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ABSTRACT 

Johannes Kallinkoski: Feature Engineering in Condition-based Maintenance: A Case Study 

Master’s Thesis 

Tampere University 

Automation Engineering 

April 2022 
 

Advances in machine learning have paved the way for new data-centric approaches in the 
field of prognostics and health management of industrial applications. These approaches can help 
reduce the cost of system maintenance and downtime by monitoring the overall condition of a 
machine and predicting various faults appearing in the system by means of machine learning 
algorithms. 

In this thesis, a machine learning pipeline that predicts different faults from systems sensor 
data is created. Different approaches to signal pre-processing, with emphasis on feature engi-
neering methods, are examined as well as approaches to the classifier architecture. 

A case study utilizing simulation data from a systems model is conducted to evaluate the per-
formance of selected feature engineering methods and classifiers. The first part of the study uses 
a 5-layer convolutional neural network with individually tuned hyperparameters as the classifier. 
The second part is performed with a deeper 11-layer residual neural network. 

The results of the case study show clear differences in the performance of various feature 
engineering methods. This points towards the importance of careful selection of proper method 
based on the application at hand. 

The highest performing feature engineering method was able to reach an accuracy score of 
0.95 outperforming a method using raw sensor data by 4 percentage points and validating the 
usefulness of feature engineering in condition-based maintenance. 

 
 
 
Keywords: condition-based maintenance, deep learning, feature engineering, machine 

learning, signal processing 
 
The originality of this thesis has been checked using the Turnitin OriginalityCheck service. 
 

  



ii 

TIIVISTELMÄ 

Johannes Kallinkoski: Piirteiden Erottaminen Kuntoperusteisessa Kunnossapidossa: Tapaus-

tutkimus 

Diplomityö 
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Huhtikuu 2022 
 

Edistysaskeleet koneoppimisessa ovat tasoittaneet tietä uusille datakeskeisille lähestymista-
voille teollisten laitteiden kunnonarvioinnin ja -tarkkailun saralla. Nämä lähestymistavat voivat aut-
taa vähentämään laitteiston ylläpitokustannuksia ja seisokkeja tarkkailemalla laitteiston yleiskun-
toa ja ennustamalla niissä ilmeneviä vikoja koneoppimisalgoritmien avulla. 

Tässä diplomityössä luodaan koneoppimismalli, joka ennustaa vikoja järjestelmän anturitietoja 
hyväksikäyttäen. Tutkimuskohteena ovat erilaiset tavat erottaa piirteitä signaalidatasta, sekä ko-
neoppimisalgoritmin arkkitehtuuri. 

Valittujen piirteidenerottamismenetelmien ja algoritmien suorituskyvyn arvioimiseksi suorite-
taan tapaustutkimus, jossa hyödynnetään järjestelmämallista simuloitua synteettistä dataa. 

Tutkimuksen ensimmäisessä osassa käytetään 5-kerroksista konvoluutioneuroverkkoa, jossa 
on yksilöllisesti viritetyt hyperparametrit. Toinen osa suoritetaan syvemmällä 11-kerroksisella 
jäännösneuroverkolla. 

Tapaustutkimuksen tulokset osoittavat selkeitä eroja eri piirteidenerottamismenetelmien suo-
rituskyvyssä. Tämä viittaa siihen, että on tärkeää valita huolellisesti oikea menetelmä sovelluksen 
mukaan. 

Suorituskykyisin piirteidenerottamismenetelmä saavutti 95 prosentin tarkkuuden, mikä ylitti 4 
prosenttiyksiköllä menetelmän, jossa käytettiin käsittelemätöntä anturidataa. Tämä vahvistaa piir-
teiden erottamisen hyödyllisyyden kuntoon perustuvassa kunnossapidossa. 

 
 
Avainsanat: kuntoperusteinen kunnossapito, syväoppiminen, piirteiden erottaminen, 

koneoppiminen, signaalinkäsittely 
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1. INTRODUCTION 

Maintenance is a vital component of keeping industrial machinery in good working order. 

The evolution of maintenance and condition monitoring has advanced from simple visual 

manmade observation and part replacement to a more automated and sensory-based 

approach. Nowadays, we are at a point where machine learning (ML) algorithms are 

utilized to monitor and diagnose various faults in running machinery. These algorithmic 

methods no longer require one to go through the entire structure of a complex machine 

step by step [1] but provide an overview of the machine’s performance and its condition. 

The information can be used by the system operators and service personnel to make 

timely maintenance actions resulting in lower operating costs and reduced risk of disas-

trous breakdowns [2]. This data-centric approach is leading the progress towards a more 

economic and effective way of condition monitoring and health management of industrial 

applications.  

Prognostics and health management (PHM), the discipline of monitoring and maintaining 

machinery, and the domain to which this thesis is tied to, can be divided into two groups: 

condition-based maintenance (CBM) and predictive maintenance (PdM). Both subjects 

aim at prolonging maintenance intervals and reducing downtime due to maintenance via 

constantly or periodically monitoring the condition of a machine. The main difference 

between the two is that PdM aims to provide a timeframe for how long a certain part will 

last before breakage, whereas CBM categorizes the various conditions of a machine. 

According to Marwala [1], the generalized theory of condition monitoring follows a certain 

framework, which includes a data acquisition device, followed by a data analysis device, 

a feature selection device, a decision-making device and finally condition diagnosis.  This 

framework is depicted in Figure 1. Two key elements for utilizing machine learning in 

CBM are the feature extraction or feature engineering method, which is the data analysis 

device, and the ML algorithm, which is the decision-making device. These two elements 

are ones that engineers have a lot of control over, which is why they deserve further 

examination. In the following paragraphs, scientific literature regarding different methods 

of feature extraction and ML algorithms is reviewed. 
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Figure 1. Generalized framework of condition monitoring as per Marwala [1] 

The field of PHM has been widely studied. There has been, however, recent develop-

ment in the field constituting the industrial revolution 4.0. The number of published sci-

entific papers related to predictive maintenance has grown from under 100 in 2003 to 

over 700 in 2019 [3]. The number of sensors and the amount of data acquired from 

industrial equipment and machinery has grown and advances in ML have led to numer-

ous different methods of interpreting this data [4].  

In order to compare different ML methods one metric, which can be found in almost every 

scientific paper concerning the field, is used in this review to represent the differences 

between results. This metric is test accuracy. 

For feature extraction many different methods can be utilized. Pham et al. [5] used a 

spectrogram (SG) successfully in classifying bearing faults from vibration signal, 

whereas Wu et al. [6] used a Wigner-Ville distribution (WVD) to classify faults in com-

bustion engines fuel injection line. Comparison between wavelet packet decomposition 

and empirical mode decomposition was performed by Grebenik et al. [7], and the fault 

detection accuracy using wavelet packet decomposition was found to be better with 

mean accuracies of 99.1% against 96.1%. The study of Grebenik et al. focused on de-

tecting electrical origin faults from acoustic data and the numbers are a mean of two tests 
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using two different microphones. In their study Gou et al. [8] used continuous wavelet 

transform (CWT) to extract features from aerospace engines sensor data to classify sen-

sor faults. CWT feature extraction coupled with CNN classifier reached test accuracy of 

97%.  

In fault classification, artificial neural networks (ANN) have been found superior in many 

recent publications. Azeez et al. [9] made a comparison between convolutional neural 

network (CNN), support vector machine, and random forest -classifier in detecting faults 

in photovoltaic arrays. CNN outperformed competition with average accuracies of 

70.45%, 67.86%, and 68.09%, respectively. These numbers are the results of four inde-

pendent test runs. Zhang et al. [10] found, that long-Short term memory recurrent net-

work and CNN outperformed sparse auto-encoder with test accuracies of 93.12%, 

92.04%, and 86.77%, respectively. Their study focused on classifying bearing degrada-

tion from vibration data. In a study performed by Li et al. [11] planetary gear faults were 

classified using motor current signal analysis. Final test concluded in testing accuracies 

of 96.69%, 53.62%, and 64.56% for deep neural network (DNN), support vector machine 

and back propagation neural network respectively. 

As stated earlier, and as the examples in the literature review demonstrate, there are 

plenty of studies conducted about fault classification. High-accuracy results have been 

reached using various classifiers and various feature extraction methods. Simple meth-

ods can be used for elementary problems, however when the classification problem be-

comes more complicated trough increased number of classes for example, more com-

plex methods are needed. 

Majority of past studies use real world data from run-to-failure experiments. The setups 

are mostly experimental and as such the results do not necessarily transfer to different 

applications [3]. It is therefore impossible to tell without testing, whether a model utilizing 

for example spectrogram for current signal would result in good classification accuracy 

even though the method is proven to work with vibration signal. Furthermore, past liter-

ature uses mostly one or only a few specific sensors data i.e., vibration or acoustic data 

to classify the conditions. Therefore, for building a classifier from synthetic data using 

existing system sensors a study is needed to find out which methods are best suited. 

1.1 Objectives 

In this thesis, different data analysis devices, also known as feature extraction or feature 

engineering methods, are compared, and tested. The main objective is to find an extrac-
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tion method that provides best accuracy in a case study when classified with same clas-

sifier. Secondary objective is to build a classifier and a pipeline that accurately classifies 

the data in the study. 

These objectives lead to research questions:  

1. Which feature extraction method provides best accuracy for the case 

study? 

2. What can be considered accurate classifier in the context of the case 

study? 

3. Can the results of the case study be improved with amendments to the 

classifier? 

Different methods for feature engineering are too numerous to be all tested and thus the 

number needs to be narrowed down to a manageable level. A signal can be represented 

in three different domains: time, frequency, and time-frequency domains. Successful ap-

plications of all three domains in fault classification can be found from literature, however 

time domain lacks information from frequency domain and vice versa. Therefore, to get 

the best of both worlds, extraction methods from time-frequency domain should be con-

sidered.  

Some of the feature extraction methods in time-frequency domain result in complex-val-

ued outcomes. Use of complex-valued outcomes would require significant changes to 

the classifier and as such methods with only real-valued outcomes can be chosen. With 

these criteria, three different well-established methods can be found from the litera-

tureese methods are spectrogram, Wigner-Ville distribution and continuous wavelet 

transform. A fourth method that uses raw data from sensors is also compared with the 

rest to find if advances can be had with feature engineering. 

Same decision-making device i.e., classifier is used throughout the case study. Based 

on overall performance in past literature, and the fact that selected feature extraction 

methods result in a real valued 2-dimensional image, good results should be achieved 

with a convolutional neural network. 

1.2 Case study & data description 

In this thesis a case study is performed to test and compare the performance of chosen 

feature extraction methods and classifier. Performance is evaluated using different eval-

uation metrics including accuracy and F1-score. 
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The data used in the case study is synthetic data generated from a system model. The 

Matlab/Simulink model constitutes a direct driven hydraulics model with an electric motor 

rotating two hydraulic pumps which drive a single hydraulic actuator. A schematic of the 

model is found in Figure 2. Dataset consists of 1 healthy case and 15 faulty cases. Fault 

cases include spring, leakage, blocking, friction, and deadband fault and each fault case 

has three different severity levels. These faults are introduced to the check valve number 

(5) marked in Figure 2. 

 

Figure 2. Schematics of the systems model 

Eight different data signals were measured and recorded during simulation of the system 

model. These signals include motor speed reference and response, 3 motor current sig-

nals, piston and rod side pressure and accumulator pressure. Further information about 

the systems model can be found in a publication by Azeez et.al [12].  

It is worth mentioning that all the signals recorded are required for normal operation of 

the system and thus no new instrumentation i.e., new sensors are needed for the clas-

sifier. 

Case study is performed using Google Colaboratory (Colab) environment which allows 

the execution of Python code on Googles hardware via means of cloud computing [13]. 

In this case both a graphics processing unit (GPU) and a Tensor Processing Unit (TPU) 

are utilized. 

1.3 Outline of the work 

The remainder of the thesis is structured as following. In Chapter 2, first the pre-pro-

cessing methods used in the case study are described after which ML methods used are 

described. The pre-processing methods include normalization methods and feature ex-

traction methods, and the ML methods include the classifier, CNN and a more complex 
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version of it, the residual neural network (ResNet) and the layers needed to construct 

them. Also in this chapter, the various supporting methods for the ML algorithms needed 

in the case study are described, including loss function and regularization. The chapter 

ends with the description of model evaluation methods. Chapter 3 presents the case 

study and results achieved in it. These results are discussed in Chapter 4. Final conclu-

sions and future work are found in Chapter 5. 
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2. BACKGROUND 

In this chapter pre-processing and machine learning methods important for the case 

study are described. First the feature extraction -subchapter includes spectrogram (SG), 

wavelet transform (WT) and Wigner-Ville distribution (WVD). After these data normaliza-

tion methods are described. Next two sub-chapters present the principles and building 

blocks of classifiers used. Thereafter loss function and different regularization tech-

niques, including dropout, early stopping and L2 regularization are described. In the last 

sub-chapter 2.7 different model evaluation metrics are defined. 

As in every ML application some data pre-processing steps need to be taken in PHM. 

General practice includes data cleaning, normalization, feature extraction and -selection, 

and imbalanced data handling [14]. In the case study presented in this thesis, the data 

is synthetic data with no missing values or outliers. Therefore, after inspecting the data, 

no special data cleaning was required. There was also no need for imbalanced data 

handling, as the dataset was balanced with equal amount of data for each specific class. 

2.1 Feature engineering 

Feature engineering or feature extraction is a process of transforming data to a form that 

is easier to interpret [4,14]. In the context of ML, the interpreter is the classification model. 

Three domains have been well established in CBM literature: time domain, frequency 

domain and time-frequency domain.  

Frequency domain is an important extension of time domain as it can reveal hidden phe-

nomenon in a signal which are not easily seen in the time representation [15]. There is, 

however, a clear limitation to it: when transforming signal to frequency domain, all the 

information about the temporal domain is lost. It is therefore best suited for stationary 

signals but with the presence of non-stationary signal other means of feature extraction 

should provide better results [4]. Frequency domain features include Fourier transform, 

power spectrum, higher order spectra etc. 

Time-frequency or time-scale domain attempts to combine time and frequency domains 

and show the energy distribution along the time axis [16]. These methods transform the 

signal into two-dimensional map with time on one axis and frequency or scale on the 

other. Time-frequency domain features include spectrogram, Wigner-Ville distribution, 

Choi-Williams distribution [17], wavelet transform, instantaneous power spectrum etc. 
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Following sub-chapters describe the feature extraction methods selected for the case 

study. 

2.1.1 Spectrogram 

The spectrogram, which is widely used in signal processing for inspecting signals prop-

erties in time-frequency plane, can be attained by first calculating a signals short-time 

Fourier transform (STFT) and then taking its magnitude squared [18].  

The idea of the STFT is to divide a signal into multiple segments and calculate Fourier 

transform of these segments individually. This way, a spectrum in time-frequency domain 

can be constructed. Parameters that need to be selected include the segment length, 

window, and overlap. Selecting larger segment length results in increased resolution in 

time domain but decreased resolution in frequency domain. It is therefore impossible to 

achieve high resolution in both domains using the STFT. [1]  

The STFT is given by 

𝑆(𝑓, 𝜏) = ∫ 𝑥(𝑡)𝑤(𝑡 − 𝜏)𝑒−𝑗2𝜋𝑓𝑡∞

−∞
𝑑𝑡,    ( 1 ) 

where 𝑤(𝑡) is the selected window [18].  

2.1.2 Wavelet transform 

WT decomposes a signal into so called wavelets, which are fixed size sinusoids but can 

be translated and dilated in time. WT is given by  

𝑊𝑇𝑥(𝑡, 𝑎) =
1

√|𝑎|
∫ 𝑥(𝑢)ℎ∗ (

𝑢−𝑡

𝑎
)

∞

−∞
𝑑𝑡,    ( 2 ) 

where ℎ∗ is selected waves convolution in time, 𝑎 is the selected scale and 𝑡 is the trans-

lation [16,18]. WT can be divided into discrete wavelet transform and CWT. Discrete 

wavelet transform is achieved by discretizing the scale after which time is discretized 

according to scale [18]. 

The base wavelet of the CWT with no translation or dilation is known as the mother 

wavelet. There are several mother wavelets to choose from such as Morley, Shannon, 

and Mexican hat. Some of the CWTs are complex valued and as such, without further 

processing ill-suited for ML. Basic principle for choosing a wavelet is to select one that 

has best resemblance to the features in the signal [16]. In Figure 3 a collection of different 

real-valued mother wavelets is displayed. These wavelets include a) Morley wavelet, b) 

Mexican hat wavelet and c) 5th order Gaussian wavelet. 
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Figure 3. Examples of different mother wavelets 

In addition to selecting the mother wavelet, when using CWT, one needs to decide the 

scales used. The scales are inversely related to frequencies in the signal. CWT coeffi-

cients are calculated for each scale and thus increasing quantity of scales increases 

number of calculations needed. 

Compared to SG, WT offers better resolution in both time and frequency as it employs 

variable sized windows. For low frequencies represented by high scaling values, the 

window is long. For high frequencies represented by low scaling values, the window is 

short. [19] 

2.1.3 Wigner-Ville distribution 

The Wigner distribution was first devised is 1932 and modified in late 40’s by Ville, re-

sulting in WVD. It is given by 

𝑊𝑥(𝑡, 𝑓) = ∫ 𝑥 (𝑡 +
𝜏

2
) 𝑥∗ (𝑡 +

𝜏

2
) 𝑒−𝑗2𝜋𝑓𝜏𝑑𝜏,

∞

−∞
   ( 3 ) 

where 𝑥∗  is convolution in time. [12] 

WVD offers good resolution in both time and frequency domain [16], however, due to the 

bilinear nature of WVD, the result suffers from interference terms in multicomponent sig-

nals [4]. This can result in misinterpretations when performing signal analysis and hence 

improvements to the classical WVD have been devised. WVD is real-valued and there 

are no selectable parameters. 

2.2 Normalization 

When dealing with heterogenous data, some form of normalization is needed for provid-

ing the ML algorithm data such that each sample is comparable to the other. Normaliza-

tion is not performed to generate new features, but rather to improve model performance. 

Common normalization methods include min-max normalization and z-score normaliza-

tion. [20] 
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Min-max normalization scales the values so that minimum and maximum become pre-

determined ones and values in between are scaled linearly. It is given by 

𝑣′ = 𝑎 +  
(𝑣−𝑚𝑖𝑛(𝐴))(𝑏−𝑎)

max(𝐴)−min(𝐴)
,     ( 4 ) 

where 𝑎 is new minimum, 𝑏 is new maximum, and A is all values. Common practice is to 

normalize values between [0, 1] or [-1, 1]. 

Z-score normalization, also known as standard normalization, normalizes values accord-

ing to gaussian distribution with mean of 0 and standard deviation of 1. It is more robust 

to outliers that the min-max normalization [20]. Z-score normalization is achieved by 

𝑣′ =  
𝑣−𝐴̅

𝜎𝐴
,      ( 5 ) 

where 𝐴̅ is mean of all values and 𝜎𝐴 is standard deviation of all values. 

2.3 Convolutional neural network 

Convolutional neural network is an extension of an artificial neural networks designed to 

recognise spatial patterns in two dimensional images. Motivation for the development of 

CNN was the realization that in images, pixel values in proximity of each other are more 

meaningful than values far away. A convolutional layer of a CNN therefore uses a con-

volutional window to construct feature maps for the next layer. A general form of a CNN, 

displayed in Figure 4, consists of an input layer, a convolutional layer, a pooling layer, 

and a fully connected output layer. [21] Input layer is needed to define the shape of the 

input image for the network. 

 

Figure 4. General form of a CNN with detail of a convolutional layer and a pooling 
layer 
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2.3.1 Convolutional layer 

A convolutional layer is a layer maintaining the trainable parameters, that is the weights 

and bias, of the network. It maps the input layer using a convolutional window, also called 

kernel, and produces new features. The weights are the values within the kernel. The 

process is illustrated in Figure 4, where xn is the value of the pixel and wn is the network 

weight. For 3 dimensional images each layer has its own kernel and weights, but the 

result is summed together with one bias term. [22] This results in a connection between 

image layers and spatial positions of features. 

When mapping an image or a feature map, one needs to decide what to do near the 

edges. This is called padding. Two commonly used techniques in ML are zero-padding 

and no padding. When zero-padding, pixels outside the edge are considered 0. This 

allows the convolutional layer to maintain the image dimensions. No padding on the other 

hand results in smaller spatial dimensions of the output than the input with kernel sizes 

larger than 1x1, as the kernel is not allowed to go over the edge. 

For the convolutional layer, or a fully connected layer, to be able to make decisions and 

to be nonlinear, it needs an activation function which is applied after calculating the out-

put. [22] Numerous activation functions exist but two are used in the case study of this 

thesis: rectified linear unit and normalized exponential function, also known as softmax. 

Rectified linear unit is given by 𝑓(𝑥) = max (0, 𝑥). It thus removes all negative values 

from outputs which has proved to be successful in many ML applications. [22] 

Main use of the softmax function is in the last output layer as it provides probabilities for 

classification. Softmax is given by 𝜎(𝑥𝑗) =
𝑒

𝑥𝑗

∑ 𝑒𝑥𝑖𝑖
, and it outputs probabilities between 0 

and 1 with sum of 1. [22] 

CNNs employ relatively large amount of hyperparameters that need to be decided or 

tuned. For a convolutional layer these include convolutional window and stride size, num-

ber of feature maps to be generated, which padding to use, and what type of activation 

to use. Adding more layers brings about new sets of hyperparameters. 

2.3.2 Pooling layer 

Pooling layer is used to reduce the number of features passed to the next layer [22]. 

Pooling can be done locally using a window or globally. Common methods include aver-

age pooling which takes the average of the values, or max pooling which maintains only 

the maximum value. For windowed pooling the size of the window and stride must be 
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decided. An example of a 2x2 windowed pooling with stride size of 2 is illustrated in 

Figure 4. 

2.3.3 Fully connected layer 

A layer in an ANN is constructed of multiple neurons that calculate the linear combination 

of the inputs. After the calculation, non-linearity is added by the activation function. A 

fully connected layer is a layer in which every neuron is connected to every output of the 

previous layer. [22] 

In a classification task utilizing a CNN, a fully connected layer, also called dense layer, 

is needed for the final prediction. It is also possible to add fully connected layers before 

the final output layer. 

2.4 Residual network 

Development of CNNs has led to increasing the number of convolutional layers, that is 

increased depth of the network. After a certain point, however, adding more layers does 

not increase the model accuracy but decreases it [23]. To combat this degradation prob-

lem a residual network by He et al. [23] has been devised. 

The main idea of a ResNet is to introduce a shortcut connection that skips the convolu-

tional layer and sums the identity values from previous layer and values from the convo-

lutional layer so that 𝐻(𝑥) = 𝐹(𝑥) + 𝑥, where 𝑥 is the input feature map and 𝐹(𝑥) is the 

convolutional mapping. The skip can include multiple convolutional layers at once when 

𝐹(𝑥) becomes the product of these convolutions. Combination of convolutional layer(s) 

and skip connection is called residual block and a ResNet consists of multiple stacked 

residual blocks. 

The skip connection allows layers deep in the network to receive information from earlier 

layers rather than just the convolution of last layer. A variation of the skip connection is 

to use 1 x 1 mapping kernel instead of the identity. This variation shows promise in a 34-

layer ResNet [23], however it falls short in deeper networks, such as a 110-layer one 

[24]. 

Major advantage of a ResNet is that it can reach better accuracies in image classification 

with less parameters than a traditional CNN [22]. Better results can be obtained just by 

stacking same residual blocks which results in less need for hyperparameter tuning. 
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2.4.1 Batch normalization 

Batch normalization (BN) devised by Ioffe et al. [25] is a method similar to normalization 

introduced in chapter 2 but used inside neural networks to normalize inputs. Motive for 

realization of BN was to combat distribution changes of the inputs during model training. 

These distribution changes are mitigated with BN, however the reasons why it helps the 

training process of a DNN are still under discussion [26]. 

BN allows the use of higher learning rates and more varying weight initialization leading 

to faster and more robust training process. It also has a regularizing effect on the model 

which prompts better generalization. [25,26] It is thus common practice to employ BN 

when building a ResNet [22–24,26]. 

2.5 Loss function 

An ANN is trained by feeding it data for which the network makes calculations and pro-

duces an output. After receiving the output, a loss function, also known as error function 

or cost function, is needed to determine how good the output answer is compared to the 

correct answer. The network training thus becomes an optimization problem in which the 

loss needs to be minimized. 

Several different loss functions exist. In the case study of this thesis, categorical cross-

entropy is used. It is given by 

𝐸(𝑊, 𝑏) = − ∑ 𝑦𝑖 𝑙𝑜𝑔(𝑝𝑖) ,𝑚
𝑖=1     ( 6 ) 

where 𝑦 is the correct probability, 𝑝 is the predicted probability and 𝑚 is the number of 

classes. [22] 

After the loss is calculated, the weights and bias of the network are adjusted so that the 

output answer is more like the correct answer. This calculation and adjustment can be 

done one sample at a time, a fixed number of samples called mini batches at a time or 

for the whole dataset. Feeding the whole training dataset once to the network is referred 

to as an epoch. 

2.6 Regularization 

Deep neural networks can fit very complex functions and, when sufficiently deep, can 

learn all the values of training samples and “remember” the classes rather than learn the 

intrinsic phenomenon constituting to the classification. Remembering classes is not a 

desired property and is referred to as overfitting. Adding learnable parameters to the 

network leads to more complexity and usually more overfitting [27]. 
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The flipside of the coin is called underfitting which means the model is unable to fit the 

data properly and is generally a result of a model that is too simple [27]. A good model 

is a one that has neither overfitting nor underfitting. Such a model has good generaliza-

tion ability, meaning it produces the best results when classifying unseen data.  

One of the techniques to avoid or reduce overfitting is regularization. Different regulari-

zation methods include dropout, early stopping and L1 or L2 regularization. 

Common way for detecting overfitting is to split the data into two sets: training set and 

validation set. It is a clear sign of overfitting if the model accurately predicts the training 

set but not the validation set. Overfitting or underfitting can be observed by plotting the 

model losses over training epochs. This is illustrated in Figure 5 where three different 

training scenarios are plotted.  

 

Figure 5. Training losses of three different scenarios in respect to training epoch 

Plot a) titled “Overfitting” shows both the training loss and validation loss decreasing until 

a certain point after which the validation loss starts increasing whereas training loss 

keeps decreasing. This indicates overfitting. 

Plot b) titled “Underfitting” shows validation loss decreasing faster and to a smaller 

amount than training loss. These are signs of underfitting and can be caused by too 

much regularization. 

Plot c) titled ‘Good fit’ has both the training- and validation loss decreasing and approach-

ing same value. It is thus indicating good generalization ability. 

2.6.1 Dropout 

Dropout is a regularization technique in which a percentage of connections inside an 

ANN are dropped out or ignored during the training phase. The connections to be 

dropped are chosen randomly and are changed for each iteration round. Dropout allows 

a more evenly distributed decision-making, one where certain parts or nodes in the net-

work do not dominate over others [22]. 
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2.6.2 Early stopping 

Splitting data into training set and validation set can be further exploited for regularization 

by a method called early stopping. An ANN can be considered as a learning surface that 

increases in complexity as the training process continues. Early stopping stops the train-

ing before the surface becomes overly complex. [28] 

In early stopping, error of the validation set is monitored and the weights from iteration 

round producing lowest error on the validation set are used. These weights have the 

lowest amount of overfitting and best generalization ability. 

Early stopping is easy to implement and has no effect on the computations of the network 

parameters [27]. 

2.6.3 L2 regularization 

L2 regularization, also known as weight decay, is a regularization technique in which a 

regularization term is added to the error function so that 

𝐸̃(𝑤) = 𝐸(𝑤) +
𝜆

2
𝑤𝑇𝑤,     ( 7 ) 

in which 𝜆 is the regularization coefficient and 𝑤 is the network weighs. This results in 

networks parameters decaying to the direction of zero thus reducing the complexity of 

the learning surface. [28,29] 

2.7 Model evaluation 

Developing a classification model is a process of trial and error. Therefore, some metrics 

are required to compare the performance of models and whether advancements have 

been made. One easily understandable metric is accuracy, which is number of correctly 

classified samples divided by the total number of samples. Accuracy is a good basic 

indicator of model performance, but it falls short for example when the dataset is highly 

biased, meaning one class has more samples than another, or when the number of clas-

ses is high. It is thus essential to compute some additional, more advanced, metrics for 

model evaluation. 

2.7.1 Confusion matrix 

Confusion matrix shows the classifiers predictions in a matrix pattern. One axis has the 

prediction labels, and the other one has the true labels. From the confusion matrix, dif-

ferent forms of hits and misses can be easily counted. For a binary problem, samples 
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that are correctly classified as “Positive”, are called true positive (TP) and samples cor-

rectly classified as “Negative” are called true negative (TN). Samples falsely classified 

as “Positive”, and samples falsely classified as “Negative” are called false positive (FP) 

and false negative (FN) respectively. [22] This is illustrated in Table 1. 

Table 1. Confusion matrix of a binary problem illustrated 

 

Predicted label 

P N 
Tr

u
e 

la
b

el
 

P True positive False negative 
 

N False positive True negative 
 

 

     

For a multiclass problem, values are counted for each class separately. TP are values 

correctly classified as belonging to the class and TN are values correctly classified as 

not belonging to the class. FP are values falsely classified as belonging to the class and 

FN are values falsely classified as different class. 

2.7.2 Metrics 

Using the confusion matrix introduced in subparagraph 3.4.1 some important metrics for 

evaluating a classification model can be calculated, namely precision, recall, and f-score 

[30]. 

Precision is given by 

𝑃𝑟 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
,      ( 8 ) 

and it measures the number of samples correctly classified as belonging to a certain 

class with respect to samples incorrectly classified as belonging to the class. 

Recall or sensitivity is given by 

𝑅𝑐 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
,      ( 9 ) 

and it measures the classifiers efficiency to find samples belonging to a certain class. 

Precision and recall can also be combined to a single scoring metric the f-score given by 

𝐹𝛽 =
(𝛽2+1)∗𝑃𝑟∗𝑅𝑐

𝛽2𝑃𝑟+𝑅𝑐
,     ( 10 ) 
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Term 𝛽 is used to control the importance of precision over recall as in some scenarios it 

can be beneficial to favour one over the other [22]. Choosing 𝛽 = 1 results in harmonic 

mean of precision and recall known as F1-score. 

For a multiclass problem micro-, macro-, or weighted average of precision, recall and f-

score can be calculated. Micro average is calculated as according to sum of predictions, 

whereas macro average is the arithmetic mean of class scores. Thus, macro average 

does not consider imbalances between classes [30]. Like the micro average, weighted 

average does consider class imbalances but is calculated from individual class scores 

multiplied by the percentage of class samples. Formulas for the weighted average 

scores, which are used for evaluation in this thesis, are found in Table 2. 

Table 2. Multiclass weighted average metrics and their formulas. wi is the class weigh. 

Metric Formula 

Precisionw ∑ 𝑤𝑖 ∗

𝑐𝑙

𝑖=1

𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑃𝑖

 

Recallw ∑ 𝑤𝑖 ∗

𝑐𝑙

𝑖=1

𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑁𝑖

 

Fβ-scorew 
(𝛽2 + 1) ∗ 𝑃𝑟𝑤 ∗ 𝑅𝑒𝑤

𝛽2 ∗ 𝑃𝑟𝑤 ∗ 𝑅𝑒𝑤
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3. CASE STUDY & RESULTS 

In this chapter the case study, results and procedures used are explained. First the pre-

processing procedures including pre-processing parameter selection are described. 

Then the comparative raw method is explained after which the initial classifier training 

and results are presented. Improved classifier training and results are presented in sub-

chapter 3.4 and summary of the classification results with both classifiers is found in sub-

chapter 3.5. Last sub-chapter explains and displays results of an additional test per-

formed. 

The purpose of the case study was to compare different feature engineering methods in 

terms of classification results. The case study was thus performed so that the data, de-

scribed in chapter 1.2, was first pre-processed using different methods and then used to 

train different classifiers. Afterwards models were tested, and evaluation scores calcu-

lated. 

Three different feature extraction methods were chosen for the case study. The methods 

were spectrogram, continuous wavelet transform and Wigner-Ville distribution. These 

extraction methods map a signal into time-frequency, or in case of CWT time-scale, 

plane which results in the classification problem becoming essentially image classifica-

tion. Hence a CNN classifier was selected as it is a natural choice for image classifica-

tion. 

Programming was done using Python programming language. Tensorflow library with 

keras front-end and scikit-learn [31] was utilized for the machine learning part. Other 

noteworthy libraries include scipy [32], pytftb, and pywt [33] which were used in the signal 

processing part. 

3.1 Sampling and image generation 

Data used in the case study is simulated signal data with total length of 20 000 data 

points for each fault case. DNNs generally require large number of samples [22] and 

consequently data was segmented using a sliding window as suggested in [34–37]. Win-

dow length and step length of 4096 and 64 respectively were chosen resulting in total 

number of 248 segments for each fault class. A feature map for each signal was gener-

ated from the segment data points. These feature maps were then resized using gauss-

ian smoothing and stacked to form the final image with a shape of (256 x 256 x 8). The 

process is illustrated in Figure 6. 
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Different forms of normalization including min-max normalization and z-score normaliza-

tion for signal segments and feature maps were tested and evaluated using test accuracy 

from initial CNN. Highest scoring normalization method was used afterwards. These 

were min-max normalization of the feature map for SG, min-max normalization of the 

feature maps columns along scale axis for CWT, and z-score normalization of the signal 

for WVD. 

 

Figure 6. Segmentation and feature map generation 

3.1.1 Parameter selection 

Two of the feature extraction methods require some parameters to be chosen as stated 

in chapter 2. For the SG, Hann-window with segment length of 128 points and no overlap 

was selected. This resulted in square shaped images so that no stretching of the image 

was needed when upscaling to the classifier input shape. 

For the CWT mother wavelet “Morley” was selected. Scales from 1 to 256 were selected 

again to avoid unnecessary stretching of the image. 
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3.2 Raw method 

As a comparison, a method utilizing no prior-to-classification feature engineering was 

devised. Similar method together with a CNN has been successfully used in fault diag-

nostics for example by Zhang et al. [37] and Li et al. [38] In this method, later referenced 

to as raw method, signals were segmented like in other introduced methods, after which 

the signal segments were z-score normalized individually and stacked to form a single 

layer image of shape 4096 x 8. 

3.3 Classification with CNN 

The CNN architecture illustrated in Figure 7, and used in the case study consisted of an 

input layer, three convolutional layers and two fully connected layers. Maximum pooling 

was used after each convolutional layer and dropout was applied to last convolutional 

and first fully connected layers. Categorical cross-entropy was selected as the loss func-

tion and rectified linear unit as the activation function. Last dense layer, which was re-

sponsible of the probability distribution over the 16 different classes, utilized normalized 

exponential function as activation. 

 

Figure 7. Network architecture of the CNN used 

3.3.1 Hyperparameter tuning 

Even with the relatively small number of layers such as in the CNN devised for the case 

study, number of hyperparameters becomes too large to test one by one in a reasonable 

manner. For this purpose, a random search over a pre-established parameter space was 

performed. The test was performed for each feature extraction method individually. 

Some of the hyperparameters were selected in advance to further narrow down the 

search space and were same for each feature extraction method. These included drop-

out amount, size of final pooling window, and number of neurons in first dense layer 

which were set to 0.5, 4 and 128 respectively. 
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For the hyperparameter tuning, dataset size was reduced to 20 percent of the original. 

The dataset was then split to training and validation datasets with a factor of 3:1. 

Weighed F1-score was used to evaluate the performance of the model with used hy-

perparameters. Total number of 100 different hyperparameter combinations were tested 

with 2-fold cross validation. This means the dataset was split in half. Then one half was 

used for training and the other one for evaluation after which the evaluation half was 

used for training and training half for evaluation. The average of the evaluation score 

was used. Models were trained for 20 epochs per combination. The search space and 

selected hyperparameters for each feature extraction method can be found in Table 3. 

Table 3. Hyperparameter search space and results 

Search space Selected hyperparameters 

Layer Hyperparameter Values Raw SG WVD CWT 

Conv1 Number of filters 16, 32, 64 16 64 64 64 

 Kernel size 2, 3, 4, 6 3 3 4 2 

Conv2 Number of filters 64, 128, 256 128 64 128 128 

 Kernel size 2, 3, 4, 6 2 2 6 3 

Conv3 Number of filters 128, 256, 512 256 128 512 256 

 Kernel size 2, 3, 4, 6 3 4 6 4 

All convs Stride size 1, 2, 3 2 1 3 1 

Pooling Kernel size 2, 3 3 2 2 3 

 

* All kernels are square shaped, i.e 2 means 2x2 
kernel    

3.3.2 Results 

After tuning the hyperparameters, classification models were constructed and trained. 

Due to hardware limitations in Colab, 1/6 of the samples were left out resulting in total 

number of 3306 samples. One quarter of these samples were held out to form a testing 

dataset and remaining ones were split into training and validation datasets by a factor of 

4:1. 

All four models were trained for a total of 50 epochs and best model weighs were se-

lected using early stopping strategy. Accuracy on the validation set was used to deter-

mine best weights. These were reached at epoch numbers 46, 47, 7, and 19 for CWT, 

SG, WVD and Raw methods respectively. Learning rates were set to 0.001 in the begin-

ning and reduced by a factor of 0.4 every time training loss reached a plateau. 

As can be observed from Figure 8, training loss and validation loss are close to each 

other for SG, WVD and Raw models. This points towards successful regularization and 

good generalization for these models. For CWT the validation loss is lower than training 

loss, which suggests that less regularization could yield better results. This is further 



22 
 

emphasized by observing Figure 9 which shows loss curves along training epochs. In 

that figure validation loss is lower than training loss throughout the training process. 

 

Figure 8. CNN model losses of best epochs 

 

Figure 9. Loss curves of CWT+CNN method 

In Figure 10 accuracies of the models are listed. Best accuracy by a margin was reached 

with CWT feature extraction as the test accuracy of this method was 75%. Second best 

test accuracy was achieved by WVD followed by SG and Raw. In Figure 10 also the 

slight underfitting of the CWT+CNN method can be observed with training accuracy be-

ing 15 percent points lower that validation accuracy and 13 points lower than test accu-

racy. 
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Figure 10. CNN model accuracies of best epochs 

Observing Figure 11, Figure 12, Figure 13 and Figure 14 which show normalized confu-

sion matrices of different models, it can be resolved that all the feature extraction meth-

ods worked well in categorizing classes 7-9. These classes belong to blocking fault and 

its three severity levels. All the models except for the one utilizing CWT, however strug-

gled in classifying samples from any other classes. 

Further examination of the Figure 11 reveals, that CWT+CNN method performed well on 

classes 1-3 and classes 7-13. Classes 4-6 were mixed as well as classes 14 and 15. 

This mixing is however a minor error as classes 4-6 represent different severity levels of 

same fault, the leakage fault, and classes 14 and 15 represent two most severe levels 

of deadband fault. More problematic though is that the classifier was unable to distin-

guish class 0, the healthy state from other classes, specifically classes 4 and 5 which 

belong to leakage faults. 
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Figure 11. Normalized confusion matrix of CWT+CNN test predictions 

 

Figure 12. Normalized confusion matrix of SG+CNN test predictions 
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Figure 13. Normalized confusion matrix of WVD+CNN test predictions 

 

Figure 14. Normalized confusion matrix of Raw+CNN test predictions 
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3.3.3 Model size and training time 

Hyperparameters of the classifiers for different feature extraction methods were tuned 

individually. This resulted in different number of trainable parameters for each of the 

method, thus affecting the training times. Networks were trained using GPU mode of 

Colab which used an Nvidia Tesla K80 graphics processor. The feature extraction meth-

ods also require different amounts of time. These are all listed in Table 4. Time consump-

tion of the hyperparameter tuning was the same, approximately 2 hours for all the meth-

ods, and is therefore not listed here. 

Table 4. Comparison of CNN model sizes and time consumption 

 CWT SG WVD RAW 

Feature extraction 
time, 3968 samples 

5h4m 3m12s 30h58m8s - 

Training time 27m33s 13m35s 5m32s 50s 

Total time 5h31m33s 16m47s 31h3m40s 50s 

Number of trainable 
parameters 

8 991 312 4 348 816 2 730 832 797 360 

The CWT method ended up favouring heavily the first dense layer with 8 388 736 pa-

rameters out of the total 8 991 312 belonging to that layer alone. Similar behaviour was 

observed with SG where first dense layer consisted of 4 194 432 parameters out of the 

total of 4 348 816. The WVD method had strong emphasis on the last convolutional layer 

(2 359 808 parameters), whereas the parameters of raw method were most evenly dis-

tributed amongst convolutional layers and dense layers. The small total number of train-

able parameters of the raw method compared to the other methods is explained by 

smaller input size. 

3.4 Classification with ResNet 

One feature extraction method was above the others when classified with a CNN but no 

significant differences in evaluation metrics could be seen when comparing the other 

methods. Therefore, to validate the performance of the extraction methods and to test 

whether the scores could be increased, an improved convolutional network was devised. 

Wang et.al [39] compared the classification performance of 11 different ML methods us-

ing 44 different time series datasets. Inspired by the good results achieved in their study 

by ResNet, it was implemented to the case study. 
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3.4.1 Network architecture 

The network architecture used consists of 3 residual blocks each with 3 convolutional 

layers. Bach normalization is utilized after all convolutional layers. After final residual 

block there is a global average pooling layer and a 16-node dense layer like the one in 

the CNN of this thesis. The network is illustrated in Figure 15. 

The three convolutional layers in the residual blocks use kernel sizes of 8x8, 5x5 and 

3x3 with stride length of 1. First residual block produces 64 feature maps and the two 

latter ones 128. The skip connection is a kernel size 1x1 mapping. The loss function is 

categorical cross-entropy and the activation function rectified linear unit. 

 

Figure 15. Network architecture of the ResNet used 

The network has 11 layers with total number of 2 873 488 trainable parameters. Same 

network and hyperparameters listed above were used for all the feature extraction meth-

ods. 

3.4.2 Results 

The datasets used for training, validation and testing were the same as with the CNN 

and were introduced in 3.3.2. CWT method was trained for 50 epochs, but for the other 

ones this proved to be too short training amount. SG and WVD were consequently 

trained for 100 epochs and raw method for 150 epochs. Similar approaches and values 

for early stopping and learning rate were used as with the CNN.  

After initial testing it was concluded that all the models had varying degrees of overfitting. 

Therefore, to improve generalization of the models, L2 regularization was added to all 

convolutional layers. The value of λ was 0.007 for CWT and raw, 0.001 for WVD and 

0.0001 for SG. 
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Training losses and validation losses of the best training epoch are found in Figure 16. 

Highest validation accuracy yielding best epoch was reached at epochs 50, 72, 21 and 

127 for CWT, SG, WVD and raw respectively. The CWT had lowest validation loss fol-

lowed by WVD, raw and SG. 

 

Figure 16. ResNet model losses of best epochs 

Observing Figure 17, where the loss curves of WVD+ResNet classifier are plotted over 

training epochs, after the best epoch validation loss starts increasing while training loss 

keeps decreasing. This is clear sign of overfitting and shows how early stopping is work-

ing well in regularizing the model in this instance. 
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Figure 17. Loss curves of WVD+ResNet method 

In Figure 18 ResNet model accuracies are presented. Best validation accuracy was 

achieved by CWT while raw method was second with a difference of 4 percent points. 

On third place was WVD followed by SG. A clear gap was left between 2 top performers 

and 2 last ones. 

 

Figure 18. ResNet model accuracies of best epochs 

In Figure 19, Figure 20, Figure 21 and Figure 22 normalized confusion matrices of the 

test predictions of different models are displayed. Same phenomenon as with the CNN 

classifier is present here, where samples from classes 7-9 were well detected by all 

models. The SG method in Figure 20 could not classify much else reliably whereas WVD 
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in Figure 21 was able to distinguish well classes 13-15, the 3 severity levels of deadband 

fault. 

In Figure 19 the CWT method had misses with class 6 as it classified 42 percent of these 

samples to a class one severity level lower. Otherwise, this method performed well. 

 

Figure 19. Normalized confusion matrix of CWT+ResNet test predictions 
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Figure 20. Normalized confusion matrix of SG+ResNet test predictions 

 

Figure 21. Normalized confusion matrix of WVD+ResNet test predictions 
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Although it could find healthy samples better than the CWT method, the raw method in 

Figure 22 showed some non-optimal behaviour with some of the samples from other 

classes. 25% of the samples belonging to class 6, the most severe level of leakage, were 

classified as class 3, most severe level of spring fault. Similarly, 33% of class 15, the 

most severe deadband fault, were classified as class 12, the most severe friction fault. 

 

Figure 22. Normalized confusion matrix of Raw+ResNet test predictions 

In Table 5 ResNet training times of different feature extraction methods are displayed. 

Training was done in Colab using the TPU-mode. A comparative training using the GPU- 

mode was also performed to get an even evaluation of the training times with the CNN. 

For this the model was trained for 10 epochs and time was multiplied by 5.  

As stated earlier each network has the same number of trainable parameters. Two fac-

tors contribute to the differences in training times here: number of epochs trained and 

input size of the model. CWT was able to find a good fit with only 50 epochs. The WVD 

also found the best fit early but was trained longer to find out if better score could be 

achieved later in the training. The SG needed 100 epochs and raw method 150 epochs 

to converge to a solution. 

The comparative training shows that GPU training is approximately 13.75 times slower 

than TPU training in this instance. 
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Table 5. ResNet training times 

 CWT SG WVD RAW 
CWT with 

GPU 

Feature extrac-
tion time, 3968 

samples 
5h4m 3m12s 30h58m8s - 5h4m 

Training time 19m38s 34m27s 34m12s 29m54s 4h21m10s 

Total time 5h31m33s 16m47s 31h3m40s 50s 9h25m10s 

Number of 
epochs trained 

50 100 100 150 50 

3.5 Summary 

In Figure 23 evaluation scores of all the tested models are displayed. The test set used 

had 51 or 52 samples for each class totalling 827 samples. Precision, recall and F1-

scores were calculated using the weighted average of class scores. 

The figure shows that comparison with other metrics than accuracy yields similar results. 

Three models stand out from the rest. These models are CWT+CNN, CWT+ResNet and 

Raw+ResNet. The highest scoring method, CWT+ResNet, achieved scores of 0.95, 

0.96, 0.95 and 0.95 for accuracy, precision, recall and f1-score respectively where the 

same metrics for second-best model, Raw+ResNet were 0.91, 0.93, 0.91 and 0.91. 

Also seen in the figure is that all the feature engineering methods and the raw method 

performed better when classified with ResNet. The most significant increase was 

achieved by the raw method where F1-score increased from 0.21 to 0.91. 
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Figure 23. Summary of evaluation metrics 

3.6 Additional test 

For the purpose of verifying model performance, an additional test was conducted with 

the CWT+ResNet method. This test utilized a different dataset in which the same faults 

as with the original dataset were introduced to the accumulator, marked number (3) in 

Figure 2, of the systems model. Same signal data was collected as before. 

The network was trained from the beginning using same strategies as before. Initial tests 

showed the network was overfitting, hence L2-regularization was increased to a value of 

0.02 from 0.007 used for the original dataset. Other hyperparameters were kept the 

same. 

The network was trained for 150 epochs and reached highest validation accuracy on 

epoch 143. In Figure 24 categorical cross-entropy and accuracy are displayed. Valida-

tion loss was higher than with the original dataset, however the test accuracy was good 

with 91% of the samples correctly classified. 

CWT+CNN
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WVD+CNN
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Raw+CNN
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Accuracy 0,75 0,95 0,25 0,34 0,29 0,47 0,23 0,91

Precision 0,76 0,96 0,21 0,25 0,24 0,39 0,2 0,93

Recall 0,75 0,95 0,25 0,34 0,29 0,47 0,23 0,91

F1-score 0,73 0,95 0,22 0,26 0,24 0,41 0,21 0,91
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Figure 24. CWT+ResNet loss & accuracy of best epoch on dataset 2 

From Figure 25, which shows the normalized confusion matrix of the test predictions, it 

can be seen that only bigger issues are with class 10, light leakage in this case. From 

these samples 23% were classified as class 15, the most severe spring fault. 

 

Figure 25. Normalized confusion matrix of WVD+ResNet test predictions on 
dataset 2 
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4. DISCUSSION 

The first research question of this thesis was which feature extraction method provides 

best accuracy for the case study. It was deducted that this is achieved by first studying 

the literature in the field and then conducting a case study to test the most promising 

methods found. Hence, past literature was studied, and 3 proven methods were selected 

for a comparative case study. Selected methods were CWT, SG, and WVD. Each one 

of these methods has its own strengths and weaknesses. 

Computationally the lightest method is SG, followed by CWT and finally WVD. This is 

best demonstrated in Table 4 where feature extraction times are displayed. Some se-

lectable parameters have an impact on extraction times, such as window size for SG and 

number of scales for CWT, however the differences are clear and if the parameters are 

within reasonable range the order remains the same. 

An aspect to consider when choosing a feature extraction method is the selection of 

parameters that affect the result of the process. The WVD has no selectable parameters, 

which was a major factor for including it as one of the methods in the case study. For 

example the smoothed pseudo Wigner-Ville distribution which smooths cross-term inter-

ference present in WVD would require the selection of smoothing window size for time 

and frequency [16]. SG and CWT require some parameters to be selected and hence 

require expert knowledge about signal processing techniques.  

An important parameter for SG is the length of the time window that is used to segment 

the signal. This parameter directly controls if the result has good resolution in time or 

frequency domain. The trade-off results in a situation where, for properly displaying 

changes, different signals require different parameters depending on whether a good 

resolution in time or frequency is needed. In the case study all 8 sensor signals were 

processed with the same parameters, and the fact that one segment size does not work 

universally for different signals is a possible explanation why SG was not able to reach 

good classification accuracy. 

CWT on the other hand can provide good resolution in both time and frequency. When 

using CWT, the feature map can be improved with parameter selection but, according to 

the case study, for machine learning purposes same parameters work more universally 

for different signals than when using SG. It should be noted though that classification 

using datasets constructed with different feature extraction parameters was not tested in 

the study. 
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When constructing time-frequency feature maps the signal can be segmented with cer-

tain number of data points. Challenge here is to find a number that provides ample 

amount of data for accurate classification but does not result in overly long computation 

time in pre-processing. What is ample number of data points depends on the application 

and there are examples in literature where success has been achieved with 200 data 

points [36] and 100 000 data points [34]. The case study was performed using 4096 data 

points. Datasets using lower number of data points were also tested in early stages of 

the case study, however they provided insufficient information for the classification. 

The initial classification was performed with a 5-layer CNN. Hyperparameters of the clas-

sifier were tuned individually for each feature extraction method so that best possible 

results with this architecture would be achieved. The hyperparameter space would result 

in 10 368 different combinations which was clearly too many to test one by one. Thus, a 

random search with 100 different combinations was performed. Although random search 

does not provide absolute best solution there was significant variation in scores between 

hyperparameter combinations pointing towards successful selection for each method. 

The results with the CNN were in favour of the CWT method with an F1-score of 0.73 

against 0.24 of the second best, the WVD. A direct answer to whether a model is good 

or bad cannot be simply formed from the evaluation metrics as they are always case 

sensitive. The fact that all 3 other methods had significantly lower scores, however, is an 

indicator that the score of CWT method is good. Second research question of the thesis 

was what can be considered an accurate classifier in this context. According to the re-

sults in chapter 4.3.2 the CWT+CNN classifier can be considered accurate. The only 

major problem with the model was when classifying healthy cases. This could be circum-

vented by allowing minor leakage in the component to which faults were introduced. An-

other positive indicator is, that most of the misses were classified as same fault, but 

different severity level. This shows that the method can reveal intrinsic changes in the 

system which result from a certain fault. The results also reveal the importance of feature 

engineering in this instance as differences in evaluation metrics with the highest scoring 

method and other methods, including the raw method, were considerable. 

In an effort to improve upon the results of the CNN, and to answer research question 3: 

can the results of the case study be improved with amendments to the classifier, a 

deeper, more sophisticated neural network devised by Wang et al. [39] was constructed. 

Tests were then conducted using the same pre-processing methods as earlier. This net-

work consisted of 3 residual blocks with total layers numbering 11. A different approach 

than with the CNN was used regarding the networks hyperparameters. In this approach 
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hyperparameters were kept the same for all the feature engineering methods. Only ex-

ception was L2-regularization factor which was tuned individually for every method to 

match the need of regularization. The fact that the other hyperparameters of the network 

were not optimized in any way leaves room for improvement in the scores of all the 

methods. This optimization should not drastically change the scores. It could however 

be important in practical applications where top performance in classification is sought 

after. 

Classification results using the ResNet were largely consistent with the ones with CNN. 

CWT performed the best with F1-score of 0.95, while SG and WVD were well behind 

with scores of 0.26 and 0.41 respectively. The raw method showed promise with the 

ResNet, and the method was able to reach validation accuracy and F1-score of 0.91 for 

both. As the results summarized in Figure 23 show all the methods improved their scores 

when the classifier was changed to the ResNet. This answers the research question 

number 3: the results can be improved by making changes to the classifier. The results 

here also show how a sufficiently deep CNN can construct feature maps from raw data 

alone and reach good classification accuracy without the need for feature extraction. The 

raw method might thus be a favourable approach in some applications, for example when 

computational time is important. 
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5. CONCLUSION 

In this thesis different feature engineering methods were considered and tested. The 

main objective was to find a method that provides highest accuracy when used in the 

pre-processing phase of a machine learning classifier. The data used was time-series 

data from a simulations model of a direct driven hydraulics system. Different classes 

were different faults and severity levels introduced to a component in the system. 

The question of best feature engineering method proved to be very much case sensitive, 

as methods which were successfully and with high evaluation scores used in past scien-

tifical studies did not all perform well in the case study of this thesis. With the fact that 

compared methods in the case study were selected according to literature review, it is 

therefore hard to conduct whether the highest scoring method here is the absolute best 

of all the possibilities.  

High performance in various evaluation metrics was however achieved with one feature 

extraction method. The CWT achieved high performance with the initial 5-layer convolu-

tional neural network and the performance was increased with a deeper, 11-layer resid-

ual network. Secondary objective of building a pipeline that accurately classifies the data 

was thus achieved. The performance of the CWT+ResNet method was further validated 

with an additional test utilizing different dataset from the same systems model. 

5.1 Future work 

There remain many different methods for feature extraction that were not tested in the 

case study. It is therefore possible to find better solutions to the problem by testing addi-

tional feature engineering methods. Another way of increasing the classification score or 

reducing calculation time would be fine-tuning the parameters used for CWT, for example 

by lowering the number of scales. Testing smaller image sizes or ruling out certain un-

important sensors could be used to reduce calculation time as well, while larger image 

size might increase the evaluation scores at the cost of increased calculations. Tuning 

of the ResNet hyperparameters is also a possible solution for improving the model eval-

uation metrics. 

Looking from a broader perspective, the methods used here could be tested further by 

introducing noise to the data or by testing with data from an experimental real-world 

setup. New faults or co-existing faults could also be introduced to the system. 
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