intermediate domainTherefore, only the classification parhustbe adopted (se&ection
2.4.4. Consequentlythe weights and bises of the convolutional layers are frozen and shared
between the source and the target pathhe output ofthe fully connected layers @ach source and
target domain pair is used for calculating an addition loss vihlaeiscalledd  for layer 1and0

for layer 2 The loss function used for this purpose must be a fungtidwich can calculate the distance
between the outputs of the fully connected layerdExamplesof important transfer learning loss
functionsaredescribed irSection2.4.6 In addition, there are still thaormalloss functiosof the CNN
training process) and 0 , which have been defined as cremstropy in the previous
section This leads to a total loss function for the transfer learning prooess , which is the sunof
all loss functionsd , 0 ,0 and0 .As shown in EOQ), each of them is used with its
tradeoff parameter_to modify the intensity of the respective loss functidrhis follows the proposal

of the usage of for domain adaptionsas introduced irSection2.4.4for the use case of@MMD loss

function.

0 _ z { _ z{ _ 20 _ 20 (20
0 is the loss of the labeled source domain data and is used in combination with its tradeoff
parameter _ . Accordingly,b is the loss of the labeled target domain data and its
corresponding tradeoff parameter . The loss function® and 0  with their tradeoff

parameters. and_  are used for the fully connected layers 1 and 2. They are calculated with the
output of their fully connected layers and with the help of a transfer function like MMD. Since the
mentioned loss functions fas  y do not need any label information, unlabeled targkita can be

used.
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Figure40: Simplified representation of thegposed CNMayout for transfer learning. It is a mirroredodelthat shares the
same frozen weights and biasin the convolutional layers. Only the fully connected layers are trained during transfer learning
with the help of the original loss function plus additional transfer learning lossesnid Lrc2[133].

Theabovedefined transfer learning approach is eefed to as TLAL in this thesi$singEq.(20), it can

be used fola semisupervised transfer learnirgpproachas well as for unsupervised transfer learning.
Therefore,it is universaln the unsupervised casehere are no labelavailable, which results in
0 alsonot beingavailable Sincegin this case_ z ) is zerq Eq.(20) can be simplified
to Eq.(21).

i 2 { 2§ 2§ 21

5.4.4 Alternative Transfer Learning Approach

For thesecondsemisupervisedransfer learningapproach(TLA2)the CNN architecture remairthe

sameas forTLAL Only the procesdas to be adaptedTherefore, the first step is equal T_Alwhen

doing unsupervised transfer learningth unlabeled datafirst, the CNNmust be pretrained with

labeled source data. As shown kigure41, this is followed by a transfer learnisgep. This would
correspond toTLAlwithout any labeled target domain data using E2{l). Here the convolutional
layers are frozemmsdescribed aboveandthe unlabeledpart of the targetdatais used together with
the labeled data of the source domaia train the network The last step westhe labeled target
domain data.The pretrained model, which still has frozen convolutional layeis,now trained
supervised with the remaining labeled target datis reduces the loss function Eq(20) to Eq.(22)

during this transfer learning step.

o 2§ 22
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Figure4l: Alternative transfer learning proce€ELA2: First,the model igrained usingsource datathat has been labeled
Afterward, this model is traine@nce more usingnlabeledtarget data. Finally the model is finetuned with labeled target
data (cf.[133]).

5.5 Layered Maximum Mean Discrepancy

Instead of using the existing loss functiptiss thesis also introduces a new loss function for domain
adaptationsolutions based on CNNke the one presented in the previogsibchapter. Ordinary loss
functions like those presented inSection2.4.6 are pure datadriven approachesBy takingdomain
knowledge into accounexisting loss functions may be improved for specific use ¢a8¢dn the case

of CNNsknowledge of the input image can be usé&dhis can bdor instance the imagecomposition

or the colors. In the context of predictive maintenance/here the input often comes from single
valued sensors, colors ontgake sense when the sensor data is converted into a multicolor image
througha specially designedigorithmor color camerasSince for predictive maintenance casgbe
image's content is often known, the image's composiimapromising starting point.

For the use case @bmponents, whicthave different characteristic frequencies,stobvious thata
possiblehybrid approach should take care of theAs can be seen fBection2.3.4 images generated
from sensor data by means of tirfeequency transformationsisuallyhave the frequencies aligned
along the yaxis.With this knowledgeeachcharacteristic frequencgan be seen as separatelayer,
whichcan be optimized on its owRor this optimization several algorithra areavailable Asstated in
Section3.3.4, the most promising algorithms atdMD and CORABoth havetheir advantages and
disadvantagesMMD is a commonly used technique for domain adaptation with a convincing success
rate. It is also less resourastensive tran techniques like CORAL. The downside of discrepaassd
approaches like MMD is that they can be vulnerdblguite different distributions of the error classes.
This downside is not a big deal for transfer learning in predictive maintenance scenaridbsicer
distributionis often equal across differerdomairs (seeSection3.2.4). In addition, in a test scenario
CORAL and MMapproaches havaearlythe same accuracies (séppendixA.3.4. Therefore, MMD

has been selected to optimize the differesidmains
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5. Transfer Learning Approach for Classification

Since thenew loss functiorextends the classical MMD by using the context information of the layers,
the new loss function is callddayered Maximum Mean Discrepancy (LMMDe main difference
betweenthis hybrid approackandthe original MMD (Eg8)), which is a purg data-driven approach,
is that each layer is adaptéddependently Therefore, the input images must be modifiggithat they
represent only thdeatures of thecurrentlyadaptedlayer. Thefeaturesof the other layers should be
ignored To achieve this, a copy of each image is created for each layer. Then, for each qupsisall
of the image areas that do nobrrespondo the analyzedayerare set to QseeFigure4?2). Afterward,
these images are used to calculate the loss of the corresponding wagtethe help of the normal
MMD function. Finallythe total loss function is the sum of all laygpecific loss functionand can be
formulated as in E(23),

o b WY @3

and Eq(24)
OogWY 0 0 OQYHQ Y (24)

where Qare the layers of the imageand™Q"Y and™Q"Y are the outputsof a fully connectedayer
associatedvith the correspondindayerrepresented byQThis loss function came used in the CNN

architectureproposedin Section5.4for 0  and0
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Figure42: Calculation of the loss value witie LMMD loss functioon fully connected layer. The image is splitio separate
images for each class. The output of the fully connected layer for each class is the inpuMd@ function. All results
together are the total LMMD loss.

The principle of this algorithm is now demonstrated using the example of the intermediate domain for
bearingfault classification fronChapterd. Here the context information of théour frequency layers
can be usedEachlayerrepresents one fault categoi§nner ring, outer ring, cagand ball faultjand
consistsof the firstfour harmonics for each categons shown irFigure42, the total loss function
consistsof four parts and iglefinedasin Eq.(25), which is based on E3) with "= {Outer, Inner,
Cage, Ball}.

Oo00fY UyooofiY OopeofiY O5godiY 05 oufiY (25
In the followingsection the calculation of the lossf the layer of the cage ¢kgd isexplainedas an
examplewith the help ofFigure42. For thiscalculation,only thetop quarter of theimagesis utilized
(marked inorange in thefigure). This is where the cage errors are mapped by the frequseiBctive

filter of the intermediatedomain(seeSectiord.5). All other parts are tde set to 0. Afterward, these
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images are useds input for the CNb calculate the loss by the normal MMOnction, whichcan be
done after each fully connected layer. In this examhe fully connected layer 1 is used. This loss
value is tlen summedusingloss values of the inner race, outer race, and ball fault to calctitegte

LMMD loss value.

5.6 Generalization

The introduced transfer learning approach for classificationgask be divided into two parts. The
first is the intermediate domain presenteid Chapter 4, and the second is the transfer learning
approach $ection5.4) with the help of the LMMD loss functio8éction5.5).

Although thisapproach was designed and evaluated for bearings, it shalstl bepossible touseit

for other components with periodic movementshis has already been explained for the intermediate
domain in its correspondingeneralizatiorchapter Sectiord.8) and shouldalso betrue for the model
and the LMMD loss function. Since the model itself has no dependemtthe input except the input
size, a different component should also be possible.géreral usabilithould also be given for the
LMMD loss function because ig designed for the herdeveloped intermediate domajrwhich
consists of different layers. Therefore, it is also suitable for intermediate domains of other
components. The onlghing that mustbe adjusteds the number of parallel layers in Eg5).

A different component, which may be handled with the presented classification apprascfaor
instance a gear. @ar fault classificationare alsocarried outbased on fault frequencies. Herhe
characteristic frequeriesare the gear rotational frequency, the pinion rotational frequeranyd the
gear mesh frequencyl172]. Therefore some moadificationsnust be made. Atthe veryleast the
number of layerausedfor the intermediate domainmust be changedsince geas have only three
different fault frequenciesvhile bearings havdour different fault frequencies. This leads to lay
only three layers in the intermediate domain, whiakecessitates changingpe number of parallel
layers used for the LMMD function in EB5) to three. Thisassumptionis basedon the assumption
that gears may have different fault frequencies and differenanufacturing tolerances. The
hypothesiof the adaptabilityto geards based on theoretical considerations and has not been verified

based ora reference data set.

5.7 Conclusion

This chapter presented a new predictive maintenance solution for transfer learning of classification
tasks for all sog of components which have characteristic frequencies such as rotors, gears,
bearings. This approach was demonstrated in detail using the example of b&arihgassification
However,as elaborated inSection5.6, it is a generic approach and should fit for the previously

mentioned components as wedince there is no bearingpecific algorithm used
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5.7. Conclusion

To sumnmarize the presentedsolution usesthe new intermediate domairof Chapter 4, which is
speciallydesignedfor the classification task of characterisfiequencies, whichakes theirunique
features in the form of layers into account. This intermediate domain can be applied afterward as input
of a CNNTherefore, adoublelayeredconvolutional neural network was presented. Furthermore, a
new loss function for domain adaptation (LMMBt considers theparticularlayout ofimages, which
contain characteristic frequenciebas been introducedrinally, he LMMD was explained in detalil
utilizingthe example of the intermediate domain for bearifaglt classificationThese parts present a
novel predictive maintenance chain for use cases where a large, labeled source datasgbeixibts
target domain consists of unlabeled or only a few labeled samplesuchthis solution can be seen
as a direct answer toRQ, which asks for a new method that provides better results for fault
classification of partly labeleldearing faultdatasets.The verification of this classification approach is
provided later inSection7.2in the form of an explorationwhere it providesinup to 32.3%mproved
accuracyin contrast to other stateof-the-art approaches. Furthermore, a benchmankSection7.3
shows that the given approach delivers better results than the benchmarked approach.

In addition to answering RQle presentectlassification approach also providegart of the answer

to RC3whichaskshow existing methods can be combined and optimiZHteanswer is the solution
itself, which combinesand optimizesexisting approaches likime-frequency transformCNN,and
domain adaptiorinto an approachhat provides better results for fault classification of partly labeled
datasetsIn addition, LMMD is an optimization of the MMD algoritkimat provides better results for

the given use case.
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6 Transfer Learningpproachfor RemainindJsefullife

6.1 Introduction

The current stateof the art for predictive maintenance solutions in gener@hépter 2 and 3) and
remaining useful life for bearingsin particular (Section3.3.3 have shown that currently, most
approaches focus on RUL without transfer learning or on transfer learning between different
conditions of the saméype of component Today, only two published research worleenefit from
datasets of differentomponenttypes via transfer learninguch a component can p@r instance a
bearing as already described in the classification approachCrapter 5. In addition, he RUL
estimation and the classification taslksuffer from a lack of reasonabletraining data.For the RUL
estimation the lack of training samples is evarore significanthan for the classification task he
whole lifetime of acomponentmust be trackedin order to train a neuralnetwork, and it is not
sufficient to measureghe componentonce a fault appea Becauseof this, knowledge transfer
promises tobe important especially for new types where very littteaining data is availableAn
additional challenge arises from the fact that the sensors are permanently mounted for continuous
RUL estimationThiscontrasts withthe classification taskvherethe use cases only need a tempaiar
attached sensor to check the current state of the compondhie to the cost pressure in industrial
applications, the most costffective RULsolutions must be used. This can be realizedubing
permanently mountedriaxial sensors, which, however, have the disadvantage that they can only
cover a limited frequency rang® up to approx. kHz (se&ection3.2.5. As stated irSection3.3.3.6

there is nocurrent solution that covesthese needs.

To overcome these shortcomings RULsolutionthat meetsthe following requirementss needed

9 The solution shall be a genesllutionthat can be appliedo different machine components
These components must meet the criterion that they are moving paits rotational
movements.

9 Thefailure of such a componeshallnot be spontaneous withouhdication butmust become
apparent in somecontinuoustrend. This requirement is essential because¢hié state of a
component changes because of unforeseen conditions, it is not possible to detect the state
correctly[177].

1 Afrequency range of a maximum okHz should be used use triaxial accelerometeysvhich
are needed to realize cosffficient industrial applications.

9 It shall have superioprediction accuracycomparedto current state-of-the-art techniques,
especially for realvorld scenariosTherefore, existing approaches candmmbinedsuitably.

In addition, the usage of domain knowledge can also be an opportunity



6. Transfer Learning Approach for Remaining Useful Life

91 In order to overcome the lack of existing training samgtasnew component types and
process conditiongt isessentiato havealgorithmsoptimized for a small number of samples.

All these generic requirements ardirectly applicable to the RUL estimation of bearirigsaddition, a
solutionto these requirementsnapped to bearingss alscan answer toRQ (seeSectionl.2), which
asks fora new method thattan take benefits ol dataset of a different bearing type, for a labeled
target datasethat isrecorded withsensors with low sampling rates
A possible answebp this research question could be based anl&M, asLSTMsare well suited for
tasks with time dependencigseeSection2.2.5. The previous chapters have shown that the use of
the proposed intermediate domain is well suited to preprodegshe input data In such instances,
the source and target domain get closer togetharorder touse the intermediate domain images as
input of an LSTM, the imagesustbe preprocessed. This can be done with the convolutional layers of
a CNNThroughthe usage of a CNN, the mechanism of fixed feature extraction can be used to do the
transfer learning between different domains (s8ection2.4.4).
This hypothesis is addressed in the solutioat ispresented in this chapteiftimplemensacomplete
process chairfseeFigure43) that picks up the underlying principles tife developmentsdone in
Chapter 4 and Chapter 5 for fault classificatiorand complemens them with the RUL estimatiof2 a
ability to consider time dependencieSomparing this process chain with the one presentelligure
35for the classification of bearing faults reveals that thain steps are equal for both taskehe aw
sensor data is used as input. Out of this input, the featumest be selected for the corresponding
machine learningalgorithm The machine learning algorithm iseth used for classification or
estimatingthe RUL. For the classification approach, the feature extracts@s ahybrid model based
in the intermediate domainwhichabstractsthe input data to focus only on the relevant frequency
areas Chapter 4). In addition,the convolutional layers of the CNiNe also used foa data-driven
machine learningpasedfeature extraction For the classificationonly the last fully connected layers
are consideredThis hybridfeature extractioncanbe taken overby the RUL taskSection6.3) because
the data to be analyzed is identical. In contrast to the classification task, the RUL task does not need
to assigrthe input datato different conditions.dstead, i mustestimate a time. Therefore, the output
of the feature extraction based on theonvolutional layers of the CNN is used as ingiuan LSTM
network Sectiort.4), whichis used to estimate the RWlith the help of a health indicator (s&ection
3.3.3.]. In addition, transfer learning to different other bearing types carpbgormedwith a fixed
feature extraction $ection6.4.4). Eachsectionexplainsits design decisionasa first step and then

explainshem in detail.
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Figure43: The different steps for a transfer learnibgsedRUL estimatiomapproach. Thénput, which is the raw sensor data,
is preprocessed with a feature extraction technigeieeh as an intermediate domain. Afterwatde extracted features are
used for the machine learningocess, whiclis based orm CNNin combination with an LSTMhe CNN can be pteained
with datafrom a different domain for the feature extraction and then transferred tearning task in the target domaiifhe
trained model is finally used ftlre regressiortaskof the RUL estimatiowith the help of a health indicatdcf.[112]).

The presented approach is verified in detail wéhbenchmark inSection7.4 of this thesis.The

presentedRULsolution ha been summarized in a research pajpet2].

6.2 Validation Contet

All design decisianin this chapter are based on empirical test scenarios based on bearing datasets.
Each test scenaris based on two datasets. Firtfte feature extraction part of the proposed RUL is
pretrained with the Case Western Reserve University datésee Section3.3.2.9 and the mean
accuracyn the same way as already describe®ectiors.2. Every test scenariosesthese pretrained
convolutional layers.

For the RUL estimatigthe datasetof the [IEEE PHM 2012 data challerg@sed This datasetwhich
wasintroduced inSection3.3.3.2is the most widely used RUL dataseéhedifferent datasets were
assigmed according to the contest specificatiowhere sixtraining datasets and 11 test datasets were
used[178]. A suitable metric has to be selected to verify the different development st&@g®mmon
metric to compare the accuracy of different approaches is to ysarticularscore, which is calculated
by summing up the weightecklative error rate of each test cas¢seeAppendixA.5.]). Ths score is
also used to evaluate the different approaches in this chagtarthermore, thé scorewasalso used
to compare the different solutions of the IEEE PHM 2012 Data Chall€ngkFor this reasonit is
also referred to as th®HM score within this thesi$he score of each test scenario was teeision

basis for each evaluated parameter.
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The parameters of the training itself are listedTliable12

Tablel2: Trainingparametersused for the proposed RUL approach.

Parameter Value Reason

Optimizer Adam Empirical tests and recommendatigrssich ag6].

Learning rate 0.0005 Empirical tests.

Batch size 120 Due to thelimitations of the used hardwarelarger
batch size could not be used

Epochs 300 An improvement of the result could not laehieved
with more than 300 epochs.

Loss function Mean squared error MSEwas used hsed orthe recommendation ot.iu
et al. [179] that, amongst all common loss
functions, it is the most sensitive one to
measurement errors.

6.3 Intermediate Domain

Asexplainedn theintroduction, the estimation of thdRULstarts with thepreprocesig ofthe sensor
based rawinput data. According toSection4.3, the acquisitionof the input data isqualfor the task

of the classificatiorof the health stateandthe estimation of theRUL In both casesa sensorcollects
information (e.g., acceleratiorfpr a short recorthg phaseof the lengtht. This can be donduring
specialized test runsThis recording is repeateperiodicallyat an intervalT to assesghe actual
conditions of the componentlt is sufficient to analyze only the lasicord for the classification task
However, the RUL task can also benefit from analyzing historicab@iptavious recording phasés
consider time dependenciet accordance with the literature presented$ection3.3.3 there area
number of different feature extraction techniquesuch as using different time and frequency domain
features or wavelet transformationddowever, theintermediate domainin Chapter 4 is specially
designed and validated for this kind of sensor ddtais method has already been used successfully
for classification task# Chapter 5. In addition, the use of the intermediate domain provides the
advantage of supporting transfer learning, since it already bringsiéta of thetarget and source
domain closer togetherf-or these reasors, this method is also considered to libe most suitable
feature extraction methodor the RUL estimation

Using the intermediatélomainis also important for the requirement of havingalution thatis usable

in combination with triaxial sensors. Since the intermediate dormaiy focuse®n the characteristic
fault frequencies of a component, other higher frequencies are not ultei$. evenpossiblefor
components with high rotation speeds have frequenciegincluding the first four harmonictelow

5 kHz which isin the range of triaxial sensor8n extreme example of such a component is a bearing

of a highspeed grinding spindleyhich can have rotationaspeed up to 23000 rpm This resultsn

98



6.4. Proposed RUL Architecture

fault frequencies up to 500 Hz when using the bearing at 100% of the maximum [488]. The
maximumfrequencies of thes fault frequencies can be reduced the aforementionedtest runs in
whichthe spindlehas to rotate at specified rotational speed# such a higtspeed spindle is used at
10%of the maximum rpmit will result in fault frequencies of only about 56{z.Bearings for other

use cases have rotational spesaf about 2000 rpm,resultingin fault frequencies of less than 200 Hz
[133].

In summary, it can be said that even for the extreme case of bearings irspgitl spindles, the
requirement of usability with triaxial sensors can be fulfilled by specialized.testhat are not carried

out with the maximum speed of the spindleg/hen using simplebearings applicatioawith lower
rotational speedsit should not be necessary fmy attention to the rotational speeds

One constraint of the usage of the intermediate domain is that it relies on the characteristic fault
frequenciesForthe use case of bearings, the first appearance of these frequencies is at degradation
stage 3 (se&ection3.2.4). Therefore, this approadh unableio recognizeanincipient bearing damage

in fault stage 2However, this limitation is also based on the triaxial sensors.usedtage2, only
natural frequencies of the bearing components occur, which are up kblz6and therefore not
completely covered by these sensors. However, as describ&&dtion3.2.4 this is not a redlife
problem. In stage 3, there is still enough time for a planned maintenance. In addition, other current

predictive maintenance solutions also rely only on stage 3.
6.4 ProposedRULArchitecture

6.4.1 Introduction

The preprocessed images of the intermediate domain can be used as input for a machine learning
algorithm. As introduced inSection6.1 these imagesnust be processed to use them for the RUL
estimation. Therefore, featuresust be extractedfrom the images Afterward, these featureamust
be used for the RUL estimatioAis stated irfSection3.3.3 a common technique for regression tasks
such as RUL is an RNN. In addition, LSTMs are also imptutano their ability to optimize the
vanishinggradientproblemof RNNgseeSection2.2.5. Different surveyfiavecompared the relevant
machine learning approaches in the context of estimating the RUL for be#fithg$32, 18Q] They
outline that the current RUL approachase based on different techniquesuch asdeep learning
techniques likeCNN and RNMnd classical machine learning techniqgliks SVRand Bayesian Monte
Carlo. These techniques are mainly usedsfgrervised learning taslkn the same domairCNNbased
approache$12], which use the raw sensor daandLSTMbased approachd82], which use extracted
features out of the time and the frequency domaare used for transfer learning between different

domains(seealsoSection3.3.3.4.

99



6. Transfer Learning Approach for Remaining Useful Life

A promising approach seems e the combination of CNN and LSTM, where the CNN is used for the
feature extraction of the intermediate domain imagdsis approach &ready used fodifferenttypes

of machine learning based sensor diagnostics. Including e.g. sensors in the field of automotive sensor
systems[32], but also the in this case important field of RUL estimation for beafsgsSection
3.3.3.5. The LSTManuse these extracted features of the CNN afgbtake the time dependencies

of the different measurements into account to estimate the RTherefore,this approach would be

based on two feature extraction layeiBhe first layeextracts the features of the raw sensor data with

the help ofafrequencyselective filterto intermediate domainmages As illustrated irfFigure43, the

second feature extraction layer uses tilermediate domainmagesas input for a CNNts output is

used as input for an LSTM, which performs the RUL estim&tios design approach is explained and

derivedin this chapter.

6.4.2 Machine LearninggasedFeature Extraction

A commommethod forfeedingan LSTM or an RNN isddrectly use the raw signal @xtract features
based on statistical features of the time or frequency domain Geetion3.3.3. As alreadyjustified
in Section6.3, this RUL approachses the intermediate domain @hapter4 to preprocess thaaw
sensorsignal into a 2D imagelo useimagesas input for machine learning methoda feature
extraction is recommendetb reduce the training time and increase thescision of a trained model
[158, 181] Based ornthe theoretical background iection2.2.4andthe practical demonstrations of
different research papers fRection3.3.3.5 a machine learnindgpased feature extraction is appropriate
to effectively and automatically extract features suitable techniqueor the feature extraction of
multidimensional inputsto use the convolutional layers afCNN181]. As introduced irsectiorn2.2.4
aCNN usethe lower convolutionalayers folow-levelfeature extractiorandthe higher convolutional

layers forhighlevelfeature extraction Onlythe fully connectedayers areusedfor the classification

[ Image
[ Convolutional layer
[ Pooling layer
—> m ,l' [l Dropout layer
' [ Fullyconnectedlayer

Lowlevel Highlevel
features features

task.

Classification
> «——»

Figure44: Feature extraction and classification parts of a CNig.features start frona low-levelon the left side and end at
a hightlevelon the right sidgf112].
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Chapter5.4.2 suggestshe proposed doubldayer CNN architecturasan appropriateapproach for
feature extraction of the intermediate domain imagfs the classification taskAs shown irFigure
44, it is based on three blocks of two convolutional layers followed by a poolingflaytdre feature
extraction These blocks are followed by three fully connected layers, where the l&ster is
responsible for thefinal classificationof a specifichealth state.Since the convolutional layers are
responsibleor detectinglocal conjunctions of features of the previous layer and mapping them into a
feature map, thg can be used to extract the featuré®m the intermediate domain imagd herefore,
the whole feature extractionpart of the classificationmodel (all convolutional layers and pooling
layerg is alsosuited for the RUL approaclhit uses these layeras a machine learniAgasedfeature
extraction method to extract the features of the intermediate domairaiguitableway and passs
them on to the LSTM network.

6.4.3 Time dependeries

6.4.3.1 Introduction

The extracted features of the previous step can now be used to estimate theTRElefore, this
chapter presents@LSTM modekF-irst,a suitable degradation model is chosenSaction6.4.3.2 This
is followed by the introduction of a propos&&TM model for the RUL estimatiarSection6.4.3.3 As

the last step aninvestigation othe window size of the inputs presentedn Section6.4.3.4

6.4.3.2 Degradation

In addition to theML modelitself, the degradation model is also an important decision. The most
common ones are a linear degradation model and a pigise linear degradation mod¢l82]. The
linear degradation model is usedrimmerousresearch works with different deep learning techniques
such as CNN, RNN, and LSTM &8e.3and 3.3.3.9. For this casahe degradation is considered

linear over the entire lifetime of the component (sEaure45a).
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Figure45: Differentdegradation models for an example with a total lifetime of 200 measuremahthows a linear model
from start to end of the lifetime. b) shows a piegise linear degradation model, where only a degradation phase exists at
the last n=75 measurements. For the othezasurementspo degradation can be determined.
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Instead of linear degradatigora piecewise linear degradation may also be an option. When using a
piecewise linear degradatianonly the lastn values are treated as a linear degradation of the
component. The degradation of all other measurements is alwapsidered agonstant (sed-igure
45b). This approach can be used in cases where once the degradation has started, it always takes about
the same time until the component reachit® end of life. However, this approach has two drawbacks
[182]: first, a maximum estimated RULIisited to the chosen length of the degradation phasén
addition, the more seeredrawback is thathe degradation phase is not comparable between different
samples in many use @& This is aignificantproblem for many predictive maintenance solutions.
Someresearchers have attempteib circumventthis problem bydynamicallycalculatingthe end of

the constant RUL phader each bearingThis can be donesingdifferent statistical functionshat are
applied to the sensor valuesAs soon as apecificthresholdvalue is reached, the constant RUL time is
declared as terminated. For this purpose, however, th#seshold valuesmust be determined
empirically for each bearing tyd&83].

Some approachedo not use dinear health indicatarFor instancedifferent statisticalfeaturesfrom

the time and frequency domain datan be used as it done for instance by Khan et al. [184]
Howeversuch an approacagainleads to the problem thahresholdvalues for the individual features
and the optimal combinationmust be determined Khan et alused specially developedATLAB
programs for this purpose

The research directions for a dynamic constant RUL phase end and an individual health indicator
contradictthe approach of having a universgbproach thatcan be simpl applied to other bearing
types.Therefore, even though they may provide better results for a particular bearing type, they are
not considered furthehere.

The general choicédetween using a simple linear &alth indicator and the piecavise linear
degradationremains.As shown in chapte8.2.4 the degradation of the same bearing type is very
similar in most cases. Especially the degradatevels, which can be detected with the relevant
accelerometersdegradationstages 3 and4), are for 90% of all bearings of one type in a range of 5%
of the expected theoretical lifetimélhis can also be seenkigure46, where an exemplarpearingof

the dataset presented isection3.3.3.2is shown. Therefore, there gsrange ancho exact value when
the constant RUL phase of the piewese linear degradation is overhis results in nadvantagesn

the usage of a piecwise linear degradatiorAnother downside of the piecwise linear degradation

is that the length of the constant RUL phasastbe determined somehow for each bearing type. This

again leads to an approach thaquiresthe manual interventiorof experts.
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Forthese reasonghe typicalapproach of only using a linear degradation over ¢indire lifetime has
been chosen for the presented solutiom addition the literature alsorecommendsusing a linear

model if the knowledge of a suitable degradatiommgvailable[182].

Outer ring fault frequency Inner ring fault frequency

0.4 0.4
§ 0.3 § 0.3
c c
S b=l
® 0.2 © 0.2
[ @
T T
v ¥
< 0.1 < 0.1

0.0 41— r ' : ' : ; r ; 0.0 L% 7 presspernipbef | e ."‘"“"‘"‘.""‘J.

0 1000 2000 3000 4000 5000 6000 7000 8000 0 1000 2000 3000 4000 5000 6000 7000 8000
Time (s) Time (s)

Figure46: Example of thelegradation ofa bearingbased orthe outer and theinnerring fault frequency

6.4.3.3 LSTMModel

Onecrucialaspectof an RUL solution is the pahat uses the features of the input data to estimate
the estimated RULThis is because, as presentedSaction3.3.3 through different research, the
accuracy of a RUL solution depends significantly on tipigrt. As outlined inSection6.1, this
dissertation searches for an appropriagerhnologyfor this purpose whichcanalso take advantage
of availablehistorical daa. As outlined inSection3.2.6 deep learningechnologiesare proposed for
complex scenariosuch as RUL estimatiarnthesetechnologiesare similar inthat they are typically
trained withnormalized data in a range between 0 anséeSectiord.6). Therefore, a mentioned in
Section3.3.2.1 thedeep learningbased RUL approaches wsbealth indicatorwhich isbetweenl.0
for a new component and .0 for a defecive component As proposed inSection6.4.3.2 the
interpolation between 1.0 and 0.0 is linear over the entire lifetiniis health indicatohas to be
retransformedin a separate step back #time span.

TheRUL estimatiothrougha health indicatorisrealized in deep learning approaches by a sifiglg
connectedneuron aghe last layerof the neural network. This @onein different studieswith different
deep learningapproachesuch asCNN RNNand LSTM (segections3.3.3.3and3.3.3.4. However, a
CNN is not suitable to represent a time relation because only one input is analyzed atanihtieere

is no connection to therior inputs. Byconsidering time relationdiigher accuracies might be reached
(seeSection2.2.5. Unlike CNN RN, and their successoiSRUsand LSTM use datafrom previous
time points.As already introduced iSection2.2.5 the disadvantage ofreRNN is that it is sensitive to
the gradient vanishing problenThis problem can be mitigated by means of ZSTMor a GRU
architecture.In addition,a comparison between GRU and LSTM shows thait @ecuracyis very
similar[185]. For the use case of beariif has been shown that an LSTM can deliver higher accuracies

than a GRUIL86]. Differentsurveygointed out that therearealsoa number osuccessful applications
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using LSTMs ite field of RUL of bearing$4, 131] Consequently, the proposed model is based on
an LSTMnetwork rather than an RNNor a GRU

In order to choose suitable layout for the LSTM netwqrdn LSTM layout o5ahoo [30]s usedasa
starting point In his workSahoauses three LSTM layers (layer 1: d28uts, layer 2: 64 outputs, and
layer 3: 32 outputs). Theutput of these LSTM layersprocessedy fully connected layers for the RUL
estimation based on the last fully connected laygith a singleneuron. In his scenario, his
implementation providesemarkable results for the task of the RUL estimation.

Based on the proposed LSTM laydhbe three modifications presentedh Tablel3 are evaluated All
layouts have the firsthree layers in commona CNNfor the feature extraction, an LSTM with 128
outputs, and an LSTM with 64 outputs. The othebsequentayers are different.

9 Layout 1:This layout investigates a pure LSTM network. Therefore, theliaéd feature
extractiontogether with two LSTM layeis used, followed by abSTM with 32 outputi the
last layeras in the reference layoytroposed bySahoo [30] The outpus of the LSTMre
directly usedas input for the health indicatomwhichconsistsof a fully connected layer with
one neuron.

9 Layout 2:This layout investigates the common use of one LSTM followed by several (deep)
fully connected layer§l87]. For this purpose, two additional layers are addedagout 1:
After the last LSTM layer, a fully connectegetawith 32 outputs is inserted. Thiayeris
followed by a dropout layer with a dropout rate of 0‘Bhe decision to use 32 neurons was
inspired by the success of double convolutional layers forsCiNhere the same output size
isused for two consecutive layg(seeSection5.4.2.2. The dropout factor of 0.5 is based on
the research of the classification approactSiection5.4.2.3 as well as omecommendations
in the literature[6].

9 Layout 3:This layout is similar to layout 2, except that the last LSTM layer with 32 outputs is
unavailable. This layout has besalectedto investigate the influence of the LSTM laydfs.

this approach shows the best resylgssimpler model with fewer layers could be used
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Tablel3: The different evaluated LSTM layouts. The number of outputs for each layer is given in pareBifigges. used
layers and their connection (marked by an arrow) are drawn for each layoutomparisonthe PHMscore of each layout
for the RUL task of th&EEE PHM 2012 Data Challengslieen calculated. Layout 2 htse best results.

Layers Layout 1 Layout 2 Layout 3

Layout CNN (8192) [ M s— *
LSTM (128) i * I ——
LSTM (64) A A A
LSTM (32) * é l
Fullyconnected (32) é] |
Dropout (rate=0.5) l é é
Fullyconnected (1) W é é

PHM gore 0.1094 0.35 0.05647

As shown iTablel3, the best result in terms of thEHMscoreis achieved with layout 2. Therefore,
layout 2 has been chosen as the LSTM layout. A description of the evaluation can be #ymehitix
A5.2
Adetailedsummary of thecompleteproposed model with its 4,3265trainable parameters is shown
in Tablel4. As shown ifrigure47, for each of then input imagesthe same CNN part with the same
weights is used. The output of eashthe n CNMis used as input for the first LSTM layEne last fully
connected layer is used to calculate the health indicaBarsed on the decision of the used network
and the used linear degradation modéhis indicator has to be converted back to a time value
according tcEq.(26),
y

5 00

where Teuris the current time stampand Hl is the health indicator.

"y (26)

Tablel4: This table shows the detailed architecture of the proposed RUL framework with all used layers and their parameters.
Therefore, each layer is listed withtigpe, the output shape of each lay@one has to be replaced with the number of images

that are used in a batcand is therefore dependénn the training parameter batch sigie number of trainable parameteys

andthe activation functionsised The parameter w in theutput shapes for the window size of historical data.

Layer Type Output shape Trainableparameters | Activation
0 InputLayer (None,w,64,64,1) |0

1 Conv2D (None,w, 64, 64, 32) | 608 ReLu

2 Conv2D (None,w, 64, 64, 32) | 9248 ReLu

3 MaxPooling2D (None,w, 32,32,32) | 0

4 Conv2D (None,w, 32, 32, 64) | 18496 ReLu

5 Conv2D (None,w, 32, 32, 64) | 36928 ReLu
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6 MaxPooling2D (None,w, 16, 16,64) | O
7 Conv2D (None,w, 16, 16, 128) 73856 RelLu
8 Conv2D (None,w, 16, 16, 128)] 147584 ReLu
9 MaxPooling2D (None,w, 8,8,128) |0
10 Flatten (None,w, 8192) 0
11 LSTM (None,w, 128 4260352 tanh
12 LSTM (None,w, 64) 49408 tanh
13 LSTM (None, w, 32) 12416 tanh
14 Fullyconnected (None, 32) 1056 RelLu
15 Dropout (factor 0.5) (None, 32) 0
16 Fullyconnected (None, 1) 33 Linear
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t [ Pooling layer

[ LSTM layer
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Processing direction
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Figure47: Proposed RUL framework. The feature extractigreiformedwith the help of convolutional and pooling layers.
This part is equal for each of the n input imageed All convolutional layers share the same weights. The output of the last
pooling layerof each image patls the input of the first LSTM network. Three L&}dIs are used. After the last LSTiup

fully connected laysrare used. The output of thlastlayer is the health indicator of the current lifetime.

6.4.3.4 WindowSize of Measurements

When using an LSTM, an important parameter is the windowsiziethe historical dataised In the
context of predictive maintenance, thisdicateshow many measurements are included in the RUL
estimation. Thefewer measurementsused, the more difficult it is to reflect time dependencies.
However, a todarge window size can lead 8 RUL determination not beimgpssible at allThis is
becausefia window sizew is defined, the RUL of a component can be determined ol lgastw

measurements are available. The neural network expects inpiieiiselected window size only.
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Another difficulty is the amount ofnemory needed when more historical data should be usad.
shownin Figure48, the amount of memorysedduring the training onlhaslinear growth but it

quickly exceeds 16 GBS GB is the amount of memoayailable orcurrent mainstream graphic cards

for commercial cloudée.g, an NVIDIA P10{B5]).
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Figure48: The memorysedfor the proposed LSTM Figure49: Detailed examplef the window size of the inpuf

network dependon thenumberof input imagesused  total number of 10 measurements, a step size of s=2aand
amount of used septs n=3 leads to the usage of measurem
6, 8 and 10 as input.

Regardless of these limitations, an ideal lencginbe determined empirically in the applicable range.
Oneway to increase thavindow sizewithout increasing the input sizeof the LSTM networlsito skip
valueshy using a step size Forinstance,as shown irFigure49, if s=2, every second measurement
is skipped This resultén the possibilityof analyzinga time span twice as longith the same memory
usageHowever, skipping values has the risk that relevant dependenciedssrelroppedAn example

is the case wheronly two values should be used. If only the first and last vafue measurement
seriesareused, a wide range would be covered, the informationis not available shortly before the
current time. Therefore it could be better if no pointarere skipped and only the last two pointsere
used whichwould make the gradient of the values at therrentpositionmore apparentin addition,

it could be thatho changsin the input values occur at atl the starting area for a longeriod oftime.
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Figure50: Evaluation offifferentinput sizes i) and different step sizes @@y the training of the proposed LSTM framework.
The besPHMscore(seeA.5.]) isattained with an inputsize of 85 and a step size dfl212].

Thepropervalues for the parametam (input size)ands (step sizepare estimated by aevaluation
A limitationof the dataset used for this evaluatiamthat the shortest test sequenceonsistsof only

172 measurements. Thereforhe maximum usable historical dataliited to€ zi  p Xx.qhis for
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instance results in a maximum value of 8 nwhensis set to 2 Asshownin Figure50, the score is
always better for the sammput sizen if a step size of 2 is used, which results in a wider time range.
In addition, theinput size is also important. The score gets better with an increasipgt size.
Therefore, it can be concluded that the wider thendow sizew of the historical data, the more
accurate the result will be. Using every value is not possible for reasons of memory consumption,
among others, but skipping valubyg a step sizs, still allowsoneto achieve a wide windowize.This

can be done automatically by knowing the available memory and the test sizgdwyered.

For the given dataset, this & input size 0h=85 measurements in combination wighstep size=2

Here also, the best score is reachederBfiore, this setting has been chostem the presented solution

6.4.3.5 Conclusion

This chapter presentednaLSTMbased solution for the RUe&stimation, whichconsiders time
dependencies Therefore, the variable parameters of such a solution have been identified and
explained. In addition, the most suitable values for these parameters were deterrbamest orthe
bearing datasebf the IEEE PHM 2012 data challenge described irBection6.2. These are the

degradation model, théayout of the LSTM modeindthe window sizeén whichthe datais processed.

6.4.4 Transfer Learning Approach

The presented RUL framework can be used directly for supervised leasisigown irSection6.4.3
However, this frameworkan also take advantagd transfer learning in several ways. One theoretical
way is to use the LMMD, which has been propose@&éttion5.5. The LMMD can be usddr
unsupervised or sersupervised transfer learning. The procedure would be sirldre classification
processwherein domain adaption has to bearried outafter the highlevel fully connected layer.
However, in realife scenarios, the RUL datasets aswallyfully labeled.As described iSection6.1,
this isbecauseahese datasets can only be collected when the sensors are mounted on a mauidne
the data is collected periodicallBecause of the timeonsuming wiring and mounting of the
hardware,this is usuallydone during the machine setuprherefore,in reallife, the datasetusually
begins with a new component. This resulh every measw having a label. For this reason,
unsupervised and sersupervised approachesill not be discussed further here.

Another approach is tperforma networkbased deep transfer learning, whete pretrained feature
extraction part of the CNN of a different domastransferredto the current domain(see Section
2.4.3.5. This approacts importantfor applications in thereaHife world. Here often, only a few
datasets for the RUL training are available for a particular compodenintroduced irSection2.4.4
and used irSection5.4.3 a fixedfeature extraction can be used ftre case ofa small dataset in the
target domain. In addition, the dataset of the source domain and the target domastbe similar.

In the presented casehé similarity of both domains givenby the format of the imagesfor both
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domains,the imagesare generatedwith the help of the intermediate domainThis intermediate
domainbenefits from the fact thathe input images are vergimilar due to the frequencgelective
filter. For this reason, théower-level feature extractions identical whichhas also beererified for

the case of transfer learning for classificatiorSiection5.4. Theentire network mustbe trained with

the source domain dataset for this transfer learning procédterward the feature extractiorpart,
which iscarried outby the convolutional layerss frozen.Then, aly the LSTMnd fully connected
layers are trained with the target domain dataset.

However, the transfer from one RUL dataset to another is not the only possibility. Based on the
intermediate domain, whiclalso creates similar images for classification datasets, a transfer of a
feature extraction part based on classification data should also be posSinieemany publicly
available classification datasets exidtis approach has special significaniceorder to perform this
approach, a classification network is first trained with the source data as descril&ztiion5.4.2
Afterward, the fully connected layersf the classification networknustbe removed and replaced by
the parts of the proposed RUframework whichare responsible for the RUL estimatiots{iIMand
fully connectedayers. Finally,the convolutional layermustbe frozen,and the newy inserted farts
mustbe trained with the labeled target domain dataset. For tyigproachthe classificatiorand RUL
datasets do nohave to beof the samecomponenttype.

A direct comparison betweemd UL estimation with prerained convolutional layers and one without
pre-training was made to confirm this statemenin addition, the prerained layers were from
different types of a component. As can be seenFigure51, the pertained network haa far better

PHMscore. More details of the test setup agévenin A.5.3
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Figure51: Comparison of th®HMscore between the neuronal network witimd withoutusingpre-training convolutional
layers. The prérained network has a much highBHMscore.

Since the results are much better with a grained network, all evaluations iBection6.4.3were also

performed with the same prérained convolutional layers.
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6.5 Generalization

The transfer learning approach for RUL estimatamsistsof two parts. The first is the feature
extraction which is based on thasage of thantermediate domairpresented inChapter 4 (Section
6.3) and the convolutional layer§éction6.4.2). The second is the RUL estimation basedmhSTM
(Section6.4.3. Both partsshouldbe used for a range of different components.

The feature extraction partwas verifiedin Chapter 5 for classification osensor signalsising the
exampleof bearing fault detectiorbased orfault frequenciesAs stated in that chapter,darings are
not the only componentghere the intermediate domain and the convolutional layers can be applied.
The underlying theory of the intermediate domain should also be applicable to ctiraponents
whichcan be analyzed with the help of the fault frequencies and their harmdh&somponentother
than a bearing is usegarameters such as the number of used harmonics or the signal lengithe
adjusted asmentioned inSectiorb.6. Afterward, it can be evaluated if the component is appropriated.
In contrast to the featureextraction,the LSTM model is pusedata-driven and has napecific
characteristic frequencyelated dependencied he only limiting condition is that the LSTM is designed
to receive outputs from convolutional layers as inptiherefore, this model shoulaso be applicable

to sensor data of other componentsith characteristic fault frequenciesThis sensor data can be
converted into intermedia domain images.

A component with characteristic frequencitisat might be applicable for thentire process chain of
this approach is for instance a gear. Here the characteristic frequéssare the gear rotational
frequency, the pinion rotational frequencgnd the gear mesh frequency [13Ak described iGection
5.6, some madificationsnust be made duringthe feature extractiorprocess Here at minimum, the
number of layers for the intermediatdomainmustbe changedsince a gear has onikiree different
fault frequencieswvhile bearings havéour different fault frequencies. In addition, it may beaessary

to changethe bandwidth of the frequencgelective filter.The RUL part might also be adapt€ahne
possible modification might be the window size of the inputs for the LSTM.

All the abovestated assumptions about transferability to other components, especially to gears, are

based on theoretical consideratioasd havenot been verifiedbased ora reference dataset.

6.6 Conclusion

This chapter has presented a new predictive maintenance solutioREhr estimationThissolution
wasspecially designednd verifiedfor the use case of bearingsd consistof two parts.

The first part feature extraction was already presentedin Chapter 4 based on an intermediate
domain, especiallyverified for bearings but also designéar other components with characteristic
frequencies. In addition, the convolutional layeifshe classificatiompproach(seeSections.4.2 are

also used for feature extraction out of the intermediate domain images. The second part T
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model, which takes the output of the convolutional layers as input. This model thleetme
dependencies of the degradation into accountsignificantbenefit of this solution is thatransfer
learning carbe easilyfacilitated through the welldefined intermediate domain, which is similfar
different types ofthe samecomponent Therefore, theentire feature extraction part (convolutional
layers) ofa pre-trained network can be transferred. This camenbe a pretrained networkwith
datasetsof a classification task of a different type.

An additional advantage of using the intermediate domain is that by using it in conjunction with special
testruns(seeSection6.3), the solution can also be used for sensweith low sampling rates

Although this solution has been verifisroughthe example of bearingso parts of it have bearing
specific dependencies. They only rely on periodic movements that emit periodic impulses. Therefore
this solution might be the basis for RUL solutions for otleemponents with periodic movements.
These movements result in characteristic frequencies, whichfaranstance available for rotors,
gears, and bearings.

In summary this solution answers RQusing anintermediate domairbased LSTM approach in
combinationwith the proposedransfer learning approactR@ asks for a new method thatan take
benefits ofa dataset of a different bearing type for a label&atget datasetthat is recorded with
sensors with low sampling rate& separate benchmark against other solutions is presentekiction
7.4 to validatethe effectiveness othis solution, which is alsquestionedin the requirements As
elaboratad in Section6.5, this solution might also be applicable to other componentthwotating
elements therefore, it might also be a solution for the general probletatement of Section6.1.
However, this assumption is based on theory only and will not be validated within this thesis.

In addition, this chaptedemonstrategossiblecombinatiors of different machine learning algorithsn
(convolutional layers anthe LSTM).This can be seen aspartial answer tdR@, whichaskshow

existing methods can be combined and optimized.
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7 Case Studies

7.1 Introduction

The previous three chapterbave presened two new predictive maintenance approaches and an
intermediate domain This chapter presents case studies to validham. First, theintermediate
domain ofChapter 4 and the classification approach @hapter5 are validated with an exploration
that compares different feature extraction methods and transfer learning loss funcased on this
exploration the stability of the intermediate domain parameters is also validatfierward, tre
classification approach is benchmarked against another siatee-art approach. Finally, the RUL
approach ofChapter6 is validated based on the wdhown|EEE PHM 2012 data challenge

In all three presented castudies,the proceduresare similar:

1 Source and target domain datasets are of different bearing types.

1 The datasets are split bearimgstance base@n a training test ratio of 70:30. This has been
done according to literature such §&88] and[189]. For the benchmark where a split ratio is
defined the ratio of the benchmark setup is used.

1 In the first step the neural networks are prgained with the source dataset. Afterward
transfer learning is performed with the target dataset or with both datasets (depending on the
case study).

1 The performance of thérained neural networks is measurday the accuracyin the case of

classification tasks artie PHM score in the case of RUL tasks.
7.2 ExplorationTransfer Learning f@earingd-ault Classification

7.2.1 Introduction

The evaluation of thentermediate domain ofChapter 4 and the domain adaptation framework
presentedin Chapter5 that is based orthe intermediate domain and LMMD jserformed forthree
different bearing vibration datasetg.irst, abrief description of thedatasetsis given inSection7.2.2
Afterward, theevaluation is presented iBection7.2.3 Finally, aconclusionis givenin Section7.2.4

The three case studied this evaluation hee already been published i research articl§l33].

7.2.2 Data Description

Two publicly availablelatasetsand one private dataset are used to validate the domain adaption
framework The publity availabledatasets were gathered frorthe CWRU and the University of
Paderborn, whiclmave already been describedSection3.3.2.2 Both contain data recorded on a test
stand.The fanend and driveendrecording position®f the data fromthe CWRU datasedre treated

separately because they had#ferent bearings.The dataset of the University of Paderboris only
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used as data for the source domain. Therefarely measurementsvith a speed ofL,500rpm are
used.

The lastused dataset isthe reatlife dataset of grinding spindlesprovided by Erwin Junker
Maschinenfabrik GmbH his dataset is also described3action3.3.2.2

7.2.3 Evaluation

7.2.3.1 Case Studies Setup

The datasetslescribed abovare used in three test cas¢éo evaluak the presented transfer learning
approach ofChapter5. To do sothree different combinations have been chos@eeTablel5). The

first combination uses the CWRU dataset only. The source and the target domaneasarements
from different locationawith different bearing types buhe same process condition¥he second uses

a source datasedf the University ofPaderborn and a target datasef the CWRUThis results in
different bearingypesas well as different process conditions between the source and target domains.
The last combination transfers knowledge from tbaiversity ofPaderborn dataset to a dataset of
grinding spindles-ere againdifferent bearing typesire used in both domainddowever, in contrast

to case study?, very different process conditions exist in the target domain, which are given in the

form of a variance of 10% to 90% of the maximum rotational speed of the spindle.

Tablel5: The different combinations of datasets used in each case study.

Case Study Source domain Target domain

1 CWRUWrive-end side CWRUan-end side
2 University of Paderborn CWRU

3 University of Paderborn Junker Spindle

Each test case is based on the same setup to make the results compdrabkatasets of each
domain (source and target domain) are split into 70% of training data and 30% of test data. This is
randomlycarried outfour times for each case study. The presented result is the average accuracy of
these four runsEach case study uses the three health conditiomger ring fault, outer ring fauland
healthy, whichmustbe classified. Ball faults are not used since they are not available in all datasets. In
addition, as described iBection3.2.4 according to the literature90% of all fault@re expected to
occurat the inner and outer ring Therefore the notconsideredall faultsarenot of great importance

in reallife. Theunderlying modebf the CNN isndependentof the used input preprocessing method

for the signal data. Three different preprocessing methods aplied to the sensor datathe
intermediate domairproposedin this thesisHHTand Stransform.Figure52 shows sample images of

the result foreachpreprocessing method.
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Figure52: The results of the transformation tife same0.2 second sample the frequency domain (FF{g), time-frequency
domain (HHTb), Stransforn(c)), and thenewintermediate domair(d).

The transfer task itself is always performed witG@ldN as described iSection5.4.2 That CNNsfirst
pre-trained with the source datasetAfterward a transfer learningaccording toSection5.4.3and
Section5.4.4is performed. The following setupf the transfer learning frameworls used for the
evaluation:
1 Theloss functions MMD, LMMD, MMMD, CORAland Wasserstein are uséadr the transfer
learningprocesqseeSection2.4.6).
 TKS @FNARIF Ot S LBadkkiak&rieBinmttion(see Eq(Qf) FOrSMMD and LMMDs
assigned as the median of the pairwise Euclidean distance olutipeits of thecorresponding
fully connected layes; as proposed bjramdas et al. [19@nd Sutherland et al. [191]
1 The MKMMD uses the' values 0.01, 0.1, 0.25, 0.5, 1.0, and. Z8is follows the use efby
Long et al. [84]

A 2 4 A ~

§ The tradeoff parametes< T2 NJ (G KS T dzf {_& ) &nd fieg/fdhCoorbdeted ldyar S NJ
2 _ ) aresetto 50.0This is based on an initial test of the followingalues 0.0,0.1, 1.0,
10.0, 50.0, 100.0 and@00.0.By using twoexemplarily setupsFigure53 showsthat the best
accuraciesare obtainedby _sin the range of 50. In order to indicate a general soluta®0

is used for all case studies.
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For each casstudy,two different settings for the training data of the target domaire used
1 Unsupervisedcenario Herg the training data of the target domain i00% unlabeledlata
Therefore,according toEg. (20) of Section5.4.3 only the domain adaptationapproachis
possible
1 Semisupervisedscenario The target training data isdivided into 20% labeled data for
supervised learningaind 80% unlabeled data for unsupervised learnifidpis split should
provide insight into how well this method can be used ineafld use cases, whelot of
data is ofterunlabeled(seeSections.1). Here the followingfour training procedureshat use
transfer learning approach 1 (TLA®mM Section.4.3and transfer learning approach 2 (TLA2)
from Section5.4.4are evaluated
0 Only unsupervised learningccording taeq.(20) (TLA).
0 Semisupervised learning with labeled target data and unlabeled target (fdtA).
0 Semisupervised learning with labeled source dabeled as well agnlabeled target
data(TLA).
o Only unsupervised learningccording toEq. (20), which isfollowed by a pure
supervised trainingTLA2.
The resultsfor both settingsare presented infable17 through Table22. The results refer to the
accuracy bthe classification of a specifiault type. Tablel6 briefly describeghe differentheadess of

the tablesin the semisupervised scenarj@s the tables of this scenario he more details.
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Tablel6: Here the different headergcenariogor the semisupervisedcenaricare explainedThe are based on only labeled
data (only source domaintarget, all target) and on transfer learning approaches udihgl (labeled data irthe source,

target, sourceand target domain) antransfer learning approachL/A with labeled data in both domains.

Type of
transfer Remarks
learning | Labeled data in
Only
source Source Only labeled surce dataisused for trainingtarget datais usedto
domain calculae the accuracy.
Pretrained nodellike conly source domaids [ | 6 St SR
unlabeled source data and unlabeled target data usedrforsfer
Source learning
Theunlabeled sourcelatais the same athe labeleddatabut
without labels
Pretrained nodellike donly source domaigy Eabeled and
unlabeled data ofhe targetdomainand unlabeled data of source
TLAL Target domain are usedor transfer learning
Theunlabeled sourcelatais the same athe labeleddata but
without labels
Pretrained nodellike donly sourcedomaind Eabeled and
unlabeled data of both domain(sourceandtarget) are used for
Source and )
target transfer learning _
Theunlabeled sourcelatais the same athe labeleddata but
without labels
Labeledsource
and unlabeled | Transfer learning witkransfer learning approac®. First
TLA2 . o . . ,
target, followed | unsupervised likén transfer learning approach dabeledsources
by labeled and then supervised with labeled target data anly
target
Here 20% of the training dataf the labeledtarget domaindatais
- Target usedfor supervisedraining.
The model is not prrained with any source data.
Here 70%o0f the training dateof the labeledtarget domaindatais
i Al target usedfor supervised trainingAs describeckarlier, he missing 309
of the availablgarget domain data isisedfor testing.
The model is not prrained with any source data.

7.2.3.2 CaseStudyl: Classification in the Same Test Environment

The different CWRU datasstare used assource and target domain datasets this case studyThe
CWRUWataset contains two parts thatre both created on the same test stand on differdatations
(fanend and driveend).Bothare recorded with the samieads andotationalspeed. The classification
process als@rofits from the fact thatd 2 (i K & A R Sa@ almostifidnti¢al, yirdthe faults are all

artificial with same size.
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1. UnsupervisedDnly Scenario

The test scenario with only unsupervised ddénonstrateghat an accuracy @5.4% can bechieved
without applyingdomain adaptatiorby only employingthe intermediate domainThisshowsthat the
intermediate domain is stable enough to be used these two different bearing typeswithout
modifications. In additionit shows thattransfer learningcan also be carried outbased on the
intermediate domain for the given use cadie accuracy can bmisedfurther, by using the LMMD
technique aswell aswith the MK-MMD and theclassicaMMD technique (LMMD 87.6%, MKMD
87.4%, MMD 86.4%). Anoth&ndingis thatwhen using onlyource domain data, the classical HHT
and Stransformapproaches caachieveaccuracies up t@8.34 This accuracy can be increased up to

82.5% with transfer learnind@-his iscaused byhe quite similarsource and target domains.

Table17: Accuracies of only unsupervised learni8gurce and target are differedatasetsof the Case Western Reserve
University- Best results achieved with the help of the intermediate doroambinedwith LMMD (876%)

Setup Only Domain adaptionwith aloss function
source LMMD (%) | MMD (%) Wasserstein | CORAL | MK-
domain (%) (%) MMD
(%) (%)
Intermediate | 85.4 87.6 86.4 50.2 80.7 87.4
Domain
HHT 68.4 - 65.5 42.5 68.8 65.3
Stransform 78.3 - 82.5 68.4 78.6 80.3

2. SemiSupervised Scenario

The second settingf casestudy 1 demonstrateghat employingthe intermediate domain without DA
produceghe most accuratgesults with an accuracy of 93.48henusing small, labeled datasef&his
indicates a negative transféor the transfer learning cas€seeSection2.4.2, which appears fothe
input of the intermediate domain as well as fibie input of the HHT. This might lmausedby the fact
that the faults in these laboratoryest casesare distinctive Becausdhe source and target dasets
are similarandrecordedusingthe same test setup, a model trained on the source datadeliveran
accuracy of 88.4% on the target datasathout the use oftransfer learningBy usinghe intermediate
domain, LMMD (91.4%) outperforms the othigansfer learningtechniques excepfor MK-MMD,
which has a slightly higher accuracy (92.6%Me transfer learning accuracyhistter when usinghe
intermediate domainthan when usingdther setups such as HHT andr&sform. Onlywith a large
amount oflabeled dataall threetechniquescanachieveaccuragesbetter than 92%.

However, thissettingis far from the realvorld scenarioin whichthe modelmaybe required to use a

target domainthat iscompletely differenttrom the source dataset.
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Table 18: Accuracies of sensupervised learningSource and target ardifferent datasetsof the Case Western Reserve
Universityg The lest resultsvere obtained usingnly target dataand the intermediate domain (93.4%0his is followed by
the intermediate domain andK-MMD (92.6%) and withMMD (91.4%)Accuracies better than 92% could be achieved for
all setups whemll target datais used atabeled data

Setup Transfer Only TLAZ Labeled data in: | TLA2 Targe | All
type source | Sourc | Targe | Sourc | Unsupervise | t (%) | targe
domai |e (%) |t(%) |e and|d source t (%)
n (%) target | followed by
(%) labeled
target (%)
Intermediat | LMMD 88.4 88.1 91.4 |90.3 90.0 934 |964
e Domain MMD 88.4 88.8 [90.8 |[89.2 |90.0 934 |96.4
Wasserstein 88.4 66.8 79.2 | 824 89.0 934 |96.4
CORAL 88.4 86.2 |90.8 |89.0 |89.3 934 |96.4
MK-MMD 88.4 87.4 |865 |[88.2 |92.6 934 |96.4
HHT MMD 72.0 68.4 |76.5 |80.9 70.4 68.1 | 92.3
Wasserstein| 72.0 669 |[61.2 |743 |67.3 68.1 | 92.3
CORAL 72.0 68.6 |71.3 |746 |69.2 68.1 |92.3
MK-MMD 72.0 69.4 |704 |725 |71.2 68.1 |92.3
Stransform | MMD 81.4 80.1 |745 |79.1 76.2 73.6 | 96.6
Wasserstein 81.4 66.1 |71.1 |743 |76.6 73.6 | 96.6
CORAL 81.4 76.2 |78.6 |[80.4 |76.4 73.6 | 96.6
MK-MMD 81.4 819 |[78.7 |829 76.3 73.6 | 96.6

3. Comparisorof Both Scenarios

In both scenarios, the best transfer learning accuracy is achiesiedthe intermediate domain and
LMMD (unsupervise87.6% and emi-supervised91.4%). For the unsupervised cas@s is the best
achievable accuracyHowever this is not the case fahe semisupervised case. Herasingonly the
labeledtargetdatases of the intermediate domaireaches théest resultswith an accuracy d33.4%

The results of the HHT and thér&nsform are similar for both scenarida.addition, the high accuracy

of the usage of only a pretrained network with labeled source data indicateghe one handthat

the intermediate domain is stable enough to be used on these two datasets without modifications.
However, o the other handit alsopointed out that the intermediate domain is capalé doinga

transfer learninduy itself.
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7.2.3.3 CaseStudy?2: Classificationf Different Test Environment
This case study employs two very distinct datasets. The Case Western Reserve University dataset is the
target dataset. The source is a datasétthe University of PaderborrBearings, rotational speed,

sampling frequency, and test environment differ between the two domains.

1. UnsupervisedDnly Scenario

It has been found that in this test scenario, the accuracy from ymingly unsupervised data with not
usingDA is only 47.5% with the intermediate domain. The accuracy is further reduced when HHT and
Stransform are usedThis can bexplained by the fact thah this scenarighe target datadiffersin a
number of factordrom the source dataHowever,utilizing DAin conjunction withLMMD and CORAL
enhanceghe accuracy to some exter this casegCORAI70.4%putperformsLMMD (63.2% Other

techniques and combinations do not achieve usable accuracy.

Table19: Accuracies of only unsupervised learniBgurce is datasetof University of Paderborn datasahd target isa
datasetof Case Western Reserve Universigly transfer learning with the intermediate domain and CORAL (70.4%) or LMMD
(63.2%) provides good resulhe accuracy of any other setting is considerably inferior to thaed®ORAL or LMMD settings.

Setup Only source| Domain adaptionwith a loss function
domain (%) | LMMD (%) MMD (%) | Wasserstein | GCORAL| MK-
(%) (%) MMD
(%)
Intermediate 47.5 63.2 41.1 41.3 70.4 33.7
Domain
HHT 0.0 - 0.0 335 18.5 0.0
Stransform 30.8 - 32.3 35.3 41.0 26.5

2. SemiSupervised Scenario

Because the target dataset differs from the source, using thenaiaed source network directly does

not produce satisfactory results. However, the intermediate domain yields the highest accuracy
(50.8%). LMMD surpasses the MMD and Wasserstein approaches in both proposed (iviodelsl

and Model 2. Theusageof the intermediate domairtiogetherwith the LMMDis thebestperforming
combinationfor the case 080% unlabeled datdt hasan accuracy of 89.4%.

It is also discovered that by using all of the target data as labeled data, the classification accuracy can
be improved to 96.2%ith the help of thentermediate domainThis can be increased when using the
Stransform to 98.8%, which is the best accuracy among all combinations of this test scenario.
However, when only 20% of the data is labeled, the intermediate domain significantly outperforms the

HHT and ®ansform.
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Table20: Accuracie®f semisupervised learningSource is University of Paderborn datasend targetis a Case Western
Reserve University datasefhe transfer learningpproachTLA2 with the intermediate domain and LMMD produces the
highest results (89.4%})heresultsof usingHHT and Sransformare always worse than the intermediate doma@xcept
when all data izonsideredas labeled dataHere the $ransform achieve88.8%.

Setup Transfer Only TLAL: Labeled data in: | TLAR Targe | All
type (%) source | Sourc | Targe | Sourc | Unsupervise | t (%) | targe
domai |e (%) |t(%) |e and|d source t (%)
n (%) target | followed by
(%) labeled
target (%)
Intermediat | LMMD 50.8 74.6 76.2 |84.0 89.4 88.2 |96.2
e Domain MMD 50.8 529 |62.4 |80.8 |88.0 88.2 | 96.2
Wasserstein 50.8 43.3 719 |68.7 86.8 88.2 |96.2
CORAL 50.8 644 | 757 |84.2 |87.1 88.2 | 96.2
MK-MMD 50.8 53.0 |80.5 |80.5 |69.7 88.2 |96.2
HHT MMD 0.0 0.0 52.3 | 41.2 71.5 75.0 | 89.9
Wasserstein| 0.0 17.2 |55.6 |50.8 |64.3 75.0 | 89.9
CORAL 0.0 235 |542 |515 |69.1 75.0 |89.9
MK-MMD 0.0 0.6 542 445 |72.0 75.0 |89.9
Stransform | MMD 35.2 153 |66.0 [61.3 |73.3 63.8 | 98.8
Wasserstein 35.2 33.2 |595 |63.0 |66.3 63.8 | 98.8
CORAL 35.2 338 |75.0 |68.6 |73.6 63.8 | 98.8
MK-MMD 35.2 19.8 |43.9 |65.9 74.1 63.8 | 98.8

3. Comparisorof Both Senarics

In both scenarios, the best accuracy can be reached with transfer leaanishghe intermediate
domain as input(70.4% for unsupervisedand 89.4% forsemi-supervised. For the unsupervised
scenarig CORAL as transfer loss function has the best restiité%), followed by LMMD6B.24). In
the semisupervised scenarj@MMD is again the best transfer loss functiaith an accuracy of 89.4%
Using images created with the HTT as inpatisto bad resultsn both scenariosBased on the best
resultsof this case study when using tidermediate domain, iis also shown that the intermediate
domain can be used with different bearing types withoutparameterization. In addition, its ability
to perform transfer learningis shown by the slightly improved accuracies compared dther
techniqueswhen notmaking a domain adaptatian

7.2.3.4 CaseStudy3: Classification with a Redlorld Example

The source domain of this readorld test scenario is the dataset the University of Paderborn's test
laboratory, which contains both simulated and genuine beafsgts. Thetarget domain data is
obtained from a grinding spindlevhere all faults are genuin&he datasetgliffer in terms ofsamge
frequency bearingstest environment (realvorld vs lab),androtational speed. Theotational speed
plays an important roléecause the target datasetas recorded withthree rotational speedsthat

variedup to 90%
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1. UnsupervisedDnly Scenario

The intermediate domain achieved the highest accuracy. Thel@®RAL performs best (66.2%),
followed by MKMMD (55.2%) and LMMD (53.6%rthermore, using the-8ansform as an input can
produce thehighest accuracwithout doing adomain adaptationNevertheless, the accuracy of all

combinations is too poor to be used in re@brld applications.

Table21: Accuracies of only unsupervised learniBgurce ia University of Paderborn datasatd targetisa spindle dataset

with differentrotational speedsThe intermediate domain in conjunction with CORAL yields thebastacy(66.2%) This is
followed by LMMD (53.6%Jhe Sransform produces the most accurate results without transfer learning, but the accuracy
is still insufficient.

Setup Only sourcel Domain adaption witha loss function
domain (%) LMMD (%) MMD (%) | Wasserstein | CORAL| MK-
(%) (%) MMD
(%)

Intermediate 38.3 53.6 48.5 35.1 66.2 55.2

Domain

HHT 36.2 - 33.6 50.4 35.3 33.0

Stransform 58.0 - 45.1 32.6 55.7 43.8

2. SemiSupervised Scenario

Table22: Accuracies of semsupervised learningsource ia University of Paderborn datasahd target isa spindle dataset
with differentrotational speedsThe intermediate domain and LMMD in conjunction with transfer learning (TTAfet)
provide the bestesults(87.7%). With the intermediate domain input, other loss functions @igeideencouraging results
for Model 2 but the results areworse thanthe ones ofLMMD. The intermediate domain consistently outperforms the S
transform, which in turn outperforms the HHT.

Setup Transfer Only | TLAL: Labeled data in: TLA Target | All
type source | Source| Target | Source| Unsupervise | (%) target
domai | (%) (%) and d source, (%)
n (%) target | followed by
(%) labeled
target (%)
Intermedia | LMMD 37.8 61.4 87.7 85.8 83.9 84.0 87.7
te Domain | MMD 37.8 52.2 58.7 73.2 81.0 84.0 87.7
Wasserstein 37.8 37.2 77.9 57.5 87.2 84.0 87.7
CORAL 37.8 63.5 76.5 85.2 86.5 84.0 87.7
MK-MMD 37.8 52.3 59.0 75.6 82.4 84.0 87.7
HHT MMD 354 36.0 52.4 56.2 65.0 51.7 71.4
Wasserstein 35.4 38.6 47.5 39.2 49.7 51.7 71.4
CORAL 35.4 41.0 56.6 58.1 57.7 51.7 71.4
MK-MMD 35.4 35.4 48.9 48.4 55.5 51.7 71.4
S MMD 59.4 53.3 56.1 58.6 60.6 51.2 70.2
transform | Wasserstein 59.4 38.9 67.6 52.7 61.1 51.2 70.2
CORAL 59.4 59.1 54.0 65.1 59.4 51.2 70.2
MK-MMD 59.4 46.9 56.8 51.7 57.8 51.2 70.2

In the semisupervised tesscenariq thehighestaccuraciesrereachedusing the intermediate domain
and LMMDin combinationwith a training process according #Id_A andby only usingadditional

labeled targetmeasurements Here an accuracy o87.7% can be reachedhisis a 20.1% higher
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accuracy thn the best accuracy without the intermediate domairt@sform with Wasserstein loss:
67.8%).The confusion matrix also reveals ththie 87.7% accuracig mainlybecausesome innerring
faults are detected as outaing faults. These twaircumstancesonfirm that this approach can be
appliedin realworld applications. This testcenaricalsodemonstrateghat by usinghe intermediate
domain an accuracy of 84.0% can h#ained by using onla small, labeleddatasetand with no
transfer learning Thisrepresentsan improvement of 32.3%A significant number of samples are
required to employ HHT and thetnsform. This isdemonstratedby an accuracyf around 50% on
a subset ofall samples and ammprovement to an accuracy arourtd%when using all samples as

labeled dataHowever, this accuracy is still lower than #hecuracies of thentermediate domain.

3. Comparisorof Both Scenarios

As in the twopreviouscase studiesthe intermediate domain reaches the highest accuracy in both
scenarig 66.2%unsupervised an@7.7%semi-supervised. HHT and &ansform have a much lower
accuracy 30.%6unsupervised an@é7.6%semisupervised) In additionthese accuracies areo low

for a realworld implementation.This demonstrates again that the intermediate domain can be used
on different bearing types withouteparameterization Among thetwo setups, the Sransform
outperforms the HHT in both scenariddsing LMMD and CORAL as transfer functions result in the best
results.However, of all the use cas#sthis case studythe only onewith a suitable accuracy faeak

life use with small datasets is the semipervised use caswhich uses aintermediate domain and
LMMD.

7.2.4 Conclusion

The evaluationwhich has beerperformed with the help of three case studieshows that the
presented intermediate domain and the LMMD are effective tfg execution oftransfer learning
tasks. In particular, the hybrid approachbased onthe intermediate domainleads to strong
improvemens compared topure data-driven approachkslike HTT and-8ansform.When only a small
subset of the target domain daia used, bhe intermediate domaimesults are the most accurate in all
three test cases for supervised learnings well as for transfer learninBased on these three different
use cases, it igerifiedthat the intermediate domain is stable enough to be used for different bearing
types without any reparameterizatiom addition, when usinghodels trained wittthe source domain
datasetonly, the resultsare also the besih most casesindicating its supportive influence on transfer
learning This verifies the effectiveness of the intermediate domain amdbisequentiyan answer for
RQ3whichasks for the characteristics of an intermediate domain that is stable enough to be used on
different bearing types without changing the intermediate domain parametrizatiomaking big

changedo a subsequent machine learning model
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Neither of thepresented training modelfor the semisupervised scenaris superior to the other.
Compared to thearaditional MMD and Wasserstein method$ie accuracy can be improved by using
the LMMD loss functiorin addition, LMMD outperform€ORAL and MKMMD in most of the cases

An exception aréwo unsupervised learningaseswhere CORAbutperforms LMMD. Nevertheless,
evenby usingheseimprovedmethods,pureunsupervised training is natways feasibldn case study

1, where target and source domains a@mparable, it may be a choice, libe results arénsufficient

for usein realworld scenariosThe case studies alshow that transfer learningmay not always
produce optimal resultsSometimes a negative transfeccurs and retraining with only a small
amount of target data catead to more accurateesults. As described iBection2.4.2 this can be
traced back tawo facts. First, imight happerwhensamples fronthe target domain are similar and
distinctive asin the case of artificial defects in the Case Western Reserve University dataset, where
for instance all faults have the same size. Second, at least the first convolutional layerfearéixed

in the case of transfer learning may berequiredto retrain more than the laskayersif the source
andtargetdomains aréhighly dissimilarHowever, in thejivenuse caseghis is not the case

Case Study 2 demonstrates that using the intermediate domain and LMMD together improves
accuracy byaround 15% in comparison afsing conventional sersiupervised learning techniques.
However, in the realorld scenario (case study 3), where many different aspects, such as various
rotational speedsnd noise are present in the target domain, it is possible to see the true potential of
the suggested approach. The intermediate domain in conjunction with LMMD yields the most accurate
results (accuracy of 87.7%)onsideringheseaspecs, it can becontemplatedthat the results are good
enough forthe usagein realworld predictive maintenancepplications especially wherthe target
domain is based on datasets with different rotational speeds

To sunmarize this exploration also verifies the classification approactCudpter 5, which is the
answer for RQz1hat asks fora new classification method, which can take benefits of a dataset of a
different bearing type for a partly labeled target dataset that is collected under different process

conditions
7.3 Benchmark: Transfer Learning for BeaFaglt Classification

7.3.1 Introduction

This section benchmarls the domain adaptation classification framework presentedChapter5
againstthe research work o€heng et al. [83]t is important to mention that the presented approach

is intended to be a general approach for different bearing types. Therefore, the classification
framework has not been adapted in any way. This is true for the parameters of the intermediate

domain and the CNN.
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As a first stepthis sectionexplaingthe researchof Cheng et alandits setup in detail. This is followed
by a comparison of the resslto the onesof the approachpresentedhere. Finally a conclusionis

presented based on the results

7.3.2 BenchmarlDescription

Theresearch ofCheng et al. [83lises the datasets of the CWRU fare datadriven unsupervised
transfer learningTheauthorsinvestigated different transfelearning scenarios with these datasets.
One scenario is similar to the case stymgsentedin Section7.2.3.2 where the domain adaption is
applied between the differenbut similarbearingsof the fanend and the driveend side In addition,
both datasets contain samples of the same process condit®sslescribed iSection3.3.2.5 there

is no other researcthat is appropriatdor a direct benchmarkT he researchof Cheng et alvas chosen
asa benchmarkbecauseli 2 (G KS o0Sad 2F GKS |[dzZikK2NRa 1y2¢fSR3
approach between different bearing types that uses the pljpigailable CWUR datasef®his makes
it possible to make a direttenchmark

The transfer learningf their research workas the following setup:

1 Two transfer learning tasks: The first is to transfer knowledge trmtbearings of the drive
end side to the farend side and the second is to transfer frothe fan-end side tathe drive-
end side.

1 Each transfer task hdeur health conditions: inner ring fault, outer ring fault, ball fault, and
normal

1 The exact split between training and test samples is unknown.

9 In addition it is also unknown if the split is bearing instandeased or sampldased. This
means thait is unknownwhether samplesf aparticularbearing instance are included in the
test, training, orboth datasets.

9 Fivedifferent test scenarios were run for, 0 iterations each. The best accuracy for each
scenariohas been chosen. Based on tresultingfive accuraciesthe average and the 95%
confidential interval of the classification accuracy were calculated to rate a specific transfer
learning approach.

Thissetup is usedor six different transfer learningpproaches Some are classical machine learning
approaches based om&VM and others are deep learning approaches based on a@ifttunately,
their research doesiot present all used parameters, and tlethors did not respond to contact
requests.However,the missing parameters are not imgant for establishinga direct benchmark
based on the resulting accuracibstween the poposed approach and the work of Cheng etAal.

detailed description ofhe I dzii Kappidadiess given below
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7.3.2.1 SVM
Cheng et alused three different transfer learning approaches base@on8VM. The detailed setup of
these approachesiunknown.Thetransfer functions arepecified as follow
o Transfer component analysis (TCA): This approachTS&® bring the source and
the target domain close together. The TCA algorithm is based on an extended version
of MMD.
o JDA: As described 8ection3.3.2.4in brief, JDA is also an extension of the MMD. It is
a sum of the classical MMD and BIMD, which is calculatedith the conditional
distribution of each category asinput.
0 CORAL: This method is described in det&leiction2.4.6.5

7.3.2.2 CNN

The research o€heng et al.is not onlyfocusedon traditional machine learning but alsm deep
learning techniquesThey presented two transfer learning approachieat are based on a CNNhe
CNN uses the raw vibration dates input For this reason, 1D convolutional and pooling layers are
used. The detailedrchitecturewith all used layers and their parameteythe CNN ishown inTable

23.

Table23: This table shows the detailed architectwigh all used layers and their parametarsthe CNN used by Cheng et al.
Each layer of the CNN is listed with its tyfiee output shape of each layérone has to be replaced with the number of images
that are used in a batchnd is therefore dependéen the training parameter batch sigandthe used activation functions.
Unfortunately, the exact size of the input and of the layers is not mentioned in the paper.

Layer Type Output Shape Activation
0 InputLayer (None, [Unknown], 1)

1 ConviD (None, [Unknown], 8) RelLu

2 MaxPoolinglD | (None, [Unknown], 8)

3 ConviD (None, [Unknown], 16) | Relu

4 MaxPoolinglD | (None, [Unknown], 16)

5 Dense (FC1) | (None, 128) RelLu

6 Densg(FC?2) (None, 4) Softmax

In their researchCheng et alused the following thre€NNbasedapproachego classify the bearings
in the target domain
1 CNN: Hergno transfer learning is used. The network is-naned with the source domain
and is directlyestedwith the target domain data
1 Domain adaption network (DAN): This method is similar to the one present8dation5.4
and used irBection7.2.3 whereinthe CNN is prérained withthe source dataset. Afterward
the weights and biases of the convolutional layers are frpaed only the dense layers are
trained during transfer learning. Herthey used MKMMD on the output of the first dense

layer (Layer 5o adapt the two domains.
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7.3. Benchmark: Transfer Learning for Bearing Fault Classification

1 Wasserstein Distance based Deep Transfer Leariy{TL: This is the nové} presented
in the paper ofCheng et alThe difference between the DAN and the WL is that it uses
the Wasserstein distance to accomplish the transfer learning betvtleesource and target

domain.

7.3.3 Benchmark
In order to compare theclassification approacpresentedin this thesis with thework presented
above a setup withthe followingspecifications for the unknown parametersdizeen used
1 The dataset has been splitin70% training data and 30% test data, as in the case studies in
Section?.2, since the split ratiérom [83] is not known.
1 Theassignment of the different bearings the training and test dataset is also not known.
Therefore, five random assignmerio training and test data have been chosé@he average
of the resultsas well as the 95% confidential interval of the classification accinagoy been
calculated.
Thisbenchmarkhas been done for the faand side ashe source domain and the drivend side as

the target domain and vice versa. The results of both transfer learning éaslisted inTable24.

Table24: The resulting accuraciestbi transfer learning taskfrom driveend bearing data to farend bearing data and vice
versa. For eacHirection,five different assemblies of the data were usétaddition, theaverageand the 95% confidential
interval of the five runarelisted.The runs are ordered according to the LMMD accuracy.

Transfer Task | Run Intermediate | LMMD accuracy| Average Average LMMD
domain (%) intermediate (%)
direct domain direct
accuracy(%) (%)
DriveEnd ->| 1 60.66 73.82 58.22 (+ 2.51) | 61.37 (+ 6.55)
FanEnd 2 60.69 62.78
3 59.47 58.03
4 55.39 56.18
5 54.87 56.05
FanEnd > |1 69.94 78.70 67.76 (£ 3.19) | 72.34 (+ 3.96)
DriveEnd 2 70.44 73.43
3 65.78 72.31
4 70.37 71.09
5 62.25 66.15

The accuracy of the transfer task from fand to driveend is about 10% better thain the opposite
direction. When considering the confusion matr{gee Appendix A.4), it can be seen that for all
transfers fromdrive-end to fanend, the classification accuracy for bearingsai normalconditionis
bad.In one caseno samplewasclassified correctly (seeigure54a). By contrast,the accuracyf the
normalconditionfor the transfer from thefan-end tothe drive-end side is much bettefnfour out of
five runs, all bearingsn normal conditiorwere classified correctly (see algppendixA.4). Figure54b

shows an examplerhere every bearing in the normabnditionwasclassified correctly.
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Confusion matrix

Confusion matrix
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Figure54: Examples showing theonfusionmatricesof the third runfor both transfer learning direction3 he third run is
only used to show a confusion matrix of a random result. All other confusion matrices are illustr/gbeemndixA.4. a)
shows the confusion matrix for drbemd to farend with an accuracy of 58.03% and b) shows the confusion matrix
fan-end to driveend with a total accuracy of 72.13%.

Table25 presentsa comparisorbetweenthe resultsof the two transfer tasksarried out inthis thesis
andthe research oCheng et alThe displayed accuraciekearlyindicatethat for the case of theure
data-driven CNN modelithout transfer learningthe use of the CNN modeldeveloped inSection
5.4.2 together with the intermediate domainf Chapter 4, is superior(average accuracy of 62.99%)
to the model ofthe research papefaverage accuracy of 39.518y @mbining this approach with the
LMMDIloss function for transfer learningn even higher accuracy is reachEdr the transfer learning
from the fan-end sideto the drive-end side the best accuracy (72.34%) is reaché@de seconebest
accuracy is reached for the transfer learning from the dewd side to the fanend side LMMD

achieves the best average accuracy (66.88%)oth transfer directions

Table25: Results of transfer learning with an intermediate domain and LMMD compared to the resGhemg et alThe
overall best resulis achieved witlthe LMMD transfer functiomnd the proposed intermediate domaiwith an accuracy of
66.85%

Author Transfer Approach | DriveEnd ->| FanEnd-> Drive | Average
FanEnd End

Cheng et all TCA 19.05 20.45 19.75

[83] JDA 57.35 (£ 0.47) | 66.34 (+ 4.47) 61.85 (+ 2.47)
CORAL 47.97 39.87 43.92
CNN 39.07 (£ 2.22) | 39.95 (+ 3.84) 39.51 (+ 3.03)
DAN 56.89 (£ 2.73) | 55.97 (+ 3.17) 56.43 (¥2.95)
WD-DTL 64.17 (£ 7.16) | 64.24 (+ 3.87) 64.20 (£ 5.52)

This thesis Intermediate domain | 58.22 (+ 2.51) | 67.76 (x 3.19) 62.99 (+ 2.85)
LMMD 61.37 (£ 6.55) | 72.34 (= 3.96) 66.85 (+ 5.26)

7.3.4 Conclusion

Thebestaverageaccurag of 66.85% for the transfer task from famd to driveend and vice versa is
achieved with the proposed intermediate domain combined with transfer learning by means of LMMD.
Thisisbetter than thebestaccuracies o€heng et alvho achieved an accuracy of 64.2@86the same

task It is alsoremarkablethat when using the intermediate domain directly without atransfer
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7.3. Benchmark: Transfer Learning for Bearing Fault Classification

learningan average accuracy of 62.99% is reached. This accurabg campared to the accuracy of
39.51% othe CNNn Cheng et akinceneither setuputilizestransfer learning. In addition, for the task
of knowledge transfefrom fanend to driveend, the intermediate domairwithout any used target
data for traininghas even better accuracieghan all approachesn the paperby Cheng et alTo
sunmmarize the intermediate domainas well as transfer learning with the loss function LMi@,
superior to the techniques presented Bheng et allt should be mentioned that the benchmanked
datasets in the source and target domain witle same process conditions and similar beatinges
This leads to the fact thahe selected approach cannot show its full strength, which could lead to a
higher accuracy differencas can be seen iSections7.2.3.3and 7.2.3.4 where different process
conditions and bearing types are uséd each domain In addition, no optimizations of the
classification framework for the given use case have loagried out

Unfortunately, it has been shown that when LMMD is used for transfer learriadransfer task from
drive-end to fanend does not classify nhormal bearings correctly. Simagral networksbehavelike
oblack boxe§[192] and Cheng et aldid not publish any confusion matasand also did not release
them upon requestit isunknownwhether this is a problem based on the dataset or tieehnology
used

To sunmarize this benchmark hashownthat the transfer learning approagtresentedin Chapter5
delivers better accuracies than tiearrentresearch of Cheng et.dlhisbenchmarkwas achievednder
the same conditions, so the results are directly compardbleddition to the exploration othapter
7.2, this benchmarlkalsoanswes RQ1 whichrequires a solution fothe classification of the bearing

health of different bearing typebased orpartly labeled target datasets
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7.4 BenchmarkTransfer Learning fé&emaining Useful Lit# Bearings

7.4.1 Introduction

This section presents abenchmarkbasedon the IEEE PHM 2012 data challerige the transfer
learningbasedRUL approach dihapter 6. This challenge took place in 2012 and was hostethé
IEEE Reliability Society and the FEMsTQOnstitute. The focus was tme estimation of the RUL of
bearings.Participation was open to both professional (industry) aadentific(university) attendees
[178]. To the author's knowledgehere iscurrently no betteror more widely used benchmark and
reference dataset availableHowever, the only twaecent transfer learning approachetargeting
different bearing typedy Xia et al. [L58and Huang et al. [159%0 not use this benchmark. Each of
them usests own benchmark, whiclsnot explained in detail. Therefore, itimpossible to benchmark
the presented RUL approach against their approaches.

Thissectionis divided into benchmark description, benchmaxecution detailedbenchmarkanalysis
and a conclusioriThedetailedbenchmarkanalysisexamineghe influence of the constrairdescribed
in Section6.3on particular datasets. This constraistthat the intermediate domain is only capalole
analyzingbearings that are at least at degradation stage Bhe usage of thidetailed benchmark
analysigsin contrast to thestructure of thetwo case studies for the classification taSle¢tion7.2
and Section7.3). They do nbneed thissectionbecause the classification approach does ima¢eany
constraints.

Large parts oSection7.4.3and 7.4.4 of this benchmarkhave already been publishéd a research

article by the author[112].

7.4.2 Benchmark Description

This benchmark was designed to estimate the RUL of bearings. For this purpose, thesaditdmet
FEMTGETinstitute, which wasalready presented iection3.3.3.2 was usedBecause thse datases

are based on accelerators with maximumsampling frequency of 25.6 kHzmay be possible that
other approacheghat usethe entire available frequency spectrum provide better results than the
proposed approachwhich is optimized for frequencies up tdkBlz According to lhe given benchmark
setup of the challengghe datasetsvere assignednto training and test dataas shown irmable26. In
addition, adifferent number of measurements were removiEdm the endof the test datasets so that
eachtest datasethad a different RULFinally, he solutions of the different attendees of the challenge

were evaluated according to tHeHMscore inAppendixA.5.1
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Table26: Assignment of the different datasets to test aramining data

Datasets Operating Conditions

1,800 rpm; 4000 N load| 1,650 rpm; 4200 N load | 1,500rpm; 5,000 N load
Learning set Bearingl_1 Bearing2_1 Bearing3_1

Bearingl 2 Bearing2_2 Bearing3_2
Test set Bearingl 3 Bearing2_3 Bearing3_3

Bearingl 4 Bearing2_4

Bearingl 5 Bearing2 5

Bearingl 6 Bearing2_6

Bearingl 7 Bearing2_7

7.4.3 BenchmarkExecution

This benchmark wasun under the identical settings as in the IEEE PHM 2012 Data Challenge.
Additionally, as described in Sectiém.4, the RUL network was piteained with the driveend
datasetof Case Western Reserve UnivergaggeSection3.3.2.9. The pretrained network was then
trained using theeparameters:

9 Data usage: The input data was formatted accordimthe settingsproposedin Chapter 6,
whichincludea total input sizef 85 measurementé = 85 where every second measurement
(s = 2 was skipped during the input preparation.

1 Intermediate domain: Therotational speedcombinedwith the used bearingesults in the
following characteristic fault frequencieGage fault: 13Hz ball fault: 108Hz outer ring fault:
168Hz,and inner ring fault: 22Hz. The intermediate domain uses follarmonics, which
resultsin atotal maximumusedfrequency of 8884z for the inner ring faultAs defined in
Section6.1, onerequirementis to hawe a solutionthat can be used in use cases witlrrent
industrial triaxial accelerometers which have a sampling rate of about,®0Hz. This
requirement is fulfilled by having a maximum used fault frequency of-888

9 Training settings:

0 Batch sizeFor the training, a batch size of 120 was employed. Due to the limits of the
hardwarebeing used, a bigger batch size could not be employed.

0 Learning rate: Aearning rate of 0.000&asused,asproposed irthe literature[133].

0 Optimizer:During training, an Adam optimizer with the mean squared error (MSE) loss
function was employedThisis basedn the recommendation ot.iu et al. [179fhat
MSE is the mostensitive loss function faneasurement erroramong allcommon
loss functions

o Training epochs: 300 epochs were used for the traingigce nobetter results are

reachedin the result of the loss function afterward
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The results of this evaluation are presentegingthe relativeerror (Er), its mean, anthe PHMscoring
algorithm (seeAppendixA.5.1) in Table27. In addition, he results d Sturisno et al. [155facademic
challengewinner), Porotsky and Bluvband [198hdustrial challengavinner), Zheng [194)current
research)andZhang et al. [L574re alsopresented The approach aZhang et alis currentlythe best
in terms ofmean relative erromnd PHM score. In addition, they compared thapproach to other
recentapproaches, which haBHM score from 0.26to 0.62. A recent approachby Xu et al. [195]
achievedascore of 0.84However sinceit is not peerreviewed, it is not considered in thisesis Each
of the aforementioned research used purely dalidven approaches without the usage of physical

parameters.

Table27: The relative error (Er), its mean, and the score of the different RUL appraaaesvn in this tableSturisno et al.

and Porotsky and Bluvbarare thewinnersof the IEEE PHM 2012 Data Challenge. They have scores of 0.3066 aAd 0.28.
example for a current approach4seng with a score of 0.299Phe best current approach Eyang et alhasa score of 0.64.
The proposed RUL approach has a score of 0.35, wépchsents a value approximately in the averag®wever, the
approach is the worst when considering the mean of the Er due to two outliers (bearing 1_6 and bearinghzsg) two
bearingswere ignored, the presented approach would be good in this area as well.

Bearing Sutrisno et| Porotsky | Zheng (%) | Zhang | Proposed RUL Proposed
al. (%) and et al. | Framework RUL
Bluvband (%) (%) Framework
(%) without
16 and
2_5 (%)
Bearing1 3 | 97 N/A 92.44 2.27 29.27 29.27
Bearing1 4 | 80 N/A 100 5.6 -78.35 -78.35
Bearingl 5 |9 N/A 20.43 12.42 | -159.24 -159.24
Bearing1 6 |5 N/A 7.76 1096 NG VA
Bearing1 7 | -2 N/A 82.29 -22.46 | 35.37 35.37
Bearing2 3 | 64 N/A 82.93 0.99 -0.7 -0.7
Bearing2_4 | 10 N/A 3.22 5.76 -124.18 -124.18
Bearing 2_5 | -440 N/A 58.77 25.80 OIS A |
Bearing2 6 | 49 N/A 5.63 -10.85 | 8.16 8.16
Bearing2 7 | -317 N/A -121.94 1.72 12.13 12.13
Bearing3_3 | 90 N/A -54.38 -3.66 | -0.96 -0.96
Mean 105.73 N/A 57.25 707.42 40.76
Score 0.3066 0.28 0.2992 0.35 043

The PHM scorés the used metric fothe IEEE PHM 2012 Data Challengee proposed approach
surpasses théwo competitionwinnersand many otheapproachessuch aZheng [194]when using
this metric However when usingthe relative error the results of thesuggestedapproachare the
worst. As shown in Table28, the mean relative erroof 707.42%results fromtwo outliers with a
relative error 0f-6413.71% (bearing 1_6) an#l19.58% (bearing 2_5)Vithout the two outliers the
benchmark results in mean relative erroof 40.76% Thissagaina good result. It isonspicuoushat

Sturisno et al, also havdahe highestrelative errorfor bearing dataset 2_5.
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The twooutliers of the proposedapproach (bearing 1_6 and bearing 2_5) have a negdaivé
negativeErmeansa too large, estimated RUkeeEqd.(29)). A possible reason for this could be that
the behavior of those two test datasets is not covered by the trained network, which cidre besult

of the only few training datasetsThiscould lead to a trained network that is not general enough
Therefore the degradation characteristics of these two datagst®t covered by the trained network.
The complete datasets of these two bearings were added to the training data to validaté thimed
out that this did not result imnyimprovementsaswould have been expectednother possibility for
this could bethe limitation of the used approach mentionéal Section6.3, where the bearing has to

be at least at degradation stage Bhis assumption will be examined in the following subchapter.

Table28: Detailed summary of the results for the proposed RUL framework. Here, the nominal as well as the estimated RUL
are shownThese two values are used to calculate iblativeerror Er. Er is then used to calculate A. The sum of all As is the
calculated PHM score. For a detailed explanation of the calculation, see Appendix

Bearing Nominal RUL (s] Estimated RUL (s| Er(%) A

Bearingl_3 5730.0 4052.6 29.27 0.36
Bearingl_4 2890.0 5154.4 -78.35 0.00
Bearingl_5 1610.0 4173.8 -159.24 0.00
Bearingl_6 1460.0 95100.2 -6413.71 0.00
Bearingl_7 7570.0 4892.6 35.37 0.29
Bearing2_3 7530.0 7582.6 -0.70 0.91
Bearing?2_4 1390.0 3116.2 -124.18 0.00
Bearing2_5 3090.0 31504.9 -919.58 0.00
Bearing2_6 1290.0 1184.7 8.16 0.75
Bearing2_7 580.0 509.6 12.13 0.66
Bearing3_3 820.0 827.8 -0.96 0.88

Mean 70742 | PHM score: 0.35

Except for theaforementioned outliers, here is a good matching between nominal and estimated RUL
for all other bearingsThe relative error of bearing 2_3 and 3_3 is even less thamlidéxcellenttest
result of the two test cases cannot be due to sinifjasince bearing 2_Bas a very high nominal RUL
(75300 s) and bearing 3_Rasa very lowRUL(820.0s).Howevermost other test casealso have good
results with a relative error in the lower twaligit range.

There are alsaecent approachesge.g., Zhang et al. [157]that have superior resultsto the one
LINSASYGSR® ¢2 (KS oS atle inpuFofall Kiggriot agpiiokichddie featuleyad® 6 f SR I S
the time-frequency domai. Unlikethe suggestedapproach that uses frequenciesf less than 000

Hz, the utilize the entire frequency range of the datasess input. This frequency rangtendsto
12,800 Hz.

Another outcome of this benchmark iseghnfluenceof different process conditions.sAdescribed in
Section3.3.3.2 the datasets have slightly different process conditidhat vary from 1800pm
combined witha load of 400N for the datasetdearing 1.nto 1500rpm combined witha load of

5000N for bearing 3 n. Since the results are very similar regardlesshef process conditions the
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current sample belongs to, it can be assumed thataffiliations are not relevantThis is true for the
proposed approach as well as for the other approaches ttaiterature. In additionthe two outlier

datasetsalso belongo different process conditions.
7.4.4 DetailedBenchmarkAnalygs

7.4.4.1 Introduction

Thebenchmark execution revealed that the estimated RUL of nes$tdatasets is more accurate than

that of other current solutions. Unfortunatehthe estimated RUL is wrong for two datasets (bearing

1 6 and bearing 2_5Thischapteranalyzeshese datasetin detail. For this purposdirst, an analysis

of a reference dataset (bearing 1_i4)given Afterward the datasets of bearing 1_6 and bearing 2_5
are analyzedFinally a conclusiorsummarizes the findings

7.4.4.2 Analysis of Bearing 1 4

This dataset was chosen to study the expected behavior during degradation. The total length of this
dataset is 14880 seconds, and a lifetime of ,B80 seconds was defined as the test positidhe
datasetis examined in the time ral time-frequency domainto obtain an overall picture of the

degradation process
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Figure55: The sensor values of bearing dataset 1_4 over time: Figure a) shows the maximum acceleration value of the
horizontal and vertical accelera®of each measurement record. In addition, the test position is marked. Figure b) shows the
values of the horizontal sensor in the tiftequency domain. For this purpose, an FFT was performed for the measured values
every 500 seconds. Both figures showremeased amplitude of the fault frequencies at the end of the lifefirh2].

Figure55 shows the measured acceleration values over time. The time domain plot in a) shows the
maximum measured value per recofgloth accelerometers show increased accelerations at the test
position. In addition, the accelerationseveala rising tendencyuntil the end of the lifetime Trese
characteristis match thosein the timefrequency domairmas well which is shown ib). Figure55
indicatesthat the bearing is already in degradation stage 3 at the test posifibis can be seen from

the alreadyincreased acceleration value as well as through the amplitude of the characteristic fault
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frequencies in the timdrequency domain.Therefore, the presentedntermediate domairbased

approach is welbuited to estimaingthe RUL for this dataset.
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Figure56: The amplitude ofhe entirefrequeny range(up to 12800 Hz) of the horizontal accelerometer of bearing dataset
1 4 over timeAdditionally,to the fault frequenciesamplitudes of other frequenciessariseat the end of theébearing life

The 3D plotpresentedin Figure56 showsthat at the end of the bearing lifetimenot only the
characteristic fault frequencieandits harmonics have an increased amplituelgen before thdault

frequencies appear, there asmplitudes with an increasing trend on other frequenciésese ar¢he

frequencyareasfrom 1000Hzto 6000Hz androm 10,000Hz t012,000Hz.
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7.4.4.3 Analysis oBearing 2_5
The benchmarkesultof bearing 2_5sa relative error ofer=-919.58 %at the test positionwhich is

after a lifetime of 20020 seconds.
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Figure57: The sensor values of bearing dataset 2_5 over time: Figure a) shewsaximum acceleration value of the
horizontal and verticadcceleratos of each measurement record. In addition, the test position is marked. Figure b) shows the
values of the horizontal sensor in the tiftequency domain. For this purpose, an FFT was performed for the measured values
every 500 second8) and b)Ydo notshowa special characteristiat the test position, which is after ZI20 seconddgrigurea)
showsan increased measured value at the end of the lifetirigureb) also showslightly increagd amplitudes towards the
end[112].

As shown irFigure57, this dataset does not have any signsaalegradationof stage 3at the test
position. Only towards the end of the RUL an expected increase of the acceleration values can be seen
for both sensors in the time domain. Howevenly moderateincreased amplitudes are recognizable
at the characteristic frequenciesnd their harmonics.This can be a result af distributed fault.As
explained inSection3.2.4, adistributed faultis a fault that affects thentire bearing andcan for
instance occur due to a lack of lubrication. Such an error does not necessarilyldrgedy increased
fault frequencies.

The plot of theentire frequency range irrigure58 is consistent witH-igure57. There arealso only
moderate changesin the amplitudes below D00Hz. Significantchangesn the amplitude are only
visible at higher frequency ranges such @0 Hz,6,000Hz and12,000Hz.At the test position itself,
the values of the frequency range aroun@®Q0Hz are just starting to increasas already seen for
bearing 1_4,hese frequency ranges have an increasing trend towards the end bktréng lifetime,
which leads to the assumption that these amatural frequencies of the bearing components

describedm Section3.2.4
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Figure58: This plot showshe amplitude othe entirefrequeny range(up to 12800 Hz) of the horizontal accelerometer of

bearing dataset 2_5 over tim&here idardly any increased amplitude at frequencies lower th@A Hz Thisis the area of
the characteristic fault frequencies. However, the frequency ranges000 Hz, @00 Hz and 12000 Hzhaveincreased

amplitudesat the end of the RUL.
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7.4.4.4 Analysis oBearingl_6
The benchmarkesultof bearing 1_6 is relative error oEr=-6413.71 %at the test position, which is

after a lifetime of 2320 seconds.
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Figure59: The sensor values of bearing dataset 1_6 over time: Figure a) shewsaximum acceleration value of the
horizontal and vertical accelerawof each measurement record. In addition, the test position is marked. Figure b) shows the
values of the horizontal sensor in the thftequency domain. For this purpose,lBFT was performed for the measured values
every 500 second$) and b)Ydo notshowa special characteristiat the test positiorafter 23020 seconds. As can be seen in

a) and b), there are increased measured values before and after the test position but not at the test position. In addition,
high degree of scattering of the measured values is recognigei¢

Figure59 illustratesthat, aswith bearing 2_5, there are nsigrs of a monotoric degradation at the
test position Nedther in the characteristic frequencies in the tiAffrequency domaimor in the time
domain

It is worthto note that the measurementevealsa few short-duration high peaksrom unknown
sourcejust before the testposition In contrast to bearing 1_4 and bearing 2_5, theralso an

additional strong scattering of thaccelerationghroughoutthe bearing2 l&etime.
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Figure60: The amplituds of the entirefrequeng range(up to 12800Hz) of the horizontal accelerometer of bearing dataset
1_6 over timeThis plot showkardly any increasm the amplitude of the fault frequencies. Howe\aan,increased amplitude
of the frequency ranges ofd00Hz, 6000Hz, and 1D00Hzis recognizabléowards the end.

As already seen in the anabg of the other twabearings Figure60 againshowsthat the supposed
natural frequencies afrequency ranges arountilO00Hz, 6000Hz and 12000Hzhave an increasing
trend. At the test position itself, all three frequency ranges are alreexiyited. The noise over the
entire frequency range, which hatready beerseen inFigure59, is also evident here.

7.4.4.5 Assessment of the Analys

The analysis of the reference dataset (bearing 1_4) shows aaugaas expected. The bearing has
constant acceleration values up to the point when the degradation starts. From that point on, the
measured acceleration values increase over time. This behavior is visible in the time domairaas well
in the frequency domain in the range of the characteristic fault frequencies. In addition, the test
position is inside the degradation are&the characteristic fault frequenci¢degradation stage 3)

This is differenfrom the measurements of the two outlier datasets. Here, in both cates test
positionshowsneither increasedacceleation values in the time domain nor increased amplitudés

the fault frequenciesHowever, there are increased amplitudes in specific frequency ranges such as
1,000Hz and @00Hz. Since lathree examined bearingsave an increasing trend of amplitudeis
these rangegowards the end of thi lifetime, this strongly indicatethat thesefrequenciesare the
natural frequenciesof the bearing components. Therefore, the test positions of the two outlier
datasets are in degradation stagea&her thandegradation stage 3.

This analysis confirms the constraints giveSéctions.3that the degradation process must be at least

in degradationstage 3 As can be seen in the three analyses abde, amplitudes of the fault
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frequenciesare almost identicalor every position before the beginningf this stage. Therefore, the
LSTM can onlgeterminethe RULvaluebased onthe absoluteamplitude and not their correlation
However, a can be seemm the analyses abovéhe amplitudesbefore thebeginning ofdegradation
stage Adiffer from bearing to bearing evehough they ardn a healthy condition. Therefore, it can be
assumed that the neural network, which does not have any informaticthe current lifetime, cannot
differentiate between the individual positioris degradation stage.Z herefore, i is only possible to
determine the RUL if a degradation in the lwquency range of the characteristic fault frequencies

(degradation stage 3% already taking place.

7.4.5 Conclusion

The performed benchmark has shovwecellent resuk by usingthe presented RUL approacim
combination with transfer learning by using only knequency featuresFor transfer learning, a
datasetof a completely different bearing can even be usédeachievedresults are evesuperiorto
the winnersof the IEEE PHM 2012 Data Challerdyece theintroduced approachis not usng any
frequencies abov800 Hz this isparticularly noteworthy The estimatedand the actuaRULare close
for most of the test datasetsised However, o datasetshad large deviationsThis isdue to the
limitations ofthis approachexplainedin Section6.3. This approachelieson the characteristic fault
frequencieaused by théntermediate domairandhasthereforethe best result$or the RUL estimation
of bearing in degradation stages 3 and Zhe test positions of the two outlier datasets aire
degradatiorstage 2Accordinglythe RUL estimation should only be used in a-vealld scenario using
this method if a degradation is already apparehtealistic RUL valuzan only be estimated after that.
The few otherrecentapproaches thaachievea better PHM scorelike Zhang et al. [157]tilize input
in the time-frequency domai. TheirRUL estimatiormpproachedake the natural frequencie®of the
bearings into accountby using theentire bandwidth ofthe availablefrequencies These frequencies
are supposed to be at 1,00Certainresearchworksespecially concentraten these higHrequency
bands such aghe oneof Yoo and Baek [196Jvhich igpresentlythe secondbest approactwith a PHM
score of 0.62Although theintermediate domain does not cover these frequencidgee frequency
ranges of @00Hz and 12,0061z cannot becapturedwith the industrial triaxial sensorsurrently
availableeither. Ths kind ofsensors, which are in thseubjectof this approach frequently have a
maximum sampling rate of @und 5000Hz(seeSection3.2.5. Therefore, this is also @onstraintof
the targeted sensors.

Based on thdindingspresented abovethis benchmark can confirm the RUL solution fr@mapter 6,
which is also the answer R(Q that asks for anew RUL method, which can take benefitaofataset
of a different bearing type for a labeled target datas®it isrecorded with sensors with low sampling

rates.
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7.5 Conclusion

The three case studida this chapterhave successfullyerified the intermediate domainand the
classification anéRULtransfer learning approa@sfor predictive maintenance

The exploratiorof the classification approad®ectionr.2) demonstrates the superiority of the LMMD
in combination with the intermediate domain over the staiéthe-art methodsused In the semi
supervised transfer learning case of real beardedectswith strongly different process conditions
(rotational speed) in the target domain, an incredseccuracyf about20.1% is achieve®T7.7% for
intermediate domain and LMMD v87.6% forStransform and Wasserstein). This approach was also
successful in the direct benchmark with a stafehe-art approachin Section7.3. Here, an increase

in the accuracy from 64.2% to 66.85% was achiewadtthough the approach in this benchmark cannot
apply itsfull capabilities such as support for different process conditiom$erefore,in response to
RQ1the presented approacis successfully validated both case studies

Thebenchmark for the RUL application, which is based onl#tE PHM 2012 data challengéso
confirmed the suitability of the presentedRULapproach §ection7.4). Furthermore, this transfer
learning approach, which is optimized for using a restricted frequency spectrum, showed even better
results than the winning approaches of the challenge. Thus, the approaBtQ)2is also validated.
These case studies also verify the intermediate domain itself, which is the answer to TR@3
exploration of Section7.2 showed its supportive effect for transfer learning solutionms direct
comparison to other sensor signal techniqu&sirthermore the three case studiem this chapter
showed that the intermediate domain is stable enough to be used in different setups without any
modifications.

In addition, the case studies also provide answerR@il(appropriate methods)RC2(constraints),
and RC3(combinations and optimizations). This becomes especially visibRedtion7.2, where
possiblecombinations of the appropriate methods, feature extracti@nd transfer learning loss
function are extensively combindd a practical use casé he differentaccuracies of the different

methods show their usgbleapplication areas.
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8 Conclusiorand Outlook

8.1 Discussion

8.1.1 Introduction

As introduced irSectionl.1, one of the most demanded areas in predictive maintenance is the area
of bearings. In this area, both RUL and classification are of interest. Furthermore, there is often a lack
of usablebearingdatasetsto perform a reliable analysid.ccordingly transfer learning is of particular
interest forpredictive maintenance tasks béaring. For this reasorthis thesis discussed thepic of
"TransferLearning forPredictive MaintenanceSolutions" using the example of bearingghis chapter
summarizes the answers the specific researchuestions and the more genenadsearch challenges

of Sectionl.2.

8.1.2 Research Questions

During this thesisthree RQs were identified. They were subsequently answar&thapter4 (RQ3),
Chapter5 (RQ1) and Chapter6 (R@). The answers to each question can be summarired

chronologicabrder as follows:

RQ3 Whatare the necessary characteristics of a feature extraction method that is well suited
transfer learning? This method must be stable enough to be used on different bearing ty
without changing itsparametrization or making significant changes to a subsequent machi

learning model for different bearing types.

Nowadays purdy data-driven approaches are often used fideep learninglt is advisable to choose a
hybrid approach to increase accuracy compared to existing approaé¢togsthis purpose, a new
intermediate domairthat considerscontext parametes inthe form of the characteristic frequencies
of rotating machine componentsas developed i@hapter4. Thisntermediate domairwas explained
using the example of the fault classification of beariagd can be used for two things: First, it is a
normalfeature extractiormethodthat can be usedbr different machine learning approaches such as
CNNs or LSTMHdowever by consideringhe characteristic frequencies aftating componentsit also
automatically performs a kind of transfer learningThis is achieved by minimizing the difference
between different types of the same componerdand different process parameters by creating
separate layers for each characteristic frequentys leadng to better transferability to another
domain An exploration also verifies this assutiop in Section7.2, where the usage o pretrained
network of a source domain results in better accuracies for a target domain than other techniques

such as HHWwithout any training with target domain data.
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The focus on the fault frequency also leads to a stable soldkiahcan be used on different types
without any modifications. This has been verified in the different case studiébayter7. In each of
them, the approachthat uses the intermediate domain is the best approach for the given use case.

This result is reached without any modifications of the intermediate domain parameters.

RQ1 What are the necessary characteristics ofreew classificationmethod, which can take
benefits of a dataset of a different bearing type for a partly labeled target dataset that is collec

under different process conditions?

As already mentioned in the answer to R@3)ybrid approachcan increase the accuracy of deep
learning solutionsTherefore, the proposed intermediate domain Ghapter4 is used to preprocess

the input data of thepresented classification approachhis data isater used as inpufor a CNNThe

CNN itselfconsists ofdoubled convolutional layeravhichimprove the significance of the features
through an additional nonlinearity (segection5.4). For the transfer learning task,reew function for
calculating the transfer loss has been developed based on the newly developed intermediate domain
(see Section5.5). Thisis called Layered Maximum Mean Discrepancy because the layers of the
intermediate domain are usedn addition,MMD is used to calculate the discrepanaf/each layer.

The sumof the functionsis then used aa loss function during transfer learnin@herefore, like the
intermediate domain, it imlsoa hybrid approachThis approach has been evaluatedSection7.2

with the help of three different dataset3his new approach outperforms the existiatate-of-the-art
transfer learning techniques by increasing the accuracy by about 20ri%ddition, a direct
benchmark to another research work based on the same test setup hagieelemmedin Section7.3.

This benchmark uses similar beartypgesand process conditioria the source and the target domain
meaningthat the advantages of the proposed approach cannot be fully explditederthelessit still

outperforms the other research by an accuracy of 2.6%.

RQ2 What are the necessary characteristics ohaw RULmethod, which can take benefits of g
dataset of a different bearing type, for a labeled target dataset that is recorded with sensors V|

low sampling rates?

This research question is related to RQ1 and R@%at theRUL approach extends the usage of sensor
data of the classification approaatith time dependenciesTherefore, the basic concept of using a
hybrid approach that extractgaluablefeatures into an intermediate domain is valid for both (see
Section6.3). However, before using the features of the intermediate domain for the regression task of
an RUL estimation, theynust be extracted. As already verified for the classification task, an

appropriate approach is to use convolutional layers. Therefore, a second machine |dzanad)
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feature extraction layer is use@®éction6.4.2. This layer has the same layout as the convolutional
layers in the classification approad¥or the RUL estimation itself, the use of an LSTM has been shown
to be appropriate. This decision is based on the current state of thineéBection3.3 and on the
derivation/evaluation irSection6.4.

In addition tobeing used for the feature extraction, using the intermediate domain in combination
with the convolutional layers has a significant advantage whperforming transfer learning. As
described in the answer to BQthe intermediate domain reduces the difference between the source
and the target domain, which leads to a better transferability. In addition, through the convolutional
layerbased feature extraction, it is possible to perform netwbdsed transfer learing by pre
training and freezing this layer with a dataset of another component. These source domain datasets
are not limited to RUL datasets. As evaluatefeaation6.4.4 even a classification dataset can be used.
This approach has been evaluated onlBRE PHM 2012 data challedmesed benchmarkn Section

7.4. It outperforms the winning approach of this challenge with a PHM scadeB36iversus0.3066 A

few other current approachegrovide better resulsthan the presented approach. However, these are
not directly comparable since the proposed approach intentionally uses only a limited feature space
to cover the intendedndustrialuse of triaxial sensoysvhich have only a low sampling frequency

8.1.3 Research Challenges

In addition to the specificrad measurableaesearch questionghis thesis has also contributed content

to the three RCs introducedh Sectionl.2 These RCs are more general than the ;Rid@gsefore, a

complete answer is not possibleloweverthe following input was given to address dexhallenges

RCL: Which methods are appropriate fopredictive maintenance taskef machines based on
features ofsensor data?
With the rise of machine learning over the last decade, a lot of research has been perform
the topic of predictive maintenance. Therefore, the current state of the art covers manj
methods. However, open questions are related to their usage fdrlifegpredictive maintenance
scenarios.

9 Are the methods appropriate for the analysis of sensor data?

I Which feature extraction methods are suitable for the needs of predictive maintenan

I Which deep learning methods are available for this use case?
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RC2: Under which constraintgan the different methodse used?
This question is especially important for the different predictivaintenance scenarios that ar
also based on a variety of different dataset types. On the one hand, amongst others the foll
questions arise regarding feature extraction:
I Which methods are appropriate for stationary signals?
I Which are even usable with nonlinear and r&tationary signals?
On the other hand, different machine learning methods exist. Here, relevant questions inclu
1 Which machine learning methods are well suited for small training datasets
9 Which machine learning methods are only usable for large datasets?
I Which methods are suited for transfer learning to overcome the problem of s

datasets?

The first two researcbhallengesre directly related and can be answered togettfes shown ifrigure

61, there aretwo relevant types of method#or predictive maintenance based on sensor data. The
first isthe feature extraction method, whichis usedto extract more powerful indicator§features)
from the raw sensor data angb reducethe amount ofdata. The second is the algorithnwhich uses
the extracted features to perforrthe predictive maintenance taskn the case of transfer learning, a
third type is added, which is the transfer learning method itSEfiese threenethodsare discussed in

greaterdetail below.

Time domain
- Frequenc
Feature extraction Iq ncy
domain

Time-frequency

Methods for
estimating the
machine condition

Machine learning

/ \

Deep Learning |
1

Classic
machine learning

Transfer learning

domain

Mapping-based ][ Adversial-based ][ Network-based

Figure61: Different methods for estimating the machine conditenmd their interactions There are two major types of
methods: feature extraction and machirle.addition, an optional third method is the used transfer learning methiede
the most commonleep learningnethods are shown.

Feature ExtractiorMethods:

As stated infSection2.3, feature extraction methods for sensor data can be distinguished into three
types(time domain, frequency domaimandtime-frequency domain)Two importantconditionsneed

to be considered when choosing a feature extraction method. First, it is necessdrgveoan
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understanding of thelatato decide which feature extraction method to uger instance, it isssential
to know if the data is nostationaryand nonlinear.In this casesimple time domain and frequency
domain analyss are inpossible.Instead, i would be necessary to usechniques likeHHT or S
transform.However often this is not the casend less complex andsscomputation timeintensive
algorithms like STFT or even only tih@main features can be used. This is also true foptiesentd
usecaseof predictive maintenance of bearingSince theotational speedduring test runsan be kept
constant,there is no need to use approaches l&eStransform. Therefore, the presented solut®n
for predictive maintenance of bearingsee Chapter 5 and Chapter 6) can usethe presented
intermediate domain ofChapter 4, which is comparabléo an STFTin terms of timefrequency
behavior The predictive maintenance algorithm is the second consideration when selecting a feature
extraction method Aassical machine learning algorithrilee SVMscanonly handlea few features.
Therefore,time-domain featuredike the root mean squarare often used By using deep learning
algorithms like CNNsnore detailed features such as imagesan be uséd.

MachineLearningMethods:

Theselectionof the machinelearningmethodis another importanidecision As described isection
2.2.1and Section3.2.6using machine learning for predictive maintenance is superior temaohine

learning approachegspeciallyin complex scenarios wherauchfine-tuningwould be neededMany

predictive maintenance approaches uskassic machine learning methotike SVMsNevertheless,
some challengeare harderto master withtraditionalmachine learning only. Thisfer instance when

there is only a small amount of trainimtata, whichmay be partlyor even completelyunlabeled. In
this context deep learning methosllike CNNs arenore suitable. This is based on the possibiity
easily using (deep) transfer learning to transfer knowledge from akmellvn source dataset tosmall

and unlabeled target datases€eSection2.4).

Transfer Learnindviethods:

Using transfer learnintgads to another degree of freedofor the decision of the used methods
this casethe transfer function is also of interessde Section2.4.3.5. The most common transfer
learning methods for deep learning are netwerised deep transfer learning, mappihgsed deep
transfer learning, and adversarbhsed deep learning Network-based and mappirgased
approaches show promising results for the «sse of predictive maintenance of bearin(see
Sections3.3.2and 3.3.3. These approachesan transfer parts of a preained network of the source
domain to the target domainHowever,mappingbasedapproaches, which measure the probability
distance of the targeind the source domajrsuch asMMD, also showery promising resultdHere

again different existingnethodsare availablegeeSection2.4.6).
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Different methodsfor feature extraction andransfer learning and their constraimbn smalllabeled,
partly labeled or unlabeled datasets have been shoumrihe case studiepresented inChapter7. The

number ofpossible combinations of different methotsads directly toRG.

RC3: How can existing methods be combined and optimizedcomplement each othe?
There are many different methods, but it remains an open question how they can be used tog
to achieve optimal results. The combination of different feature extraction methods and trai
learning methods is of special interest here.
I Are datadriven feature extraction approaches like the Hilbelttang transform or hybrig
approaches, such as handcrafted intermediate domains, better suited for this task?

I Based on the ofteismall datasets for a specific machine component, can transfer lear

be a solution?

9 Is it possible to use such a solution even for partly or unlabeled datasets?

Thischallengecan bedescribedwith the help of predictive maintenance tasks for bearir@snsidering

that a combination of CNN and transfer learning is used for bearing fault classification, there are
degrees of freedom in thé&ature extraction methodand thetransfer learning functior{seeFigure

61).

Feature Extraction:

If a classical CNN is assumed, the input must be a matrix, as it is when using an image. For sensor
signals, it is therefore common to transform the sensor data into the firaguency domain. This
transformation automatically gives a twdimensional inputfor a CNN. A positive side effect of this
transformation is that nosstationary signals can also be analyzed. This can be achieved, among others,
by an &ransformation or an HHT. Thesge purely data-driven approaches. In addition, it is also
possible to use hybrid approaches, which make useeproperties of the datasets and generate an
intermediate domairnand therefore improve the accura®f the machine learning tagiseeChapter

4).

Transfer Learning

For transfer learning, there areegeral distancébased transfer functions availablsuch as MMD,
CORAL, MKIMD, and Wasserstein. Since both the feature extractimethod and the transfer
function can be easily exchanged, it is possibldéachmarkthem directly. This was donehile
evaluatingthe classification approaghwhich wasdevelopedin Chapter5 to answerRQ1in the case
studies inSection7.2. These case studies have also shown that his approach is usable for partly and
unlabeleddata of the target domainin addition, networkbased transfer learning is also an option for

deep learning approaches sinder these approachegarts of the trained network can be transferred
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to the target domain. This has been proposed for the solutiothfeclassification approach Bections
5.4.3and5.4.4(RQ) as well as for the RUL approactsiection6.4.4(RQ). In addition, there is also
the possibility of usingan intermediate domainlike the one proposedin Chapter 4. Such an
intermediate domaircanalsobe a kind of transfer learning.

Machine Learing Method;

The combination of existing methedanalsobe a combination of different machine learningethods

in the machine learning partEspecially for the estimation of the RWlvo machine learningrased
methods combined in one approach are a valid opt@ne machine learning part can be used for the
feature extractiorwhilethe othercan be usedor the RUL estimation itselFor instance,anvolutional
layers can be used for the feature extraction of the intermediate doraathcan optimize the feature
extraction by training of the neuronal network. The output of this network can then be used as input
for a second machine learning part for the RUL estimafidrs approachsi used for the answeuf
RQ2in Chapter6.

In summary a transfer machine learning processnsistsof feature extractionthe transfer learning
algorithm and the machine learning algorithiBach caract asa single method or a combination of

several different ones, depending on tharticularapplication.

8.1.4 Conclusion

To sum upall research questions dhis thesis have been answered successfully with the lo¢la
new intermediate domain andolutiors for classificatiorandaremaining useful liféask for bearings
Both solutions rely oftransfer learningn the context of predictive maintenance. Those solutions are
easy to implement and lead to better results than existing approaches byaisew hybrid approach.
The two solutiongind the intermediate domaihave already been published in research pap&i,
133] In addition,a survey paper othe stateof-the-art for predictive maintenance of bearingpas
also been publishefb4].

In addition to answerinthe researchguestions, valuable content was provided to address theTRiS.
has been donevith the solution for the RQandalso during the introduction angresentationof the

state of the art inChapter2 and Chapter 3.
8.2 Outlook

The previous discussion has outlingge improvements in predictivenaintenance, whictcan be
achieved using transfer learning. Howevierrther improvementsto the presented transfer learning

approaches are still possible
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8.2.1 Transfer Learning f&lassification

The presentedlassificatiorsolutionwas developedo providea universal solutioto different bearing
types Leaving this out of consideratiogeveral approachesan be pursued. The first is to carefully
investigate which lambda (weights of the different loss functionaye best suited for a specific
application. This contradicts the generic approach, which can be applied directly without modification
However,it might bringaboutimprovements in classification accuracy.

Another option is to vary the number of frozen layers or the learning rate. In thiexbof this thesis,
one exampleexaminedhow far the number of frozen layersfluencesthe resultand found no
significant difference. Howevethe difference may benore significanfor other datasets.

In additionto modificationsin the machine learning modethe input mayalsobe modified. Herethe
width of the frequency band and image size of th@ermediate domain are points thaiay be

adjusted

8.2.2 Transfer Learning for Remaining Useful Life

The RUL approach is an extensidhe classification approaciherefore, the considerations of the
previous chapter for the classification approach can also be considered for the RUL approach.
However there are also possible improvements that specifically address the requirements related to
RUL. These include an optimization of the degradation model towards a nonlinear behavior or an
optimization of the window size.

However, as shown in the benchmark for the RUL apprd&efction7.4), the most promising
improvement would be the integration of the excited natural frequencies of the components. For this
purpose, a natural frequency layer would have to be added to the intermediate dobhafiortunately,

this approach comes with two downsides. The first is thattypicaly availableclassification dataset
cannotbe usedasa source domairdatasetsince thenatural frequenciescannotbe estimated in a

static classification datasefnother disadvantages that the use of triaxial accelerometers would no
longer be possiblebecausetheir frequency range would not be sufficietd measure the natural
frequencies In order to prove this possibility in the futurenatching datasets areurrently being

collected.
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A Appendix

A.1 General

A.1.1 Assignment of Datasets

For each training and test ruthe datasets are assigned to training and test data in the same way. The

original assignment was randotout this assignment is kept constaatcording toTable29 for each

verification step.

Table29: Assignment of the different datasdty test and training data.

5000000808_c50_X,
5000000808_c50_Y,
5000000808_w10_X,
5000000808_w10_Y,
5000000808_w50_X,
5000000808_w50_Y,
5000000808_w100_X
5000003177 c10_Y,
5000003177_c50_X,
5000003177_c50_Y,
5000003177_w10_X,
5000003177_w10_Y,
5000003177_w50_X,
5000003177_w50_Y,
5000003177_w100_Y
5000003796_c10_X,
5000003796_c50_Y,
5000003796_w10_Y,
5000003796_w100_Y
060412019 _c10_X,
060412019 w10_X,
060412019 w10_Y,
060412019 w100_Y,
060706012_c10_X,
060706012_c10_Y,
060706012_w10_X,
060706012_w100_X,
060302049 &0_Y,
060302049 _w100_X,

060302049_w100_Y,

5000003177_c10_X,
5000003796_c50_X,
5000003796_w100_X
5000000808_w100_Y,
5000003177_w100_X
5000000808_c10_X,
5000003796_c10_Y,
060706012_w10_Y,
060412019 c10_Y,
060706012_w100_Y,
060302049_w50_X,
060707037_w10_X

060302049 w100_Y,
060707037_w10_X,
060707037_w50_X,
060707037_w100_X,
060412019 c50_X,
060412019 c50_Y,
5000000808_c10_X,
5000000808_c10_Y,
5000000808_c50_X,
5000000808_c50_Y,
5000000808_w10_X,
5000000808_w50_X,
5000000808_w50_Y,
50000008@_w100_Y,
5000003177 c10_Y,
5000003177_c50_X,
5000003177_w10_X,
5000003177_w10_Y,
5000003177_w50_X,
5000003177_w50_Y,
5000003177 _w100_X
5000003177 _w100_Y
5000003796_c50_X,
5000003796_c50_Y,
5000003796_w10_Y,
5000003796_w100_X
060412019_c10_X,
060412019¢10_Y,
060412019 w10_X,

060412019 _w100_Y,

Dataset | Run 1 Run 2
Training data Test data Training data | Test data

CWRU | 130, 133, 144, 146 249, 158, 145, 132 100, 97, 98, 130, 137 99, 131, 235, 156, 15§
147, 156, 159, 16Q 236, 246, 131, 258 133, 144, 146, 147 260, 261, 145, 259
197, 198, 199, 200 171, 212, 107, 106 159, 160, 197, 198 211, 209, 3003, 3004
234, 235, 237, 247 100 199, 200, 234, 236
248, 259, 260, 261 237, 246, 247, 248
105, 108, 169, 170 249, 258, 105, 106
172, 209, 210, 211 107, 108, 169, 170
3001, 3002, 3003 171, 172, 210, 212
3004, 97, 98, 99 3001, 3002

Junker | 5000000808_c10_Y, | 5000003796_w10_X,| 060302049_w50_Y, | 060302049_w50_X,

060302049 _w100_X,
5000000808_w100_X
5000003177_c10_X,
5000003796_w100_Y,
5000003796_c10_X,
5000000808_w10_Y,
5000003796_w10_X,
5000003796_c10_Y,
5000003177 c50_Y,
060706012_w100_Y,
060412019 w10_Y,
060706012_w10_Y
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060707037_w50_X, 060706012_c10_X,
060707037_w100_X, 060706012_c10_Y,
060412019 _c50_X, 060706012_w10_X,
060412019 c50_Y 060706012_w100_X

A.2 Verification of the Intermediate Domain

A.2.1 Frequency Conversion Methods

This test scenario is used to benchmark different frequency conversion methods. The test dataset is
the driveend dataset of the CWRU. The images for the input are created based on 0.2 second time
slices and an image size of 64x64 @ix&€he compared signal processing techniques are envelope,
windowed envelope, HHand Stransform. Since the envelope is a frequegiomain technique, the
resulting image is only 64xiixelin size. Therefore, a 1D CNN is used for the envelepereasa 2D

CNN is used for all other techniquekhe results, presented fRigure62, show that the windowed

envelope is the best technique in terms of classification accuracy.

100 0483 2219 9535 9661

90
80

70

Accuracy (%)

60

50

m Envelopem Windowed envelopes HHT® S-transform

Figure 62: Classification accuracies of three differdabels for bearings with different frequency and tirfirequency
conversions. The best accuracy is achievedthivindowed envelope.

A.2.2 Signal Segmentation

Sensors used in machines provide a stream of measuring values. These must be sedrefented

their usage This test scenario shows the influence of the segment length. During this process, an
optimum length is also determined. Therefore, the dreral dataset provided by the CWRldsused.

The images for the input are created based on 0.11, 0.2, and 0.7 second time slices and an image size
of 64x64 pixed. The raw signal data of these slices was converted with the help of the windowed

envelope technique. As shownlhigure63, all accuracies are nearly equal.
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100 99.85 9919 9921

98
96

94

Accuracy (%)

92

90

m0.11 seconds m 0.2 seconds m 0.7 seconds

Figure63: Accuracies of sam@ef different lengtts. All samples are generated with the windowed envelope method. All
accuracies are between 99% and 100%.

A.2.3 Different Bandpass Width

When selecting a frequeneselective filter, it is essential to select the bandpass width stated in
Sectiord.5, thismustbe done to respecthe wear-out of components and manufacturing tolerances
Therefore, a test scenario with a bearing dataset of a-waald scenario is used. This datasefis
bearing dataset of a grinding spindle with noise. The bearing fault frequencies are filtered with a
bandpass width of Bz, 10Hz and 20Hz. For each fault frequency, the first four harmonics are used.

As shown irFigure64, the best accuracy is reached with a bandpass width ¢12.0

;\5‘ 38 87,45
> 86
E 84 83,17 83,52
>S5
1 1
<

80

Bandpass width

m5Hz m10Hz m20 Hz

Figure64: Accuracies for different bandpass wigthf a frequencyselective filter, which use®ur harmonics. The best
accuracy is achieved with a width of H@. The lower accuracy foHz might be related to the fact that ¢hactual fault
frequency in some samples defers more than 5 Hz through-eegaand manufacturing tolerance®n the other hand, the
20Hz frequency bannhight be too wide, so that noise gets into the band, which can actually be filtered out.

A.2.4 FrequencySelective Filter with Different Harmonics

The proposed intermediate domain is based usingthe harmonics of fault frequencies. This test
scenario iemployedto illustrate the importance of the harmonics. Therefore, the same dataset as in
A.2.3is used. All images are based on 0.2 second time slices and an image size of 64%64 pixel
frequency band of 161z is used for the frequenaelective filter As shown ifrigure65, the highest

accuracy is reached by usifogir harmonics. The results also show that if the number of harmonics is
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too low, an information loss existihat leads to a lower classification accuracy than usingetigre

windowed envelope.

100

87,45 86,88
80 74,9
(=)
S 60,92
> 60
g
3 40
(&S]
<
20
0
m Windowed envelope ® Windowed envelope
- no filter - 3 harmonics filtered
m Windowed envelope Windowed envelope
- 4 harmonics filtered - 5 harmonics filtered

Figure65: Accuracies for bearing fault classification with the help of a windows envelope in a noisy envirdimadnghest
accuracy can be reached by applying a frequesatgctive filter with four harmonics

A.2.5 Image Size

For evaluating the effect of the size of the input images, the dataset of the CWRU dataset and of the
spindle dataset have been used. Images in a 64x64 pixel 28xiL28pixel resolution were created

from these datasets. As shownhigure66, the accuracies of both resolutions are nearly equal. In one
case the 64x64pixel imagehas a slightly better resylin the other, the 128x128pixel imagehas a

better result.On average, the accuracy of the 64xgikel image is better thathat of the 128x128

pixel image.

100
96,25 19

95
= 91,86
S 90,36
& 90 87,45
©
3 85 3,52
o
<
80
75

CWRU Spindle Average

H 64x64 pixel m128x128 pixel

Figure66: Accuracies of different sizes of the input image. For the CWRU datd28x128 pixel image has a sliytietter
accuracy. For the Spindle dataset, the 64x64 performs b&teaverage the 64x64 pixel has the best accuracy.
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A.3 Verificationsf the Transfer Learning Approach for Classification

In order tovalidatethe decisions of the different development stefus the presented classification
approach ofChapter5, different test scenarioshavebeen used. If not mentioned otherwise, thest
scenarios use thelassification approach developédthis thesisBearingdatasets, which are split into
70% training data and 30% test daaae usedor all scenariosEachtest scenarids run two times with
a differenttraining and test data spliThe mean of the accuracies of both runs is usethasesult.

The split is identical between all test cases in one test scenario.

A.3.1 Number of Convolutional Layers

This test scenario examines the influence of the numbecarivolutionallayers ina row before a
pooling layer appears in a CNN modéie model of the CNN is alway®e sameasthat described in
Section5.4.2 The only dference is thenumberof convolutional layergsingle, double, anttiple). For
the verification,samples of the CWRU datasédttbe driveend side and a spindle dataset were used.

As shown irFigure67, the best accuracy is reached when using a double convolutional layer approach
in both cases

120
96,26 ,
100 94,71 95,57 86,52 87,45

80
49,05

60
40
CWRU Spindle

20

Accuracy (%)

m Single convolutional layer m Double convolutional layer m Triple convolutional layer

Figure67: Comparison o different numberof convolutional layers in series. Two different test cases have been used. For
both tested datasets, the double layer approach has tret &ecuracy.

A.3.2 DropoutFactor
This test scenario examines different valo¢the dropout factorduring the training of a CNNror the
verification,samples of the CWRU dataset on the dwivel side were usedis shown irFigure68, the

accuracies seem to be independent of the dropout facttwere is only a smatlifference, whichmight

be causedy the stochastic nature of the algorithms and the numerical precision.
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96,52
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[
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95,97
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m 0% m25% m50% m75%

Figure68: Different values for the dropout factor in the fully connected layers of the CNN. There is no significant difference
between theaccuracies

A.3.3 Losdunction

This test scenario compares the accuracy of the Kullback Leibler divergence with thentropy.
Therefore, aspindle datasetand the dataset of the CWR&re used. The samples amupervised
trained, one time with the Kullback Leibler divergence as loss function and the second time with the
crossentropy as loss function. As can be seeRigure69, none of them is superior. In one caseoss
entropyasaloss function has alightlybetter accuracyln the other casegKullback Leibler divergence

has a better accuracy.

100 96,26 95,88 S
§ 90 87,45 ,
3 80
g
3 70
(&S]
< 60

50

CWRU Spindle

m Crossentropy m Kullback Leibler divergence

Figure69: Resulting accuracies of CNN trainings with esrgsopy and Kullback Leiber divergence. None of tisesaperior.
A.3.4 MMD as Basis for LMMD

To ensure that MMD ia well-suited starting pointfor the LMMD technique, a comparison of the
LMMD approach with other loss functions was performed. For this purpose, the University of

Paderborndatasetwas used ashe source dataset. The target datasetisa spindle dataset with
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different rotational speeds. The training scenario weemisupervised MMD, MKMMD, and CORAL

were tested. MMD and CORAL performed almost equally well.

87,91
88 87,66

S 875

)

s 87 86,85

=}

3
86

uaMMD mMK-MMD m CORAL

Figure70: Comparing the results of using loss functionhesbasis for the LMMD approach. The best results can be achieved
with CORAL and MMD.

A.4 Benchmark of the Transfer Learning Approach for Classification

This chapter shows the confusion matrices of the benchma#ection7.3. This benchmark is based
on two different transfedearning tasks. For each tasike runs with a randondataset assignmerto
training and test data have begyerformed The first task was to transfer knowledge from drared
bearings to farend bearings. The confusion matrices of these five runspegeentedin Figure71
through Figure75. The second task was to transfer knowledge fromdad bearings to drivend

bearings. For this, the results are showrigure71throughFigure80.

Drive-End to FarEnd:

Confusion matrix

-1.0
= 1% 0%
o -0.8
T 5 G 100% 0% 06
L c
S
= 0% 47% 0.4
E
@]
< 02
o 21% 0%
5
© 0.0

ball inner normal outer

Predicted label

Figure71: Confusion matrix for the transfégarning task from drivend to farend. Thisnatrix shows run 1 with an accuracy
of 73.82%.
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Confusion matrix
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Figure72: Confusion matrix for the transtgarning task from drivend to farend. This matrix shows run 2 with an accuracy
of 62.78%.

Confusion matrix
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Figure73: Confusion matrix for the transfégarning task from drivend to fan- end. This matrix shows run 3 with an accuracy
of 58.03%.
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Confusion matrix
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Figure74: Confusion matrix for the transtégarning task from drivend to farend. This matrix shows run 4 with an accuracy
of 56.05%.
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Figure75: Confusion matrix for the transt&arning task from drivend to fan-end. This matrix shows run 5 with an accuracy
of 56.18%.
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FanEnd to DriveEnd:

Confusion matrix
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Figure76: Confusion matrix for the transtarning task from farend to driveend. This matrix shows run 1 with an accuracy
of 78.70%.
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Figure77: Confusion matrix for the transf&arning task from farend to driveend. This matrix shows run 2 with an accuracy
of 73.43%.
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Confusion matrix
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Figure78: Confusion matrix for the transtgarning task from farend to driveend. This matrix shows run 3 with an accuracy
of 72.31%.
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Figure79: Confusion matrix for the transféarning task from farend to driveend. This matrix shows run 4 with an accuracy
of 71.09%.
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Confusion matrix
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Figure80: Confusion matrix for the transtégarning task from farend to driveend. This matrix shows run 5 with an accuracy
of 66.15%.
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A.5 Verification of the RUL approach
A.5.1 Scoring Algorithm for RUL Estimation Tasks

There is a commometric for validatingdifferent RUL algorithmshat is based on the perceruf
predictionerror. Thismetricwasalso used during the IEEE PHM 2012 Data Chall@/g8g It is based
on therelative error (EK), whichis specified by Eq27). Theparametersof actual RULRUL_Aqdtand

estimated RULRUL Es} are used while parameteri is the index ofhe test dataset.
YYD @ YYIOO
YYD @

Eris rated in two different waysCases in which thealculated RUL is lower than the actual REH>(

Ol pmna (27)

0) are less seerethan cases in which the calculated RUL is longer than the actuaBRUD)( In the
former case, a component is replaced too early, which only leadsstwort, planned downtime and
increased material costs, whereas the latter case leads to an unpredicted and thus unplanned failure.

For this reason, the weightingdarried outby calculating a score accordinggEq(28).

. Q 8 7 o ¢
0 28
0 8z ¥ e T ( )
Thisequationleads to the scoring function shownkiigure81.
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Figure81: Scoring functiomyas a function of theelativeerror Er. A negative Erepresents a longer estimated RUL than the
actual RUL.

The score for the overall prediction is finally calculaéedording to Eq29), which isthe median of
the As of alN test datasets.

. B b
TR (29)

In order to avoid referring to only a "score" in ttigesis this scords also titled as PHM score.

A.5.2 Different Fully Connected Layers

This test scenario is used to benchmark different LSTM and fully connected layes laydbée RUL

task. The test dataset is the FEMTO dataset. The images for the input are created based on 0.2 second
time slices and an image size of 64x64 gixkltime window of 170 measurements was used, but only

every second measurement wamployed This leads to the usage & measurements as inpuEor

the training of 300 epochs, a batch size of 120 is used.
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The results, which are presentedTiable30, show thatlayout 2is the best in terms dPHMscore

Table30: Different evaluated LSTM layouts. The number of outputs for each layer is given in parentheses. For comparison, the
sore of each layout for the RUL task of the IEEE PHM 2012 Data Challebgerhealculated. Layout 2 hde best results

Layout 1 Layout 2 Layout 3
Usedlayers CNN(8192) CNN(8192) CNN(8192)
LSTM128) LSTM128) LSTM128)
LSTM®64) LSTM64) LSTM®64)
LSTM32) LSTM32) Dense(32)
Dense(1) Denseg(32) Dropout(rate=0.5)
Dropout(rate=0.5) Dense(1)
Dense(1)
PHM sore 0.1094 0.35 0.05647

A.5.3 Pretrained Convolutional Layers

This test case is used to state tingportance ofusingnetwork-basedtransfer learning irthe form of
transferring pretrained convolutional layers. For tipsirpose the FEMTO dataset was used agéhe
pre-trained network was trained with samples of the CWRU dataset.

As shown in Figure82, the PHM score of a networkthat uses pretrained convolutional layers is

superior.
0,4 0,35
0,3

0,2

PHM score

0,1 0,0516

Convolutional layers

m with pre-training  mwithout pre-training

Figure82: Comparison of theHMscores betweena neuronal network with pertained convolutional layers amewithout
pre-training. The prerained network has a much highBiHMscore.

182



