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Abstract 

In recent years, the popularity of intelligent prognostics on sensor data has been growing 

significantly. In most previous studies, however, the assumption is made that train and test data 

are taken from the same distribution. In real-world applications, this is hardly ever the case due 

to working condition variations, which results in inapplicable approaches. For prognostics 

approaches under variable working conditions, some transfer learning-based methods have been 

proposed in previous research, but these all make use of deep learning architectures which 

assume an abundance of data. Within machine learning (ML), transfer learning (TL) focuses on 

learning a task on one domain while reusing this learned knowledge on another domain. Domain 

adaptation (DA) relates to TL where it aligns the distributions of two or more domains for a 

better transfer of knowledge. This thesis proposes two DA methods to classify the states of health 

of aerospace engines under variable working conditions. Firstly, Transfer Component Analysis 

(TCA) is proposed, which aligns the marginal discrepancy of the varying datasets. Next, the Joint 

Distribution Adaptation (JDA) model, which is an extension of the TCA algorithm, is proposed 

which also aligns the conditional distribution discrepancies. Extensive empirical experiments 

were conducted on four datasets with varying operational- and fault conditions which validate the 

applicability of transfer learning methods under data size restrictions. We evaluate the 

performance of nine ML classifiers in the prognostics task to further decrease the gap in the use 

of DA for prognostics. This research showed promising results of our proposed models with 

respect to the various dataset characteristics. 
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1 Introduction 

This project was carried out as a Master thesis project for the MSc degree in Operations 

Management & Logistics at Eindhoven University of Technology. The project was performed at 

Fokker Services B.V. in Hoofddorp, the Netherlands. The report describes the application of 

the domain adaptation (DA) methods, Transfer Component Analysis (TCA) and Joint 

Distribution Adaptation (JDA), for prognostics purposes in an aerospace domain. The main 

scientific contribution of this MSc. Thesis is the partial fulfillment of the research gap of transfer 

learning applications in the Prognostics & Health management (PHM) domain. After the 

proposed domain adaptation (DA) methods, multiple classical machine learning (ML) classifiers 

are compared and discussed. 

This chapter starts with a description of the background and the problem context of Fokker 

Services B.V. in Section 1.1. Secondly, the datasets used in our experiments are introduced in 

Section 1.2, which is succeeded by the research questions in Section 1.3. Section 1.4 presents 

the methodology that is used to answer these research questions. Lastly, Section 1.5 provides the 

outline of the MSc thesis. 

1.1 Fokker Services 

Fokker Services (FS) is part of Fokker Technologies. Fokker Technologies is a global aerospace 

specialist that was founded in 1919 by Anthony Fokker. In 2015, the company was acquired by 

GKN Aerospace but to date, the company still operates under the name Fokker Technologies. 

Fokker Technologies consists of five business units, Fokker ELMO, Fokker Landing Gear, 

Fokker Aerostructures, Fokker Techniek and Fokker Services (FS). Fokker Services focuses on 

aerospace component maintenance, repair and overhaul (MRO) activities. FS aims to 

continuously improve its maintenance practices by either improving maintenance quality or by 

decreasing maintenance costs. Their ambition is: “Being the world’s most innovative aerospace 

service provider of affordable and reliable availability solutions to airlines, original equipment 

manufacturers and MRO’s”. In order to attain this ambition, FS must ensure its maintenance 

policy is above the standard in the market.  

FS distinguishes its customers into two segments. ABACUS customers and commercial 

customers. The ABACUS program is a lease program, where the customer is invoiced on a 

power-by-the-hour basis. FS is the owner and service provider of a pool of airplane components 

and leases these components to operators, billing them for each usable flight hour. Commercial 

customers send in their own parts for MRO services and these are just billed for the MRO 



 

 

activities itself. Because the majority of FS’ customers are part of the ABACUS program a major 

cost-incentive is to reduce maintenance activities, improve reliability and increase uptime since 

FS gets paid per flight hour and has to pay for maintenance activities itself. 

Around 2016, FS started researching condition-based maintenance (CBM) practices (Claessens, 

2017). This research project had two main outcomes. Either FS should place sensors on their 

customers’ airplanes which would send real-time data with information of the state of health of 

the airplane parts. The other outcome was to make use of historical data and try to build 

prediction models for this kind of data. FS started with the latter because of possible weight and 

political problems that could arise with the placement of these real-time sensors. Hence, the 

company decided to conduct research and build a ML model which determines the state of 

health of integrated drive generators (IDG) of the Fokker 100 airplane (Mrait, 2019). The IDG 

was chosen since it is one of the biggest cost drivers in the area of MRO activities on airplanes. 

At the moment of writing, FS faces the problem that maintenance orders for IDG’s of the Boeing 

737 are increasing while orders for the Fokker 100 planes are decreasing. The dataset of the 

Boeing 737 is still very limited, both in size and in labels which makes a classical ML algorithm 

infeasible. The IDG’s are spun on an aero-engine simulator in the factory after reparation. This 

simulator performs practically the same tests for both the Fokker 100 and the Boeing 737, but 

with varying working conditions due to i.e. size differences. 

Problem definition 

Within ML, domain adaptation (DA) is a sub-discipline in which a model is trained on a source 

domain and used on a different but related target domain. Because FS has access to a labeled 

source domain and a different, but related unlabeled target domain, this MSc thesis project will 

research the possibilities of domain adaptation (DA) methods in order to assess the state of health 

of the Boeing 737 IDG, while making use of the dataset from the Fokker 100 IDG. The Boeing 

737 IDG and the Fokker 100 IDG differ in size, which results in variable sensor values after the 

engine simulator. As presented, the Boeing 737 dataset consists of very limited data which is 

practically unlabeled. Since this data is essentially unlabeled, it is impossible to test the 

performance of our proposed DA methods on these datasets. For this reason, this MSc thesis 

performs its experiments on surrogate datasets for the training and evaluation of the proposed 

DA models. The surrogate datasets consists of four aero-engine degradation multivariate 

timeseries datasets which are collected under variable working conditions and will be described 

in more detail in the next section. 

  



 

 

1.2 Turbofan Engine Degradation Simulation Data Sets 

The datasets from the Commercial Modular Aero-Propulsion System Simulation (C-MAPSS) 

(Saxena, Goebel, Simon, & Eklund, 2008) are used for testing the performance of our proposed 

models. C-MAPSS is a tool, developed by NASA to realistically simulate large commercial 

turbofan engines. The NASA Prognostics Center of Excellence at Ames offers four datasets 

consisting of turbofan engine run-to-failure multivariate timeseries. Each of the four datasets has 

different operating conditions, different fault modes or both. For more information  about the 

datasets, see Table 1.1 and Figure 1.1. For convenience reasons, the Turbofan Engine 

Degradation Simulation Datasets will be referred to as C-MAPSS datasets for the rest of this 

paper. 

The C-MAPSS data was first made public during the data challenge competition held at the first 

IEEE International Conference on Prognostics and Health Management (PHM08). During this 

competition, the true RUL values were not made public yet of course. The C-MAPSS 

prognostics datasets have been downloaded over 35 thousand times and have been referred to 

by more than 70 papers since 2008. The goal of the competition was to train a regression 

algorithm on the training samples to predict the remaining useful lifetime of the test samples. 

The final score of the RUL performance was the weighted sum of all RUL errors. Hence, the 

smallest RUL error was the winner of the competition.  

Since these surrogate datasets come from an aero-engine simulator and are collected under 

different working conditions, the datasets are the most related open source datasets for the 

problem of FS. The datasets of FS are single measurements instead of timeseries. Therefore a 

transformation of the run-to-failure timeseries into statistical features was performed making use 

of various signal processing methods. These transformations were done to transform the C-

MAPSS data into an even closer surrogate to the data of FS. Chapter 4 explains the performed 

case studies and our data mining methodology in more depth. 

Table 1.1: Experimental settings C-MAPSS datasets 

 

 

Figure 1.1: Simplified diagram of the C-MAPSS turbofan engine 



 

 

1.3 Research questions 

Following the problem context as explained in the sections above, the main research question of 

this research can be defined as follows: 

“How can transfer learning methods improve health state predictions of rotating machinery 

parts in the aerospace industry under varying working conditions?” 

In order to answer this main research question, we came up with four smaller research questions 

which are explained below. 

• Research Question 1: What ML and TL techniques for PHM activities have already been 

conducted on airplane engines or other rotating machinery? 

This first research question is answered by a conducted literature study. It is essential to do an 

extensive research into the existing literature in order to understand what was already done, to 

critically evaluate research which was already conducted and to provide evidence for our own 

findings. 

• Research Question 2: How does data transformation impact the proposed transfer 

learning performance? 

This second research question is answered by an analysis of the extracted features after the data 

preparation phase. It is essential to understand what signal processing methods and features have 

more information regarding the state of health classifications. 

• Research Question 3: What factors are essential for the proposed TL model to estimate 

precise states of health of rotating aerospace parts? 

This third research question addresses the strengths and weaknesses of the proposed model. 

Which characteristics of the datasets are essential for a good knowledge transfer? What 

combination of algorithms do perform the best for these essential factors? 

• Research Question 4: Is the proposed TL model feasible to be applied in the aerospace 

industry? 

This final question answers whether the proposed transfer learning models are of practical use 

to Fokker Services B.V. 

  



 

 

1.4 Methodology 

In order to build a transfer learning model which can assess the state of health of rotating airplane 

parts, the research questions from section 1.3 are answered. Research question 1 is answered by 

the literature study performed in Chapter 2. First, all information regarding prognostics methods 

is distinguished and evaluated. Next, transfer learning is explained and all transfer learning 

models with respect to PHM are presented. The final goal for this question is to find a good 

combination of domain adaptation and prognostics methods. Research question 2 is answered 

in Chapter 4. Chapter 4 describes how the experiments of this MSc thesis are conducted. It 

describes the shape and forms of the datasets after they have been transformed to resemble the 

datasets of FS better and which features have a higher performance for each related dataset. 

Research question 3 is the most extensive question which is answered mostly in Chapters 0 and 

6. The proposed DA models are tested and evaluated. The best performing ML classifiers are 

chosen with respect to the dataset characteristics and their relative performance. The last research 

question, which is the most practical of nature, is answered in Chapter 6 and 0, where the total 

research is recapped and concluded.  

1.5 Thesis outline 

The rest of this MSc Thesis report is structured as follows. Chapter 2 will start by explaining 

some key concepts and notations on the field of PHM and TL, followed by a summary of the 

extensive literature study, carried out during the project. Chapter 3 will give a detailed description 

of the proposed domain adaptation (DA) methods. Chapter 4 gives a more detailed description 

of the methodology and experiments carried out. Chapter 5 provides the results of these 

conducted experiments. Chapter 6 & 7 are the discussion and conclusion respectively, where the 

results of this MSc thesis are discussed and the research questions answered. The conclusion will 

recap the research and discusses its limitations and implications for further research and practical 

use. 

  



 

 

2 Background & Related Work 

This section provides an overview of some key concepts within this MSc thesis. The domain of 

Prognostics & Health management is explained in combination with condition-based 

maintenance and remaining useful life predictions. Next, an extensive description of transfer 

learning is provided. Finally, an overview of the most relevant and present transfer learning 

applications with respect to PHM in the literature are presented. 

2.1 Prognostics & Health Management 

“Prognostics & Health Management (PHM) aims to provide users with an integrated view of the 

health state of a machine or an overall system.”  

(Lee et al., 2014) 

 

Figure 2.1: Differencing perception of diagnostics and prognostics (Lee et al., 2014) 

PHM can be distinguished into two topics: Diagnostics and Prognostics. Diagnostics is carried 

out to analyze or investigate the cause or nature of a situation, condition or problem. Prognostics 

is the art of calculating or forecasting the future, which is a result of a rational study of available 

and suitable data. Prognostics includes detecting emerging failures and predicting remaining 

useful lifetimes (RUL). Within prognostics, there are three main approaches. The data-driven, 

physics-based and hybrid approach (An, Choi, & Kim, 2013). The data-driven approach makes 

use of historical (training) data to identify characteristics of the currently measured damage and 

to predict a future tendency of the system. Physics-based approaches assume a physical model 

that describes the respective damage. This physical model in combination with some measured 

data will identify model parameters and predict the future. Lastly, the hybrid approach combines 

the two methods above (Chen, Cao, & Mao, 2018; Ordóñez, Sánchez Lasheras, Roca-Pardiñas, 

& Juez, 2019). Figure 2.2 gives a good overview of the PHM approaches. 



 

 

 

Figure 2.2: Overview of Prognostics & Health management (Chen et al., 2018) 

Next to PHM, the literature also describes condition-based maintenance (CBM) which 

originated from some other maintenance strategies. Maintenance activities have always been an 

expensive and daunting element in the lifecycles of products. The literature typically distinguishes 

two primary maintenance policies, corrective maintenance policies and proactive or preventive 

maintenance policies (Prajapati, Bechtel, & Ganesan, 2012). As the name explains, a corrective 

maintenance policy conducts maintenance activities after the product or equipment fails. 

Corrective maintenance policies are especially useful for small non-integrated plants where repair 

costs and/or down time of the equipment is low, when the machinery does not break that quickly 

and/or it is not a critical component for daily operations (Martin, 1994). A maintenance policy 

developed somewhat later would be the preventive maintenance policy. A typical form of this 

policy would be to set periodic intervals for machine inspections and maintenance. Determining 

a perfect maintenance interval is critical for a scheme like this to be effective. Bazovsky (1961) 

was the first to make use of mathematical optimization methods in a preventive maintenance 

context. Jardine (1973) made use of decision models to determine optimal replacement or 

overhaul intervals. This was done by analyzing historical reliability and cost data. Although these 

optimal intervals were calculated very intelligently, they will not prevent catastrophic failures 

completely, some of the maintenance activities can be redundant and it simply feels more labor 

intensive. Condition-based maintenance (CBM) was extensively discussed in the paper of 

Prajapati, Bechtel, & Ganesan (2012). CBM is typically classified as a preventive maintenance 

policy as presented in Figure 2.3. 

“The goal of CBM is to perform maintenance only upon evidence of need.” 

(Prajapati et al., 2012) 

Geitner & Bloch (2012) found that 99% of all machine failures are preceded by a detectable 

indicator. The CBM program tries to avoid unnecessary maintenance tasks by looking at 

abnormalities in data or behaviors of physical assets. The three key elements of effective CBM 

are data acquisition, data processing and decision making (Heng, Zhang, Tan, & Mathew, 2009). 



 

 

CBM is often seen as the bigger brother of age-based maintenance. A lot of literature mixes up 

both terms or distinguish slight differences. Unfortunately, these differences are inconsistent 

throughout the literature as well. This MSc thesis assumes both terms to be practically the same, 

since they have the shared goal of determining a critical point of machinery before the actual 

failure takes place.  

 
Figure 2.3: Overview of maintenance policies 

This critical point, or the remaining useful lifetime (RUL) is one of the most important factors 

of CBM (Huang et al., 2007; Wang & Zhang, 2008) and PHM (Gaperin, Juriić, Bokoski, & 

Viintin, 2011; Pecht & Jaai, 2010). Accurate RUL predictions result in a significant reduction in 

downtimes, spare-parts inventory, costs and dangers in general. Remaining useful life prediction 

models are built on historical records and produce predictions directly in terms of condition 

monitoring (CM) data. In Figure 2.2, data-driven approaches within PHM, are in the form of 

Machine Learning (ML) techniques and statistical techniques. The arrow from statistical 

techniques to ML techniques indicates that studies sometimes make use of both with respect to 

PHM. Preprocessing of data such as the extraction of features in a time domain is often done 

with statistical techniques. In step two, ML techniques could be used for decision making. The 

most prominent ML techniques for RUL estimations in the literature are Neural Networks (NN), 

Support Vector Machines (SVM), K-Nearest Neighbors (KNN) and Random Forests (RF) (Ben 

Ali, Chebel-Morello, Saidi, Malinowski, & Fnaiech, 2015; Mahamad, Saon, & Hiyama, 2010; 

Mosallam, Medjaher, & Zerhouni, 2016; Soualhi, Medjaher, & Zerhouni, 2015; Tran, Thom 

Pham, Yang, & Tien Nguyen, 2012; Wu, Jennings, Terpenny, Gao, & Kumara, 2017). The 

kinematics of equipment used in prognostics research mostly behave in a nonlinear mood. This 

consequently results in the use of nonlinear classification methods. Kernel-based SVM methods 

have been proven to work well on such condition prediction problems (Yanfeng & Haibin, 2006). 

NN’s are also very promising tools for equipment health condition and RUL prediction because 

of their adaptability, nonlinearity, and arbitrary function approximation ability (Tian & Zuo, 

2010).  



 

 

The statistical techniques have a much wider variety of methods. Si et al. (2011) come with a well-

structured literature study which is one of the first to provide an overview of multiple statistical 

based RUL researches. They, amongst others distinguish the reviewed statistical approaches 

based on direct condition monitoring (CM) data and indirect CM data as presented in Figure 2.2 

as well. Direct CM data is classified as the data which describes the fundamental state of a system 

directly, where the RUL estimation is actually a prediction of the predefined threshold level of 

the CM data. Examples of direct data would be crack sizes or visible wear. Indirect CM data is 

the data which can only indirectly or partially indicate the underlying state of the system. 

Examples for this kind of data would be vibration data, oil temperatures and sounds. There are 

a lot of statistical techniques covered extensively throughout the literature and most methods are 

out of scope for this MSc Thesis. For more information on statistical techniques, the following 

papers provide detailed information on the topic (Chen et al., 2018; Lee et al., 2014; Si et al., 

2011). Next to all indirect CM statistical methods, this MSc thesis will not be using any direct 

CM data. For more information on direct CM data, the following literature is referenced (Gu, 

Barker, & Pecht, 2007; Ray & Tangirala, 1996; Sun, Ma, Mathew, Wang, & Zhang, 2006).  

2.2 Transfer Learning 

Throughout the world, machine learning techniques are becoming increasingly important. Self-

driving cars, personal online shopping recommendations, fraud detection and of course PHM 

are only a few examples of the magnitude of the industries where machine learning is already 

being used. Next to this growing practical use, the availability of data is growing fast and 

exponentially. Unfortunately, not all of this data is easily accessible. Data can be expensive, time-

consuming or simply impossible to collect. Traditional data mining and machine learning 

algorithms make forecasts on the future, based on statistical models that learned from historical, 

previously collected, labeled or unlabeled data. They are known for the fact that they require 

sufficient amounts of data where the training and test data are drawn from the same feature space 

and distribution. In some cases, only a limited amount of training data is available which is 

insufficient for traditional machine learning techniques. In this case, knowledge transfer or 

transfer learning can be used. Research on transfer learning has attracted increasing attention 

since 1995 (Pan & Yang, 2010). 

 
Figure 2.4: Different learning processes between machine learning and transfer learning (Pan & Yang, 2010) 



 

 

Consider a domain D, which consists of a feature space χ and a marginal probability P(X), where 

X = {𝑥1…𝑥𝑛}  ⊆ χ. For example, if a specific learning task is spam mail classification, and each 

term is taken as a binary feature, then feature space χ is the space of all possible feature vectors, 

𝑥𝑖  is the 𝑖𝑡ℎ feature vector corresponding to some documents, and X is a particular learning set 

of data. Generally, it can be said that when two domains differ, they either have different feature 

spaces, different marginal probability distributions or both.  

Next to a domain, 𝐷 =  {χ, P(X)}, a task 𝑇 has two components as well. It consists of a label 

space У and an objective predictive function ƒ(∙), (Т = {У, ƒ(∙)}). The predictive function cannot 

be observed, but is learned from the training data which consists of pairs between train and target 

data {𝑥𝑖, 𝑦𝑖}, with 𝑥𝑖 ∈ 𝑋 and 𝑦𝑖 ∈ У. ƒ(∙) is used to predict the corresponding label, ƒ(x), of a 

newly entered instance 𝑥. ƒ(x) could also be written as P(𝑦|𝑥). In the classification of spam mail, 

У would be the label space containing all labels 𝑦𝑖, where 𝑦𝑖 is “True” or “False” or “Spam” and 

“No spam”. Now that all definitions and notations have been described, a formal definition of 

transfer learning can be defined: 

Transfer Learning – “Given a source domain 𝐷𝑆 and learning task 𝑇𝑆, a target domain 𝐷𝑇 and 

learning task 𝑇𝑇, transfer learning aims to help improve the learning of the target predictive 

function ƒ𝑇(∙) in 𝐷𝑇 using knowledge in 𝐷𝑆 and 𝑇𝑆, where 𝐷𝑆 ≠ 𝐷𝑇 , or 𝑇𝑆 ≠ 𝑇𝑇. “  

(Pan & Yang, 2010) 

The condition DS ≠ DT, implies that either the feature spaces χS ≠ χT, the marginal probability 

distributions P𝑆(X) ≠ P𝑇(X) or both are different. This means for instance that for the spam 

classification example either the term features are different, or the marginal distributions differ 

between the source and target data sets. A task is defined as Т = {У, 𝑃(У|𝑋)}. So, in turn, the 

condition TS ≠ TT implies that either label spaces УS ≠ УT, conditional probability distributions 

P(У𝑆|𝑋𝑆) ≠ P(У𝑇|𝑋𝑇) or both differ from each other. When both target and source domains 

are the same and their respective learning tasks are the same as well, (DS = DT, or TS = TT) the 

remaining learning problem becomes a traditional ML problem.  

Table 2.1: Overview of notations within the TL domain 

 

Within the transfer learning domain, a lot of differences between source and target domains and 

tasks can be distinguished respectively. For instance, when the feature space of the source domain 

is the same as the feature space of the target domain, χS = χT, but the available source dataset is 

drawn from a domain that is related to, but does not exactly match the target domain, 

homogeneous transfer learning can be used to construct a predictive model for the respective 



 

 

target domain. This only holds, when the input feature space of both source and target domain 

are the same (Weiss, Khoshgoftaar, & Wang, 2016). Most homogeneous transfer learning 

techniques make use of domain adaptation (DA). DA tries to alter the source or both source and 

target domain to bring the probability distribution of the respective domains closer to each other. 

This can either be a correction in marginal probability distribution differences, conditional 

probability distribution differences or both. Domain adaptation can be considered as a certain 

step within transfer learning which aims to leverage knowledge learnt from a source domain to 

use in a different but related target domain by reducing probability distribution differences. 

 
Figure 2.5: Graphical example of a distribution alignment 

In previous literature, there are lots of inconsistencies in the use of terminologies with respect to 

the availability of labeled and unlabeled data. Weiss, Khoshgoftaar, & Wang (2016) give a lot of 

examples of papers mixing up these terminologies. Chattopadhyay et al. (2012) defines 

supervised transfer learning as the case of having an abundant of labeled source data and limited 

labeled target data. The authors use the term semi-supervised transfer learning, when there is an 

abundance of labeled source data and no labeled target data at all. Other authors, like Gong, Shi, 

Sha, & Grauman (2012) use the term semi-supervised transfer learning for an abundance of 

labeled source data and limited labeled target data. When there is no labeled target data, the 

authors refer to this TL type as unsupervised TL. This MSc thesis will not provide any of these 

terminologies and will just state whether the respective source and target domains are labeled, 

partly labeled or not labeled at all. Most cases of transfer learning assume unlabeled target 

domains. 

Next to homogeneous transfer learning, there is also heterogeneous transfer learning. This is the 

case when feature spaces between source and target domains are different. Heterogeneous TL is 

still relatively new as most works covering this topic have been published in the last 5 years. 

According to Weiss, Khoshgoftaar, & Wang (2016) there are two main approaches to tackle the 

difference between feature spaces. The first approach is called symmetric transformation, which 

separately transforms both domains into one common latent feature space. It attempts to create 

unification of both input spaces. The second approach is asymmetric transformation, which 

aligns the input feature spaces by transforming the source domain. As the data sets for this MSc 

thesis are formed in a way that they have the same feature spaces, homogeneous transfer learning 



 

 

methods are used. Heterogeneous transfer learning will therefore not be discussed in any more 

detail. For the remainder of this paper, when the word “transfer learning” is used, we refer to 

homogeneous transfer learning. Hence, feature spaces are equal but distributions differ. 

In summary, the field of transfer learning consists of a couple of unique terms and options. The 

domain of interest is called the target domain which is mostly unlabeled or the availability of its 

data in general is scarce. The other domain on which the model is trained is called the source 

domain, which has the same feature space and is related to the target domain but has different 

probability distributions. In a classification problem, the source domain usually has an 

abundance of labeled data in order to train the classifier. When there is no labeled source data 

and target data, use transfer learning for tasks as clustering and dimensionality reduction, but not 

for classification and regression problems. Domain adaptation is the process in which the 

distributions between both domains are aligned respectively. 

2.2.1 Dataset differences 

Domain adaptation is the process of adapting the source domain in such a way that the 

distribution differences between source and target domain become aligned. Next to distribution 

differences, there also exist some other possible differences between datasets. Datasets from 

different domains will usually have one or more of these differences between them. This sub-

chapter will briefly summarize Sample selection bias, Covariate Shift, Context Feature Bias, 

Domain class imbalance, Feature Distortion and Class distortion. Each of the profiles above has 

a possibility for multiple individual tests to capture the distribution differences. 

• Sample selection bias is the distribution difference between source and target data 

originated by biased sampling. Biased sampling occurs when some part of the population 

is less likely to be included in the dataset. 

• Covariate shift is the marginal distribution difference between source and target domain, 

which is measured by a change in the probability of the input features independent of the 

class label. 

• Dataset shift does almost always exist in real world problems. It is the shift that occurs 

when the joint probabilities of the source and target domain differ.  

• Context Feature Bias exists when a feature in one domain takes a different meaning in 

another domain. This form of bias happens mostly in text sentiment prediction. 

• Domain class imbalance exists when the class probability of one domain has a 

significantly different class probability than that of the other domain. Hence, in a binary 

classification task, the source domain has 50% True labels, but the target domain only 

consists 20% of True labels. 

• Feature distortion is noise in features of an instance. An example would be a 

malfunctioning sensor with different resolutions between the source and target data. 



 

 

The data of both FS and C-MAPSS were collected by engine-simulators running with different 

working conditions. It is assumed that the datasets are affected by covariate shift and dataset shift 

due to the working condition variations. It is known that there is little domain class imbalance in 

the C-MAPSS datasets but this would actually be unknown since the target domain is unlabeled. 

Lastly, feature distortions are not assumed in the C-MAPSS datasets. The datasets of FS are 

collected, one IDG at a time and checked and filled in by an operator. When the noise is 

significant, it is assumed that the operator will notice. Next section will describe various DA 

methods in relation to the problem at hand. 

2.2.2 Domain adaptation methods 

There is wide variety of DA methods to be found in the literature. This section will only describe 

a sub-space of them. The problem at hand for FS and our surrogate C-MAPSS datasets have 

related tasks, differing domains and an unlabeled target domain. For these characteristics, Pan & 

Yang (2010) make a distinction between instance-based DA approaches and feature-

representation DA approaches. Instance-based approaches attempt to re-weight the samples in 

the source domain in order to correct for marginal distribution differences between the source 

and target domains. The re-weighted source instances are used in the target domain for training 

purposes. Instance weighting, also named importance sampling attempts to correct the sample 

selection bias (Chattopadhyay et al., 2012; Xia, Pan, & Xu, 2018). Feature-representation DA 

methods attempt to find a new feature representation in order to reduce distribution differences 

between respective domains. Feature representation methods are more present in the literature 

and the experiments mostly assume a single source domain and unlabeled target data. Next, do 

feature-representation methods also try to correct for both marginal and conditional distribution 

differences instead of only marginal distribution differences (Long, Wang, Ding, Sun, & Yu, 

2013; Long, Wang, Sun, & Yu, 2015). Since sample selection bias is not applicable to this case 

and the literature on feature-representation based DA methods is more extensive, the scope will 

be limited to this area of DA methods.  

The most common feature representation DA method is Transfer Component Analysis (TCA). 

TCA uses a Reproducing Kernel Hilbert Space (RKHS) in combination with the mean 

maximum discrepancy (MMD) to discover common but hidden features between source and 

target domain which are similar with respect to their marginal distributions. TCA assumes similar 

conditional distributions. MMD methods are moment matching methods and make use of 

kernel tricks for transformations of the datasets. TCA is the foundation for a couple of extended 

DA methods. The Joint Distribution Adaptation (JDA), method proposed by Long et al. (2013) 

has the goal to simultaneously correct for marginal and conditional distribution differences 

making use of pseudo labels after the TCA algorithm is performed. Wang, Chen, Hao, Feng, & 

Shen (2017) take the JDA algorithm a step further and propose the Balanced Distribution 

Adaptation (BDA) method which is different from JDA in a way that JDA ignores the relative 



 

 

importance between the distribution differences of the two domains. BDA adaptively weights the 

importance of the marginal and conditional distribution adaptations exploiting a balance factor 

𝜇. The balance factor takes a value between 0 and 1, where 0 means the marginal distribution 

difference is more important and vice versa. The methods all assume balanced classes among 

the domains.  

Next to MMD methods, there are also other feature-representation based DA methods. The 

Geodesic flow kernel (GFK) DA method was introduced by Gong, Shi, Sha, & Grauman (2012). 

GFK reduces marginal distribution differences between source and target data making use of a feature 

reduction process. A reduced input feature space is used for a geodesic flow kernel, which is 

accomplished by embedding both datasets in a Grassmann manifold. The GFK projects a huge 

number of subspaces which lie on the geodesic flow curve. This curve creates a smoothing function 

for the statistical and geodesic properties between the respective datasets. The GFK algorithm detects 

domain-invariant subspaces on the geodesic flow curve to further reduce marginal distribution 

differences. The Manifold Embedded Distribution Alignment (MEDA) proposed by Wang et al. 

(2018) has some similarities to the GFK method because it also learns a domain-invariant classifier 

in a Grassmann manifold with structural risk minimization. MEDA made a first attempt to calculate 

the balance factor 𝜇 of BDA. Stratified Transfer Learning (STL) is proposed by Wang, Chen, 

Hu, Peng, & Yu (2018). The algorithm also makes use of the MMD distance metric. Next, it 

aligns conditional distributions by creating pseudo labels based on various ML classifiers in a 

majority voting setup. It is also a variation of the JDA, BDA and MEDA algorithm. Transfer 

Kernel Learning (TKL) was firstly proposed by Long et al. 2015). It also makes use a RKHS but 

instead of an MMD, it makes use of a Nyström kernel approximation to find the extrapolated 

eigensystem of the source kernel. 

The DA methods described above were initially tested on image, text or video data. They all 

improved significantly from the benchmark and most of the times from TCA as well. These results 

are hardly related to the prognostics problem at hand in this MSc thesis. Next section will discuss 

related works of domain adaptation methods to the PHM domain. 

2.2.3 Transfer learning for prognostics 

In contrast to the traditional TL methods, there have been some deep TL methods scientifically 

successful with respect to remaining useful life predictions. Zhang et al. (2018) proposed a TL 

algorithm making use of a Bi-directional Long Short-Term Memory recurrent neural network 

for the estimation of RUL. They also made use of the C-MAPSS Datasets. The basic idea of a 

Bi-directional Long Short-Term Memory Recurrent neural network is that it captures sequence 

data in both directions, where a normal Long Short-Term Memory Recurrent neural network is 

only able to capture the sequence in a forward direction. The result of the paper was that transfer 

learning is effective in most cases, except when transferring knowledge from multiple operating 

conditions to a single operating condition. Shen, Xu, Sun, Chen, & Yan (2019) present a new 

TL approach which combines transfer compact coding for hyperplane classifiers with an 



 

 

exponential semi-deterministic extended Kalman filter in order to transfer the RUL prediction 

models amid multiple operating conditions. The study proved significant positive results in 

relation to the prediction error. The prediction error was 12.60% in a non-transfer setting and 

2.65% in the transfer-setting. The study proved to be especially successful in different working 

conditions like altering rotating speed or changing axial forces. Sun et al. (2019) propose a Deep 

Transfer Learning network making use of a sparse autoencoder. The sparse autoencoder is 

transferred by three transfer approaches which are weight transfer, hidden feature transfer and 

weight updating. The model is trained on historical run-to-failure data of a cutting tool. Accuracy 

of RUL predictions increases due to feature-transfer learning which makes the deep transfer 

learning network successful in the improvement of performance of deep learning for RUL 

predictions. The papers described in this section all make use deep learning architectures. The 

next section will provide DA methods in relation to PHM without a deep learning architecture.  

2.2.4 Domain adaptation methods for PHM purposes. 

As presented in Section 2.2.2, most traditional DA methods that have been successfully applied, 

were used for text classification, image classification, face recognition and voice recognition 

purposes. There is little to no information about domain adaptation for remaining useful life 

predictions and the papers that do use DA for RUL predictions always make use of deep 

learning. This section will discuss the papers which make use of traditional (non-deep) DA 

methods for PHM purposes.  

The paper of Xie et al. (2016) proposes a TCA based cross-domain feature fusion method on 

gearbox data under varying operating conditions. The authors show, discuss and validate the 

effects of different kernels, which are the Gaussian, Linear, Polynomial and Polyplus kernels. 

The gearbox is tested on different speeds (30Hz, 35Hz, 40Hz, 45Hz and 50Hz) and loads (Low, 

High). After TCA, they make use of a SVM with a linear kernel for classification of the projected 

testing data and the recognition of the failure pattern. The paper shows which features they have 

used. They took the kurtosis, peak-to-peak, root-mean-square, energy operator and crest factor 

of both the raw signal and the signal envelope. Next, a time synchronous average signal was 

formed, where they extracted multiple features, including the five above. TCA with a Gaussian 

kernel shows the most promising results in nearly all experiments, especially in the tests with 

lower frequencies. Next to TCA as a dimensionality reduction or feature-fusion method, the 

authors also make use of principal component analysis (PCA), Kernel-PCA, locally-linear 

embedding and factor analysis. Shen, Chen, Yan, & Gao (2016) propose a bearing fault diagnosis 

method which makes use of the singular value decomposition for feature extraction purposes. 

The first step of singular value decomposition is the creation of an auto-correlation matrix of the 

vibration signal data. Then eigenvectors are extracted, which represent features for characterizing 

faults. Eigenvalues for low dimensions are separated and indicate high differentiation capability 

of the newly created features. Next, a TrAdaBoost algorithm by Dai, Yang, Xue, & Yu (2007) is 



 

 

described which is based on the AdaBoost algorithm (Freund & Schapire, 1997). The basic idea 

of the algorithm is to increase or decrease weights of the source domain to increase the diagnostic 

performance. The paper shows that the proposed TL method scores relatively high in 

classification performance when the target data is limited. When the amount of target data is 

around 150 folds, basic ML and TL score above 95%. Remember that TrAdaBoost is an 

instance-based DA method. Tong, Li, Zhang, & Zhang (2018) also propose a bearing fault 

diagnosis method based on domain adaptation using feature transfer learning (DAFTL). Fault 

diagnosis of bearings assume different marginal and conditional distributions. First, the datasets 

for bearings are obtained via the fast Fourier transformation (FFT) of raw vibration signals under 

variable working conditions. Then, the data is split between two different fault modes, where 

training data is labeled and the test data is not. PCA is used to project both training and test 

samples into one common space. The distribution divergence in this common feature space will 

still be large. Therefore, the authors use a modified MMD to extract robust transferable features. 

Then domain invariant clustering is used to maximize the between-class distance and minimize 

the within-class distance simultaneously. Pseudo labels are created by training a pseudo classifier 

(KNN) on the training data to predict the unlabeled test data. The process is iterative. The 

method proposes a new point of view for solving fault classification under variable working 

conditions. The authors call the method DAFTL but they use exactly the same procedure as 

Long et al. (2013), except for the fact that they introduce domain invariant clustering. Qian, Li, 

Yi, & Zhang (2019) propose a very new TL method called improved joint distribution alignment 

(IJDA). They conducted experiments on motor bearings and gearbox vibration data with variable 

working conditions and validated their results with multiple state of the art DA methods. They 

also processed their time-domain samples with FFT into a frequency-domain. The authors claim 

to align marginal and distributional in a more comprehensive way. de Oliveira da Costa, Akcay, 

Zhang, & Kaymak (2019) proposed a deep learning method based on a Long Short-Term 

Memory Neural Network and a Domain Adversarial Neural Network (LSTM-DANN) for 

domain adaptation in prognostics. The authors conducted experiments on the same C-MAPSS 

datasets as used in this MSc thesis. It was found that the transfer of RUL predictions is more 

effective when transferring knowledge from datasets with more fault or operating conditions that 

their target counterpart. Nevertheless, is the LSTM-DANN model also capable of positively 

transferring knowledge from a dataset with fewer fault or operating conditions to datasets with 

more characteristics. The proposed network showed significant superior performance in contrast 

to the standard TCA and CORAL DA methods. 

To our knowledge are these the only papers about traditional DA methods for PHM purposes 

without a deep-learning architecture. This thesis will refrain from deep learning DA methods 

since the data of this research is small and limited. As presented before, all four researches in 

this section relate to fault classifications and make use of the MMD divergence metric, except for 

the papers of  Shen et al. (2016) and de Oliveira da Costa et al. (2019). There exists a huge gap 

in science regarding TL and PHM, especially for prognostics purposes using traditional DA 



 

 

methods. This thesis builds upon these previous successful non-deep DA methods for fault 

diagnosis on signal data. Since, the challenge at hand is that the source and target domains have 

similar tasks, different domains, unlabeled target data and a limited source and target dataset we 

selected methods from feature-representation DA methods. Like the fault diagnosis methods, 

does our work also entail a classification task. Most papers in this section made use of MMD 

divergence metric. Next, it is not known to what extend the conditional distributions differ. For 

these reasons, we propose Transfer Component Analysis (TCA) and Joint Distribution 

Adaptation (JDA) for this MSc thesis project. This research will fill in a gap regarding traditional 

DA methods for prognostics in the aerospace industry. 

3 The Models: TCA & JDA 

This section presents the domain adaptation (DA) models to classify the health states of aero-

engines with varying fault modes and operating conditions. The JDA method has the goal to 

simultaneously correct for marginal and conditional distribution differences whereas TCA is the 

first iteration of the JDA method and only corrects for marginal distribution differences. When 

looking back at Section 2.2.2, TCA & JDA are characterized as feature-representation TL 

approaches. Firstly, some definitions of terminologies are given, followed by the problem 

definition. Next, the Maximum Mean Discrepancy (MMD) is explained, followed by the feature 

transformation process. Finally the DA methods together with their components and 

functionalities are discussed in more detail. Note that JDA is an extension of TCA, where TCA 

is the first step in the JDA algorithm. 

3.1 Terminology and problem definition 

Consider a Domain D, which consists of a m-dimensional feature space 𝜒 and a marginal 

probability 𝑃(x), where x = {𝑥1…𝑥𝑚} ∈ 𝜒 and 𝐷 = {𝜒, P(x)}. Next, consider a Task 𝐓 which 

is composed of a label set У and a ML classifier 𝑓(x), or T = {У, 𝑓(x)}, where 𝑦 ∈ У and 𝑓(x) =

𝑃(𝑦|x) is to interpreted as the conditional probability distribution. 

We denote a source domain DS = {(x𝑆1 , 𝑦𝑆1),… , (x𝑆𝑁𝑆
, 𝑦𝑆𝑁𝑆

)}, containing 𝑁𝑆 training 

samples, with x𝑆𝑖  belonging to the feature space 𝜒𝑆 and denotes a multivariate comprehensive 

set of 𝑀𝑆 extracted features, or in other words, {x𝑆𝑖 = (𝑥𝑚
𝑖 )

𝑚=1

𝑀𝑆
} ∈ ℝ𝑀𝑆∗𝑁𝑆. The features are 

extracted from multivariate timeseries data and this extraction process is discussed in more detail 

in Section 4.3. Furthermore, 𝑦𝑆𝑖 ∈  У𝑆 denotes one of three health states of the aero-engines 

which correspond to the output of the x𝑆𝑖 feature vectors. Next to the source domain, we assume 



 

 

a target domain DT = {(x𝑇1),… , (x𝑇𝑁𝑇
)}, containing NT training samples, with x𝑇𝑖 belonging 

to the feature space 𝜒𝑇 and denotes a multivariate comprehensive set of MT selected features, or 

in other words, {x𝑇𝑖 = (𝑥𝑚
𝑖 )

𝑚=1

𝑀𝑇
} ∈ ℝ𝑀𝑇∗𝑁𝑇 . We assume 𝜒𝑆 = 𝜒𝑇 , УS = УT, PS(xS) ≠ PT(xT) 

and PS(yS|xS) ≠ PT(yT|xT). So, it is assumed that the source and target domains have the same 

feature and label spaces but different marginal and conditional probability distributions. The 

goals of the models are to learn a feature representation where either only the marginal 

probability distribution is reduced to a minimum, or both the marginal and conditional 

probability distribution differences are reduced to a minimum. 

3.2 Maximum Mean Discrepancy (MMD) 

Many criteria such as the Kullback-Leibler (KB-Leibler) divergence (Kullback & Leibler, 2007), 

are used for the estimation of distribution differences. Many of these divergence metrics are 

parametric, since they usually require an intermediate density function. Gretton, Borgwardt, 

Rasch, Schölkopf, & Smola (2007) proposed the Maximum Mean Discrepancy (MMD) as a 

criterion for the comparison of distributions. MMD is based on the Reproducing Kernel Hilbert 

Space (RKHS) (Steinwart, 2001). Assume domains DS and DT as described in Section 3.1. Let 

X𝑆 = {𝑥𝑆1 , . . . , x𝑆𝑁𝑆
} and X𝑇 = {𝑥𝑇1 , . . . , x𝑇𝑁𝑇

} be random variable sets with distributions PS(XS) 

and PT(XT). The estimation of the distance between PS(xS) and PT(xT), defined by the MMD, 

is 

 Dist(XS, XT) = ‖
1

NS
∑∅(xSi) −

1

NT
∑∅(xTi)

NT

i=1

NS

i=1

‖

ℋ

 (3.1) 

where ℋ is a universal RKHS, and ∅ the universal kernel-induced feature map: 𝜒 → ℋ. 

The distance between the distributions of two domains can be estimated by the distance between 

the means of the two domains, mapped into a RKHS. 

  



 

 

3.3 Feature Transformation 

The Principal Component Analysis (PCA) was first introduced by Pearson (1901) and is used 

for data reconstruction. PCA is a linear dimensionality reduction technique which is used to 

extract information from a higher dimensional space into a lower dimensional space. It attempts 

to preserve parts with more variation of the data and remove the parts with fewer variation. It 

does so by creating principal components. A principal component has both magnitude and 

direction, where the direction represents the axes where the data is most spread out or where the 

variance is highest. The magnitude represents the amount of the variance that is captured by the 

principal component. Each subsequent principal component is orthogonal to the previous and 

also entails less variance. This results in a set of 𝑘 uncorrelated principal components over the 

same label space У. 

Now, consider the input matrix to be X = [x1, … , x𝑁] ∈ ℝ
𝑀∗𝑁, where N = NS + NT and M =

MS = MT. So, the source and target matrices are stacked. Denote H = I −
1

N
∗ 𝑂 the centering 

matrix where I is the identity matrix of N ∗ N  and 𝑂 the N ∗ N matrix of ones. The covariance 

matrix can be computed as XHXT. As we know, PCA tries to find orthogonal principal 

components or in other words, an orthogonal transformation matrix A ∈ ℝ𝑀∗𝑘  where the 

embedded variance is maximized. 

 max
A𝑇A=I

tr(ATXHXTA) (3.2) 

The symbol tr(∙) is the trace of the matrix and this maximization can be solved by 

eigendecomposition XHXTA = AΦ, where Φ = diagonal(ϕ1, … , ϕ𝑘) ∈ ℝ
𝑘∗𝑘 are the k highest 

eigenvalues. This results in finding an optimal k-dimensional representation by 𝑋′ =

[z1, … , zN] = ATX. 

3.4 Transfer Component Analysis (TCA) 

This section is based on section III-C of Pan, Tsang, Kwok, & Yang (2011). The general 

assumption of TCA is that the marginal densities 𝑃𝑆(X𝑆) and 𝑃𝑇(X𝑇) are different. This section 

will attempt to align these densities by finding a common latent representation of both X𝑆 and 

X𝑇 which preserves the data configuration of the two domains after it is transformed. The desired 

transformation is described as ∅ ∶ 𝜒 → ℋ. X′S = {x′Si} = {∅(xSi)}, X′T = {x′Ti} = {∅(xTi)} 

and X′ = X′𝑆 ∪ X′𝑇 are the transformed input sets from both the source, target and combined 

domains respectively. We desire P′S(X′S) and P′T(X′T). The distance between the two marginal 



 

 

distributions PS(XS) and PT(XT) can be measured by taking the squared distance of the empirical 

means:  

 
Dist(X′S, X′T) = ‖

1

NS
∑∅(xSi) −

1

NT
∑∅(xTi)

NT

i=1

NS

i=1

‖

ℋ

2

 (3.3) 

By the minimization of this quantity, a desired nonlinear mapping ∅ can be found. Since ∅ is 

mostly highly nonlinear, optimizing equation (3.3) can lead to poor local minima.  

The key assumption of TCA is that PS(xS) ≠ PT(xT) but PS(УS|∅(XS)) = PT(УT|∅(XT)) under 

the transformation mapping ∅.  

The distance between the two domains in equation (3.3) can be rewritten as: 

 
Dist(X′S, X′T) =  tr(KM) (3.4) 

where 

 
K = [

KS,S KS,T
KT,S KT,T

] (3.5) 

K is a (𝑁𝑆 + 𝑁T) ∗ (𝑁𝑆 + 𝑁T) kernel matrix, K𝑆,𝑆, K𝑇,𝑇 and K𝑆,𝑇 the Gram matrices defined by 

data on the source, target and cross domains respectively and M = [M𝑖𝑗] ≽ 0, where 

 
Mij =

{
  
 

  
 

1

NSNS
,      xi,xj ∈ XS

1

NTNT
,      xi,xj ∈ XT

−1

NSNT
,      otherwise

 (3.6) 

Note that the kernel matrix from equation (3.5) can be rewritten as 

 
K = (KK−1/2)(K−1/2K) (3.7) 

The model supports the use of kernel mappings like Radial Basis Function (RBF), Linear or 

Polynomial kernels. Kernel mappings may be beneficial for nonlinear problems. The model also 

supports the use of no kernel mapping, which results in a slightly different algorithm, where the 

K is X and the identity matrix is in the form of 𝐼 ∈ ℝ𝑀𝑆∗𝑀𝑇. Next, the matrix �̃� ∈ ℝ𝑁∗𝑘 is 

introduced and used to transform the corresponding feature vectors to a k-dimensional space 

resulting in equation (3.8). 𝑁 = 𝑁𝑆+𝑁𝑆 and 𝑘 ≪ 𝑁. 

 
K̃ = (KK−1/2Ã)(AT̃K−1/2K) = KATAK (3.8) 

With 𝑊 = 𝐾−1/2�̃� ∈ ℝ𝑁∗𝑘. This results in a transformation of equation (3.4) 



 

 

 
Dist(X′S, X′T) = ‖

1

NS
∑∅(xSi) −

1

NT
∑∅(xTi)

NT

i=1

NS

i=1

‖

ℋ

2

= tr(KATMAK) (3.9) 

The distance in equation (3.9) should be minimized and the authors introduce a regularization 

term 𝑡𝑟(𝐴𝐴𝑇) which is needed to control the complexity of 𝐴. This regularization term is needed 

to avoid the rank deficiency of the denominator in the generalized eigendecomposition, which is 

explained later in this section.  

In order to minimize equation (3.9) we get the following formula: 

 min
ATKHKA=I

tr(KATMAK) + λ ∗ tr(AAT) (3.10) 

This optimization problem has a nonconvex norm constraint 𝐴𝑇𝐾𝐻𝐾𝐴 = 𝐼, which can be solved 

by the following trace optimization problem where equation (3.10) is transformed into: 

 max
A
tr((AT(KMK + λI)A)−1ATKHKA) (3.11) 

The Lagrange function of (3.10) is 

 
ℒ = tr(AT(KMK + λI)A) − tr((ATKHKA − I)Φ) (3.12) 

Where Φ = diagonal(ϕ1, … , ϕ𝑘) ∈ ℝ
𝑘∗𝑘 is denoted as the Lagrange multiplier

1

. Taking the 

derivative of (3.12) and setting it to zero with respect to A this results in equation (3.13). 

 
A(KMK + λI) = KHKAΦ (3.13) 

Multiplying both sides with 𝐴𝑇 and substituting this in (3.12) results in 

 
min
A
tr((KATHAK)AT(λKMK + I)A) (3.14) 

Finally, the solutions of A are the k highest eigenvectors of 
𝐾𝐻𝐾

𝐾𝑀𝐾+𝜆𝐼
, similar to the kernel Fisher 

discriminant analysis from Müller, Mika, Rätsch, Tsuda, & Schölkopf (2001). The k highest 

eigenvectors are calculated according to PCA resulting in the optimal k-dimensional 

representation by 𝑋′ = [z′1, … , z′N] = A
TX.  
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 The basic idea of a Lagrange multiplier is that it converts a constrained problem into a form where the derivative 

of an unconstrained problem can still be applied. 



 

 

3.5 Joint Distribution Adaptation (JDA) 

In the previous section the algorithm for marginal distribution difference minimization is 

explained. The reduction of this marginal distribution difference was done according to TCA 

proposed by Pan et al. (2011). Reducing this marginal distribution difference is definitely 

beneficial for a better knowledge transfer, but it does not have much effect on the conditional 

distribution difference between two respective domains. Since there are no labels in the target 

domain, this problem of reducing the conditional distribution difference is nontrivial. The JDA 

algorithm proposed by Long et al. (2013), extends the TCA algorithm, where the first step before 

aligning conditional distributions is TCA as explained in previous section. Hence, the input 

matrix 𝑋 ∈ ℝ𝑀∗𝑁 is already transformed into 𝑋′ ∈ ℝ𝑘∗𝑁. In this section, we  explore pseudo 

labels in the target domain to tackle the problem of conditional distribution alignment. The 

concept is relatively easy. A pseudo classifier is trained on the labeled source domain to predict 

pseudo labels for the target domain. The authors explored the sufficient statistics
2

 of the class-

conditional distributions since the posterior probabilities were quite involved. Now, the class-

conditional distributions 𝑃𝑆(𝑦𝑆|x𝑆 = 𝑐) and 𝑃𝑇(𝑦𝑇|x𝑇 = 𝑐) can be matched with respect to each 

class 𝑐 ∈ {1,… , 𝐶} in the label space. The MMD is modified so that the distance between the 

class-conditional distributions is measured (equation (3.15)). 

 ‖
1

NS
(c)

∑ ATxi −
1

NT
(c)

∑ ATxj

xj∈DT
(c)

xi∈DS
(c)

‖

2

= tr(AT𝐾Mc𝐾
TA) (3.15) 

Looking at equation (3.15), 𝐷𝑆
(𝑐)
= {x𝑖: x𝑖 ∈ 𝐷𝑆 ∧ 𝑦(𝑥𝑖) = 𝑐} is the sample set belonging to class 

c in the source data. For example, if c = 1, 𝐷𝑆
(1)

 are all samples with labels that have the 

classification 1. 𝑦(𝑥𝑖) is the true label for the i-th sample 𝑥𝑖. 𝑁𝑆
(𝑐)

 is the amount of samples with 

the classification c in the source domain. For the target domain we have the same values, only is 

the target label ŷ(𝑥𝑗) the predicted or pseudo label. Following these terminologies, the 

computation of the MMD matrices 𝑀𝑐 that involve class labels is shown in equation (3.16). 
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 A statistic Y is sufficient for some parameter  if the conditional distribution Y does not depend on the parameter 
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 (Mc)ij

{
 
 
 
 

 
 
 
 

1

NS
(c) ∗ NS

(c) ,         xi, xj ∈ DS
(c)

1

NT
(c) ∗ NT

(c) ,         xi, xj ∈ DT
(c)

                
−1

NS
(c) ∗ NT

(c) ,         {
xi ∈ DS

(c), xj ∈ DT
(c)

xj ∈ DS
(c), xi ∈ DT

(c)

0,                         otherwise

 (3.16) 

By minimizing equation (3.15) while maximizing equation (3.2), the conditional distribution 

differences between the source and target domains are reduced under a new representation X′ =

ATX. It is of significant importance to note that many of the predicted pseudo labels will be false 

due to the differences in both marginal and conditional distribution differences. Nevertheless, 

are we still able to leverage them to match with the revised MMD in equation (3.16). All this is 

justified by the fact that distributions are matched by exploring the sufficient statistics, in contrast 

to the exploration of the density estimates. The source classifier is leveraged to improve the target 

classifier.  

3.5.1 Simultaneously minimize the distributions 

The JDA algorithm aims to simultaneously minimize the marginal and conditional probability 

distribution differences between the two respective domains. In order to do so, equations (3.3) 

and (3.15) are combined in equation (3.2) which results in equation (3.17).  

 min
ATXHXTA=I

∑ tr(AT𝐾Mc𝐾
TA) + λ‖A‖F

2
C

c=1
 (3.17) 

In equation (3.17), again the 𝜆 (lambda) is the regularization parameter to make sure the 

optimization problem is well-defined. The generalized Rayleigh quotient
3

 proves that minimizing 

equations (3.3) and (3.15) while maximizing equation (3.2) is the same as keeping equation (3.2) 

fixed. The process of labeling the target data usually becomes more accurate after iterative 

refinement. Experiments of Long et al. (2013) showed that this form of an expectation-

maximization algorithm is empirically effective. Lastly, Φ = diagonal(ϕ1, … , ϕ𝑘) ∈ ℝ
𝑘∗𝑘 is 

again denoted as the Lagrange multiplier and the Lagrange function is derived for minimization 

problem (3.17).  

 ℒ = tr (AT (K∑ McK
T + λI

C

c=1
)A) + tr((I − ATKHKTA)Φ) (3.18) 

Taking the first derivative of equation (3.18), gives the following generalized eigendecomposition 

in equation (3.19). 

                                                 
3

 The Rayleigh quotient is the weighted average of the eigenvalues of a certain Hermitian matrix.  



 

 

 A(K∑ McK
T + λI

C

c=1
) = KHKTAΦ (3.19) 

Finally, the solutions of A are the k highest eigenvectors of 
𝐾𝐻𝐾

𝐾∑ 𝑀𝑐𝐾𝑇+𝜆𝐼
𝐶
𝑐=0

, according to PCA, 

resulting in the optimal k-dimensional representation by 𝑋′ = [z′1, … , z′N] = A
TX. Note that 

TCA is JDA with C = 0. 

3.6 Training of the models 

Both proposed DA methods have as output a new distribution difference reduced representation 

X′ = ATX, where 𝑋′ ∈ ℝ𝑘∗𝑁. X′ is split into the two new transformed datasets 𝑋′𝑆 ∈ ℝ
𝑘∗𝑁𝑆 and 

𝑋′𝑇 ∈ ℝ
𝑘∗𝑁𝑇. A classic machine learning classifier is trained on 𝐷′𝑆 = {(x′𝑆1 , 𝑦𝑆1), … , (x′𝑆𝑁𝑆

,

𝑦𝑆𝑁𝑆
)} and then the model makes a prediction on the transformed (unlabeled) domain 𝐷′𝑇 =

 {(x′𝑇1),… , (x′𝑇𝑁𝑇
)} to predict the target labels or health states of the target domain У𝑇. 

  



 

 

4 Methodology & Case studies 

In order to answer the research questions, experiments were performed on the C-MAPSS 

datasets. This chapter describes the research methodology and the application of the proposed 

TCA and JDA algorithms on the C-MAPSS datasets.  

This chapter is based on stages of the Cross-Industry Standard Process for Data Mining (CRISP-

DM) cycle. Figure 4.1 shows the CRISP-DM reference model, which consists of six phases and 

offers a complete blueprint for conducting a datamining project (Shaerer, 2000). The CRISP-

DM cycle is adapted slightly for use in the context of this research. 

This chapter starts with a problem formulation and a quick recap of the business understanding. 

Next, the initial insights in the four datasets are described in section 4.2. Section 4.3 describes 

our data preparation stage. This stage covers all activities which led to the construction of the 

final datasets before modelling. Section 4.4 describes the modelling stage, which entails the 

selection of the modelling techniques, followed up by a description of how the models are built. 

Lastly, the evaluation methods are described in Section 0. 

 
Figure 4.1: The CRISP-DM Cycle 



 

 

4.1 Problem formulation 

Last relevant research for this MSc thesis at FS was conducted by Mrait (2019). He proposed a 

Gradient Boosting (GB) algorithm for a multiclass classification of three health states of the 

IDG100 of Fokker Services (FS). The initial problem of this MSc thesis was to assess the state 

of health of IDG’s of the Boeing 737, while using the IDG dataset of the Fokker 100 as the 

source domain. Training and testing a classic ML algorithm on the Boeing 737 dataset is not 

possible since there are hardly any labels in this dataset. So the problem at hand is that we have 

a labeled source domain  𝐷𝑆 = {(x𝑆1 , 𝑦𝑆1), … , (x𝑆𝑁𝑆
, 𝑦𝑆𝑁𝑆

)}  =  IDG100 and an unlabeled 

target domain 𝐷𝑇 = {(x𝑇1),… , (x𝑇𝑁𝑇
)}  =  𝐼𝐷𝐺737. This is where the TCA & JDA algorithms 

come at hand. Since the performance of the proposed models cannot be tested on the real-world 

datasets, the Turbofan Engine Degradation Simulation Datasets already briefly discussed in 

Section 1.2 are used. The datasets are in the form of run-to-failure timeseries data with varying 

lengths and are divided in four datasets of the same engine types with different fault modes and 

different operating conditions. The degradation of the engines was carried out using the C-

MAPSS tool. The C-MAPSS tool is NASA software that provides a realistic simulation of big 

commercial turbofan engines. Since the datasets of FS are not timeseries data in contrast to the 

C-MAPSS datasets, these C-MAPSS datasets were transformed in order to be of more relevance 

to FS. 

4.2 Data understanding 

The datasets were collected from the NASA Prognostics Centre of Excellence repository (Saxena 

& Goebel, 2008). This section will describe a data exploration, which is done in order to get an 

overview of the available data and to get preliminary insights in this data. 

The four datasets consist of multiple multivariate timeseries. Each dataset is further divided into 

training and test subsets, but this MSc thesis only considers the training data since FS has to deal 

with a limited data problem. To keep the surrogate datasets limited as well, this research refrained 

from the test sets. Each multivariate timeseries is from a different engine of the same engine type. 

Every airplane engine starts with a different amount of unknown initial wear and manufacturing 

variation. This wear and manufacturing variation are not considered to be a fault condition. The 

engine is always operating normally at the beginning of a timeseries and runs while a fault grows 

in magnitude until the engine fails. There are three operational settings that have a substantial 

effect on the engine performance and these are also included in the initial datasets. The 

timeseries data is contaminated by sensor noise. All four datasets consist of 26 columns which 

are in the form of Table 4.1. 



 

 

Table 4.1: Overview of column values timeseries data C-MAPSS 

 

Table 4.2: Characteristics of the four C-MAPSS datasets 

 

As presented in Table 4.1 and Table 4.2, a single cycle in the C-MAPSS dataset is a 24-

dimensional feature vector where three feature vectors consist of operational settings and 21 

vectors consist of sensor values. The respective operating settings are the altitude, the Mach 

number
4

 and the throttle resolver angle. These operating settings determine the flight conditions 

of the aero-engines. In datasets FD001 and FD002, the engines both suffered a high-pressure 

compressor failure. Datasets FD003 and FD004 suffered a failure of a high-pressure compressor 

and of a fan failure. It is unknown which of these two fault types occur at a certain engine run. 

The ratio of the two fault types is unknown as well. 

Datasets FD001 and FD003 only have 1 operating condition, where FD002 and FD004 have 6 

operating conditions. When looking at Table A.1 in Appendix A, only operating setting 1 in 

FD001 and FD003 has a standard deviation which is significantly larger than zero. Looking 

further, FD001 and FD003 have multiple columns with a standard deviation of zero. Hence, the 

change and distribution of sensor values are different when a single operating condition or 

multiple operating conditions are perceived. These columns all have a standard deviation of zero 

or nearly zero in comparison to their mean, which means these timeseries have hardly to no 

change and are useless for data mining purposes. Figure 4.2 gives a graphical representation of 

the distribution differences in the original 4 datasets. Table A.2 in Appendix A, gives a statistical 

overview of the 26 feature vectors of a random engine run (engine 56) in FD001. 
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 The Mach number is the ratio of flow velocity past a boundary to the local speed of sound. 𝑀 =
𝑢

𝑐
 



 

 

 
Figure 4.2: Distribution plots of Column12 of Timeseries 56 in all 4 initial timeseries datasets. 

4.3 Data preparation 

In section 4.2, the initial datasets are explained in more detail. Since this MSc thesis focusses on 

homogeneous transfer learning and FS has no real timeseries data at their disposal, the datasets 

were transformed into non-timeseries data where the number of features is equal in all four 

datasets. This section covers all activities for the construction of the final datasets that were used 

for the proposed model. The first step in the data preparation phase is to remove all irrelevant 

columns. Since Column6, Column10, Column15, Column21, Column23 and Column24 have 

no information in dataset FD001 and FD003 these columns were removed from all of the four 

datasets. Next, we assume that the values of the operating settings are unknown and delete 

Column3, Column4 and Column5 as well which only leaves information regarding the relevant 

sensor values for all of four datasets. All marked columns in Table A.1 in Appendix A are 

deleted, together with Column3, Column4 and Column5. The datasets have been transformed 

to 17 columns where the first two columns entail no sensor information. 

4.3.1 Creation of health state shapelets 

Before the real feature extraction process can start, the engines have to be classified into states of 

health. The timeseries were split up into shapelets in order to classify each point in the timeseries. 

Since the average length of the timeseries of the four datasets is 226 and the absolute minimum 

length is 128 and each engine is always operating normally at the start, the assumption was made 

that an aero-engine starts degrading somewhere between 132 and 66 cycles from failure. 

Therefore, we split the timeseries in three shapelets where two shapelets have a length of 66 and 

the third shapelet has a length of the remainder. Figure 4.3 gives a graphical representation of 

this health state classification procedure. 



 

 

 
Figure 4.3: Graphical representation of classifying the health states 

When taking the dataset FD001 as an example, the classification process created 300 classified 

timeseries shapelets. This would amount to 300 instances in total, which is very limited. Because 

of this limitation, the decision was made to create even smaller shapelets within the three health 

states. From every health state, sub-shapelets with a length of 22 cycles were extracted for data 

augmentation purposes. This form of data augmentation was first introduced by Cui, Chen, & 

Chen (2016) and is referred to in as window slicing. When looking at Figure 4.3, 3 sub-shapelets 

in the “Bad” state, 3 sub-shapelets in the “Medium” state and 5 sub-shapelets in the “Healthy” 

state were extracted. The absolute remainder of the first 8 cycles of the timeseries was discarded. 

When the timeseries is shorter than 198 cycles, the amount of “Healthy” states would be less for 

that specific engine and the remainder would also be discarded. Table 4.3 shows the number of 

instances and the number of instances per health state for each of the four datasets respectively. 

Notice that for FD001 and FD002 the average length of the timeseries is slightly shorter than 198 

which means there is a very small class imbalance in favor of the Medium and Bad states. For 

FD003 and FD004, it is clear that the average lengths of the timeseries is longer than 198 since 

the number of  Healthy states is much bigger. After this step of health state shapelet creation, the 

number of instances in Table 4.3 refers to the amount of shapelets per dataset. Each of these 

shapelets is used for feature extraction which is discussed in the next sections. The final datasets 

will consist of 334 features as is shown in Table 4.4. 

Table 4.3: Number of instances and classes per dataset 

 



 

 

Table 4.4: Overiew of final dataset dimensions 

 

4.3.2 Feature engineering based on signal processing 

After labeling the shapelets of the timeseries, features were extracted. This was done according 

to several signal processing techniques which are discussed in more detail below. The strategy 

for extracting features was done in a way to extract as many features as possible followed by a 

selection process where only the most relevant features were selected for modelling purposes. 

Figure 4.4 gives an overview of the steps used in this data preparation section. As presented in 

previous sections, features are to be extracted from all shapelets for all the 15 relevant sensor 

columns per aero-engine. 

  
Figure 4.4: Graphical representation of signal processing and feature extraction 

Fast Fourier Transform (FFT) 

Before explaining the Fast Fourier Transform (FFT), the Discrete Fourier Transform has to be 

explained. The Discrete Fourier Transform is used to decompose a signal in its periodic pure 

frequency components. Figure 4.5 shows what these decompositions could look like when 

decomposing a real signal like in the first subplot. As Figure 4.5 shows, the decompositions are 

sine-waves that would add up to the original signal.  

The Fast Fourier Transform (FFT) is an algorithm proposed by Cooley & Tukey (1965). The 

basic idea of the Fast Fourier Transform is that it calculates the discrete Fourier transform in an 

efficient way with a much lower computational cost. Figure 4.6 gives a graphical overview of these 



 

 

values of the frequency spectrum for all the four datasets. The FFT has been widely used for 

PHM purposes in the literature as a signal processing technique. Zhang, Wang, & Wang, (2013) 

wrote a highly cited paper on diagnosis of a medium pressure blower making use of the FFT. 

They took peaks of the FFT for each part as selected features in order to judge the condition. 

They made use of a backpropagation neural network in order to find a relationship between the 

RUL and the condition of a component. One of the most important advantages of the FFT is 

that it can improve the signal-to-noise ratio. The FFT also allows to process different frequency 

components independently. Two papers proposed a bearing fault diagnosis model for MMD-

based domain adaptation making use of FFT extracted signals (Li, Zhang, & Ding, 2019; Tong 

et al., 2018). Both researches were capable of improving the performance of bearing fault 

diagnosis under different working conditions. Next, peak values in the frequency domain are a 

good indicator of the state of health of equipment (Zhang et al., 2013). With these characteristics 

of FFT, it is considered appropriate to be used for feature extraction purposes. Next sub-section 

is a variant of the FFT and is also incorporated in this thesis. 

 
Figure 4.5: Decomposition of a signal and its Fourier Transform 

 
Figure 4.6: Fast Fourier Transform (FFT) of a part of Column12 of Timeseries 56 



 

 

Power Spectral Density (PSD) 

The Power Spectral Density (PSD) is the measurement of the power content of a signal versus 

its frequency. The formula is closely related to the FFT, but not exactly the same (Kimotho & 

Sextro, 2014). In contrast, the PSD takes the power distribution at each frequency into account. 

The location of the peaks in both spectra are the same, but their respective heights will differ. 

The PSD shows at what frequency values, the variations are strong and at what frequencies the 

variations are weak. In Figure 4.7, the y-axis in the PSD is the energy or the variance per 

frequency. The PSD function visualized in Figure 4.7 was calculated according to the Welch’s 

method
5

. 

 
Figure 4.7: Power Spectral Density (PSD) of a part of Column 12 of Timeseries 56 

Wavelet Transform 

FFT and PSD only provide information about which frequencies are present in a signal, but miss 

information at which location in time these frequencies occurred. In order to tackle this problem, 

the Wavelet Transform has the property of temporal resolution. Temporal resolution means it 

can capture both the frequency and the location in time. Since, the wavelet technique provides 

time-scale information in the signal, it is very efficient for the detection of momentary variations 

in the frequencies (Prabhakar, Mohanty, & Sekhar, 2002). The Wavelet Transform is more 

suitable for analyzing signals which have a more dynamic frequency spectrum.  

The Discrete Wavelet Transform (DWT) has many different types (families). It is important to 

choose the best fitting wavelet type for a certain signal. Figure 4.8 shows the most common 

discrete wavelet types. Within each wavelet family there are lots of subcategories. The higher the 

subcategory level, the less smooth the returned wavelet is. Or, the more noise it returns. 
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 The Welch’s Method is carried out by dividing the time signal into successive blocks, forming the periodogram for 

each block, and average them across time. 



 

 

 
Figure 4.8: Several Discrete Wavelet types 

With respect to this research, we used a Multilevel 1D DWT with wavelet family sym5. The 

Symlet wavelet is a near symmetrical phase filter, which makes dealing with small discontinuities 

in a signal more trivial without losing a lot of information (Kumar & Singh, 2013). The authors 

studied tapered roller bearings for fault diagnosis. The paper of Saputra, Misbah, Eliyani, 

Firmansyah, & Lastomo (2019) performed research towards the classification of misalignments 

in induction motors. The results showed that Symlet wavelets are better for feature extraction 

purposes than Haar wavelets. Wavelet transforms are very common signal processing methods 

in the literature on bearing fault diagnosis (Boškoski, Gašperin, Petelin, & Juričić, 2015; Kankar, 

Sharma, & Harsha, 2011). Zhang et al. (2013) made next to FFT, also use of wavelet transforms 

in order to diagnose faults and determine the RUL of a medium pressure blower. The paper 

succeeded both in diagnosis and prognosis but the diagnosis task performed better. 

 
Figure 4.9: Discrete wavelet transforms (DWT) of a part of Column 12 of Timeseries 56 

4.3.3 Feature extraction 

Looking back at Figure 4.4, the data was transformed into a frequency-domain and a time-

frequency-domain and of course the original timeseries which is a signal in the time-domain 

remains. After performing FFT, PSD and DWT 2 new signals in the frequency-domain and 2 

signals in the time-frequency-domain were created. So, 5 signals were created per instance per 

feature. These 5 signals are called sub-signals. Which features were extracted from each of these 

sub-signals is described below. 



 

 

Lei (2017) wrote a book about signal processing techniques and feature extraction. This book 

together with the papers of Christ, Braun, Neuffer, & Kempa-Liehr (2018) and Kimotho & 

Sextro (2014) were the foundation for most of the features that were extracted. Table 4.5 gives 

an overview of the extracted features from all 5 signal types. The root amplitude, peak values and 

root-mean square features reflect the vibration amplitude and energy of time-domain signals. 

When a fault grows, these features distinctly reflect the severity of this fault. The crest-factor, 

clearance-factor, kurtosis and impulse-factor measure the impulse that exists in vibration signals. 

Kurtosis and crest factor are robust to varying operating conditions and are very nice indicators 

for incipient faults (Lei, 2017). The kurtosis is very sensitive to early faults, but unsuitable to more 

severe faults. Even many statistical features cannot reflect all the changes of faults to some extent. 

For this reason, it is important to extract an abundance of features. 89 different features were 

extracted per shapelet signal. This means that for each column, 5*89 = 445 features were created. 

Recall that after deletion of some irrelevant columns the initial timeseries remained with 15 

columns. This results in a total amount of 445*15 = 6675 features per instance. 

Table 4.5: Overview of the overall extracted features 

 

4.3.4 Feature selection 

In previous section, an abundance of features was extracted from various forms of the original 

signal. After this feature extraction but before feature selection, the MinMaxScaler normalization 

method is used to scale all features within a range of [0, 1] as shown in Equation (4.1). 

 𝑛𝑜𝑟𝑚(𝑥𝑖,𝑗) =
𝑥𝑖,𝑗 −𝑚𝑖𝑛(𝑥𝑗)

max(𝑥𝑗) − 𝑚𝑖𝑛(𝑥𝑗)
 (4.1) 

Where 𝑥𝑖,𝑗 is the original i-th datapoint of the j-th extracted feature. 𝑥𝑗  denotes the vector of all 

instance values of the j-th feature. Normalization is performed individually for each of the four 

datasets. Scaling of features is necessary for many machine learning algorithms for better 

performance or faster convergences. The MinMaxScaler was chosen since it preserves the shape 

of the original distribution of each feature and does not reduce the importance of outliers. 



 

 

Especially for the respective problem of this MSc thesis may outliers be good indicators, e.g. for 

the start of the degradation of an engine. 

Since the amount of 6675 features is way too high in comparison to the number of instances, 

which would result in overfitting and unnecessary high computation times, the amount of features 

had to be reduced. There are several ways to do this where Principal Component Analysis (PCA) 

is one of the most famous dimensionality reduction techniques. PCA was not chosen since PCA 

will already be used in the DA algorithm itself and this step is explained later. Next, PCA is an 

unsupervised method which loses the ability to interpret the respective features due to its feature 

transformation process. So, a more interpretable model was preferred where the respective 

features are still known after dimensionality reduction. Tree based ML classifiers have feature 

importance measures, where it is safe to say that the more accurate the model, the more the 

selected features are to be trusted. Firstly, the datasets were split in test and train sets of 30% and 

70% respectively. Since the timeseries were split up into multiple sub-signals, it was accounted 

for that no instances from the same engine were both in the test and train set to keep the property 

of independence. Lastly, the 9 proposed traditional ML classifiers of the Python package Scikit-

Learn (Pedregosa et al., 2011) were trained and tested. This process was done iteratively with 20 

iterations to avoid any randomness. These averaged results are shown in Table 4.6. The Gradient 

Boosting (GB) algorithm is the highest scoring Tree based classifier, which resulted in using this 

algorithm for feature selection purposes. The Gradient Boosting (GB) classifier was then trained 

10 times on all four datasets and the 5% (334) most important features of all the ten runs 

combined were chosen for each of the four datasets. After this selection of features, the nine 

classifiers were trained, and those results are shown in Table 4.7. Note that the accuracies after 

feature selection increased significantly for all classifiers and all datasets. The 334 features of each 

dataset form also the features of the target set when training from the source. So, if FD001 is the 

source domain, the 334 most important features of FD001 will also be used for the three 

remaining target domains.  

Table 4.6: Mean accuracy of 20 cross-validations of 9 basic ML classifiers (6675 features) 

 

Table 4.7: Mean accuracy of 20 cross-validations of 9 basic ML classifiers after feature selection (334 features) 



 

 

Selected features 

Table B.1 in Appendix B shows all the 334 features that were selected for the four datasets. Next, 

Table 4.8 gives an overview of the counts of each signal processing method and the related feature 

importance scores of these proposed signal processing methods. Remarkable is, that the three 

signal processing methods are much more apparent in datasets FD001 and FD003 than in 

datasets FD002 and FD004, especially when looking at the feature importance scores. The 

amount of times, FFT and PSD occur in FD002 and FD004 is a lot lower than the counts in the 

alternate datasets. The counts and feature importance scores of the wavelets is a lot more similar 

among the datasets but relatively low. The most prominent finding in relation to Table 4.8  is the 

fact that FD002 and FD004 hardly make use of features that were extracted from the signal 

processing methods. Figure 4.10 gives an overview of the amount of times a column number is 

used after feature selection. It is apparent that FD001 and FD003 have a lot of important features 

in columns 8, 22 and 14. FD002 and FD004 both have much more information in the columns 

18, 20 and 16. So, the datasets with 6 operating conditions make no use of signal processing 

methods, which also explains why there are column differences. FD002 and FD004 make use of 

multiple operating conditions, where FD001 and FD003 only make use of 1 operating condition. 

Therefore, the frequencies in FD001 and FD003 will be much more consistent and for this 

reason, the FFT and PSD entail more valuable information in these two datasets. Figure 4.11 

gives a graphical overview of the distributions of the four datasets after feature selection. It is clear 

that FD001 and FD003 follow the same distributions and FD002 and FD004 do as well. 

Table 4.8: Overview of the selected feature characteristics of the four datasets 

 



 

 

 
Figure 4.10: Graphical overview of the amount of times a column is selected after feature selection   

 
Figure 4.11: Distribution of all 334 features averaged for the 4 datasets 

4.4 Modeling 

All four datasets are selected and ready for the modeling phase. In this Chapter, the proposed 

TCA & JDA models from Section 3 are applied and described in more detail regarding the C-

MAPSS datasets. After the feature transformation of the DA methods, the same 9 classic 

machine learning algorithms as in the previous section are tested and compared. The 9 classic 

ML algorithms are trained on the four datasets without any DA, serving as the benchmark.  

4.4.1 Selection of modeling techniques 

There has been extensive research towards the prediction of remaining useful lifetimes of 

airplane engines, bearings and other types of rotating machinery. The most common form of a 

classic ML algorithm is the Neural Network (NN). SVMs are also effective in the literature, 

together with RFs (Chen et al., 2018; Malinowski, Chebel-Morello, & Zerhouni, 2015; Wu et al., 

2017). For homogeneous non-integrated transfer learning, the best performing base learners 

according to  Weiss & Khoshkoftaar (2018) are SVM, KNN and RF’s. Most literature on DA 

makes use of KNN with K = 1 as the base learner. 



 

 

No literature was published in relation to traditional DA methods regarding prognostics. This 

MSc thesis proposes to use the DA methods TCA and JDA, because they are the first and most 

famous DA methods in the overall literature. TCA tackles the marginal distribution shift 

problem, and JDA extends the algorithm by tackling the conditional distribution shift problem. 

This research also explored some other related forms of DA methods like Balanced Distribution 

Adaptation (BDA) (Wang et al., 2017), Stratified Transfer Learning (STL) (Wang, Chen, Hu, 

Peng, & Yu, 2018) and Manifold Embedded Distribution Alignment (MEDA) (Wang, Feng, et 

al., 2018) but we were not able to find very significant results in comparison to JDA and TCA. 

Also, to keep the scope of the MSc thesis focused enough, TCA and JDA were chosen. Since, 

training times are relatively low, a broad spectrum of both pseudo and base classifiers was tested. 

This research will test the following 9 traditional ML classifiers: Logistic Regression (LR), Multi-

layer perceptron neural network (MLP), K-Nearest Neighbors (KNN), Random Forest (RF), 

Gradient-Boosting (GB), Naïve Bayes (NB), Support Vector Machine with a Radial Basis 

function Gaussian kernel (SVM), Support Vector Machine with a Linear kernel (SVM-Linear) 

and finally a Gaussian Process classifier (GPC). 

4.4.2 Building the models 

As described in Chapter 3, the TCA model is the same as JDA without the pseudo classification 

and iterative refinement. Hence, within TCA, only the marginal distribution shift is resolved. 

After this first step, the JDA algorithm explores pseudo labels in the target domain to tackle the 

conditional distribution shift. A pseudo classifier is trained on the labeled source domain to 

predict pseudo labels for the target domain. For the remainder of this MSc thesis report, the ML 

classifiers for the prediction of the pseudo labels within the JDA algorithm are referred to as 

pseudo classifiers. After domain adaptation, the ML classifiers used for the final classification of 

health states are called the base classifiers. The nine ML classifiers which are shown in Table 4.6 

and Table 4.7 and discussed in previous section, are all used as pseudo classifiers and as base 

classifiers. So, this results in 9 * 9 = 81 possible combinations per test. Figure 4.12 gives a 

simplified graphical representation of the JDA procedure. 



 

 

 
Figure 4.12: Block diagram of the proposed JDA model 

Hyperparameter settings TCA & JDA algorithms 

In Chapter 3 it is explained that the TCA and JDA algorithm make use of kernel mappings. The 

algorithms were tested with a Radial Basis Function Gaussian (RBF) kernel, a Linear kernel and 

no kernel mapping at all. The computational time when using the RBF kernel was 400 times 

higher and the performance was lower than without a kernel mapping. The computational time 

of the linear kernel was around 250 times higher, which is lower but still very time consuming. 

Moreover, the overall results scored lower. For this reason, the TCA and JDA algorithms were 

performed without any additional kernel mappings. Next to the kernel functions, both algorithms 

have a regularization parameter 𝜆 (lambda). Larger values of lambda make shrinkage 

regularization more important according to Long et al. (2013). Hence, it discourages learning a 

more flexible model and the distribution adaptation will not be performed. A lambda of zero 

would result in an ill-defined optimization problem. We tested many parameter values of 

lambda, ranging from 0.001 to 10 and concluded that for the respective datasets in this research, 

a lambda of 1.0 scored overall the highest, hence a lambda of 1.0 (𝜆 =  1) was chosen. Since 

the lambda is the regularization parameter and 1.0 is not too far from 0 and not an infinitely big 

number, it is the average performing parameter for the 12 different experiments. Lastly, the TCA 



 

 

and JDA algorithms have a dimension parameter k. We have tested performance of the 

classifiers for the following values of k: k = [5, 10, 20, 30, 40, 50, 75, 100, 200] and the conclusion 

was that k = 30 was the overall best performing value for both algorithms. Hence, the TCA and 

JDA algorithms were performed with a lambda of 1.0 and a feature transformation dimension of 

k = 30. 

Hyperparameter settings ML classifiers 

The 9 ML classifiers were all chosen from the Python package Scikit-Learn (Pedregosa et al., 

2011). All 9 classifiers were kept on the default parameter settings within the package except for 

the SVM classifier with a linear kernel. Here, the kernel type was switched to “linear”. The choice 

to keep all hyperparameters on default was made for a couple of reasons. First, the calculation 

of the 81 outcome values per dataset combination already takes some time, which would become 

extremely long when performing a grid search. Next to that, a grid search for optimization of the 

parameters is even more nontrivial, since the ML classifier is used both as a pseudo classifier and 

as a base classifier. And those hyperparameter values could be different for each dataset 

combination. 

  



 

 

4.5 Model evaluation 

This section will describe which metrics have been used for the evaluation of the proposed 

model. Firstly, the two performance metrics are described, followed by the significance test(s).  

4.5.1 Recall, Precision and the F-Scores 

The classification algorithms attempt to predict one of the three health states as good as possible 

for each engine. The three health states are named: Healthy, Medium and Bad. When an engine 

is predicted as Healthy, but is actually in a Medium or Bad state, this is a very undesirable 

prediction. The customer will expect a Healthy engine while it will probably fail within 66 cycles. 

Therefore, false positives are the most undesirable outcomes. Hence, the precision of our model 

is very important. Next, if the engine is predicted as Bad but its true value is Medium or Healthy, 

a scheduled MRO activity will be conducted too soon which will result in extra costs as well. 

Hence, the recall of our model should be considered as well. The F1-score is the harmonic mean 

of precision and recall. Since false positives or unscheduled overhaul activities are the most 

undesirable, we also discuss the term F-Beta-Score. The four formulas below represent Recall, 

Precision, F1-score and the FBeta-score respectively. 

 𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 +  𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
 (4.2) 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 +  𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
 (4.3) 

 𝐹1 = 2 ∗
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙
 (4.4) 

 𝐹𝛽 = (1 + 𝛽
2)  ∗  

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗  𝑟𝑒𝑐𝑎𝑙𝑙

(𝛽2  ∗  𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛)  +  𝑟𝑒𝑐𝑎𝑙𝑙
 (4.5) 

It is known that there are slightly more Healthy states on average in the four datasets, so the 

chance of many harmful False Positives becomes slightly less with this knowledge but in reality, 

the balance of the classes would be unknown. Because precision is the most important measure 

and recall should not be left out completely, we present the F0.5-Scores of our models in this 

paper. A Beta of 0.5 makes the algorithm favor precision and is the most common number for 

the Beta in previous research. The accuracy, F1, Precision and Recall scores are available in 

Table D.1 to Table D.4 in Appendix D. 

  



 

 

4.5.2 The Relative Improvement (IMP) 

Before presenting the best performing combination of classifiers, it is explained how “best” is 

defined. There are two performance measures to be considered. Firstly, the algorithm with the 

highest F0.5-Score is important. But also, the relative improvement (IMP) from the benchmark is 

something which entails information about the performance of the DA algorithm. This makes 

the calculation and determination of the “best” classifier combination nontrivial. 

Since the domain adaptation model should increase from the benchmark which is the model 

performance without any domain adaptation (Source-only), this paper will use the relative 

improvement variable called IMP. IMP is the improvement of the models with DA over those 

without any DA (A. Zhang et al., 2018). 

This relative improvement rate is defined as: 

 IMP =  (1 −
Source_only

With_DA
) ∗ 100 (4.6) 

4.5.3 Significance testing 

The differences between the outcomes of the models and the respective classifiers were tested 

on significance. Since the models were trained 20 times and returned 20 F0.5-Scores each, the 

distributions of these 20 F0.5-Scores should differ significantly. 

When choosing a statistical test, the parametric assumptions are to be met or not to be met, with 

different statistical tests for each of the assumption differences. These assumptions are:  

1. Independent, unbiased samples. 

2. Data normally distributed. 

3. Equal Variances. 

Wilcoxon signed-rank test for differences between the respective DA models 

During the training of the DA methods, the respective datasets were split into two random parts 

of 66% and 33% each time of the 20 iterations. The 66% of the source and target domains were 

used for training purposes. As a result, in every iteration, the split data will have some overlapping 

instances. Next, the TCA and JDA transformations are performed on these same splits, and the 

9 machine learning classifiers are trained and tested on each of these 20 iterations. These steps 

indicate that the data are related, even though TCA and JDA perform a feature transformation 

on the data. Hence, we assume the data are not independent which means a paired difference 

test is required. Since we only take 20 iterations, the data cannot be assumed to be completely 

normally distributed. The Wilcoxon signed-rank test was used. The Wilcoxon signed-rank test 

is a non-parametric statistical hypothesis test to compare the means of two related samples when 

the sample size is small and we cannot assume normality of the data. It is the non-parametric 



 

 

version of the paired t-test. The test is used to determine whether two samples were selected 

from populations that have the same distribution. The Wilcoxon signed-rank test ranks the data, 

where the lowest score gets rank 1, the second-lowest rank 2, etcetera. Because of the ranking 

and numbering of the scores, does the effect of outliers and skewed distributions disappear. 

Kruskal-Wallis post hoc Dunn test for differences between the 9 ML base classifiers 

Since we also test the performance of the 9 ML base classifiers, we should test whether all 9 

classifiers differ significantly from each other. In order to do so, the Kruskal-Wallis post hoc 

Dunn test was used. The Kruskal-Wallis test is also a non-parametric significance test, which is 

an extension of the Wilcoxon signed-rank test, that compares three or more unmatched groups 

on distribution differences. It is sometimes called the one-way ANOVA on ranks test. The null-

hypothesis is that all samples are from the same distribution. When this null-hypothesis is 

rejected, a Dunn test is performed which performs multiple comparisons between all the 9 ML 

classifier performances. The output of the test is in the form of a matrix with p-values between 

all the respective ML classifiers.  

For additional information, the p-values for the two tests on all experiments are presented in 

Table C.5 to Table C.7 in Appendix C. Both tests were performed with a significance level of 

95%. (𝛼 = 0.05) 

  



 

 

5 Experimental Results 

This chapter describes the obtained prognostics results of the TL algorithms on the four 

CMAPSS datasets. All four datasets will serve as the source dataset where the remaining three 

others serve as the target set and vice versa. In total, 12 experiments are performed. This chapter 

starts with an overview of the differences between the datasets in terms of their distributions and 

their features. Section 5.2 describes the Source-only model which serves as the benchmark. Next, 

the results of the JDA method are described and compared with the Source-only model. Finally, 

the TCA method is discussed and compared with the proposed JDA model.  

5.1 Divergence metrics 

This section describes two divergence metrics for distribution differences. The Maximum Mean 

Discrepancy (Gretton, Borgwardt, Rasch, Schölkopf, & Smola, 2012) (MMD) and the Kullback-

Leibler (Kullback & Leibler, 2007) (KB-Leibler) divergence are described for an initial 

comparison between the 4 different datasets. Finally, this section presents how much importance 

the features after feature selection for each dataset combination have, in relation to each other. 

This score is measured from 1 to 10.  

Equations (3.1) and (5.1) represent the MMD and KB-Leibler divergences respectively. Recall 

that the MMD was explained in Section 3.2. The KB-Leibler divergence is a measure of how 

much predictive power every data sample will have on average when distinguishing 𝑃(𝑥𝑆) from 

𝑃(𝑥𝑇). When both distribution are very similar, every individual sample will have little predictive 

power and vice versa. As presented in Table 5.1, the first two columns score different from the 

feature importance score column, since MMD and KB-Leibler divergence relate to distribution 

differences and feature importance relates to the overlapping features of the datasets. The lower 

the value of each of these first two divergence metrics, the more the distributions of the two 

respective datasets are aligned. The feature importance score relates to how much the features 

selected in the source domain would score in the target domain according to the GB classifier 

explained in Section 4.3.4. 

 𝐷𝑖𝑠𝑡𝐾𝐿(XS||𝑋𝑇) =∑𝑥𝑆𝑖 ∗ 𝑙𝑜𝑔 (
𝑥𝑆𝑖
𝑥𝑇𝑖

)

𝑁

𝑖=1

 (5.1) 

Both formulas are effective in their own way, but KB-Leibler divergence can match first-order 

moments and has a faster computation time but does not take higher order moments into 

consideration. MMD matches distributions better but is computationally more expensive due to 

its distance and kernel matrix computations. The used models in this MSc thesis make use of 



 

 

the MMD for distribution alignment but the KB-Leibler divergence correlates very well with the 

MMD. 

The third column in Table 5.1, refers to the score of the feature importance algorithm for feature 

selection. Recall that when FD001 is the source domain and FD002 is the target domain, we use 

the features that were selected for dataset FD001 in dataset FD002 as well. The sum of the scores 

of these 334 features of FD001 in the feature importance column of FD002 are presented in the 

third column of Table 5.1. Note that the feature importance scores are not symmetric. Taking 

again FD001 and FD002 as an example, apparently, the features selected in FD001 have an 

importance of 3.625 out of 10 in FD002. When selecting the 334 most important features of 

FD002 in FD001, they only account for an importance of 1.280. Table 5.1 gives an initial 

overview of the differences between the respective dataset combinations. It is clear that 

FD001→FD002, FD001→FD004, FD003→FD002 and FD003→FD004 are very different in 

their distributions. Next, FD001→FD003, FD002→FD004, FD003→FD001 and 

FD004→FD002 have already very aligned distributions. 

Table 5.1: Three statistical measures for comparing the source-target datasets in 12 experiments 

 

5.2 Source-only 

This section describes the results of the first benchmark model. Source-only means there was 

not performed any DA. So, a traditional ML classifier was trained on the source domain and 

tested on the target domain. Table 5.2 presents the mean F0.5-Scores of the twelve Source-only 

experiments. The overall average F0.5-Score is 0.404. 



 

 

5.2.1 Base Classifiers 

The base classifier with the overall highest F0.5-Score is GPC, followed by SVM-Linear and KNN. 

Most of the base classifiers perform relatively equal, except for the NB classifier, which scores a 

significantly lower average F0.5-Score of 0.214. GB also belongs to the bottom performers, which 

is remarkable since this algorithm performed the best when training and testing the data on one 

domain only (see Table 4.7). 

5.2.2 Dataset Combinations 

Looking at Table 5.2, it is clear that when FD001 and FD003 form a source-target combination, 

the overall performance is the highest. Remarkably, the performance is low when one of these 

two datasets serve as the source domain while FD002 or FD004 is the target. Also, FD002 and 

FD004 score relatively high when they form a source-target combination. These results already 

indicate positive correlations between the datasets FD001-FD003 and FD002-FD004. Looking 

back at Table 5.1, a relationship between datasets FD001-FD003 and FD002-FD004 is 

noticeable here as well. These two dataset combinations have the lowest MMD and KB-Leibler 

scores which means their distribution differences are the smallest. Next, they also have a relatively 

high feature importance score which means that the features have much importance in the target 

domain as well. This explains why these Source-only results yield this high F0.5-Scores. Next to 

these combinations, it is also worth noticing that when FD002 or FD004 are the source domain, 

results are always performing well in contrast to the other dataset combinations. 

Table 5.2: Mean F0.5-Scores of Source-only experiments 

 



 

 

5.3 Joint Distribution Adaptation (JDA) 

This section provides an overview of the F0.5-Scores of the nine base classifiers trained and tested 

after the JDA was performed. The domain adaptation (DA) method JDA transforms the source 

and target domain in such a way that the marginal and conditional distributions become more 

aligned simultaneously. Chapter 3 described that JDA makes use of a pseudo classifier. The DA 

model was tested for nine pseudo classifiers in combination with nine base classifiers. Also, the 

same twelve experiments were tested as in the benchmark. This resulted in 12 tables with 9 * 9 

= 81 combinations each. 

5.3.1 Pseudo Classifiers 

Detailed information on the twelve experiments can be found in Table C.1 to Table C.4 in 

Appendix C. Table 5.3 gives an overview of the averaged F0.5-Scores and accuracies of the 9 

pseudo classifiers. It is noticeable that the different pseudo classifiers hardly vary in their average 

performance. Nevertheless, some differences do exist. The K-Nearest Neighbors (KNN) is the 

best performing classifier in terms of the F0.5-Scores. The next best performing pseudo classifiers 

are NB with a score of 0.476 and MLP, RF and GB all with a score of 0.475. The differences 

between all scores are very low. The worst performing pseudo classifier is GPC in terms of the 

F0.5-Score. Remember that the best performing base classifier in the Source-only table was GPC, 

which is remarkable. The average accuracy scores of the pseudo classifiers are really much 

aligned. The remainder of this section will only provide results of the JDA algorithm with KNN 

as the pseudo classifier. 

Table 5.3: Overview of the averaged performance of pseudo classifiers for the JDA algorithm 

 

5.3.2 Base classifiers 

This Section will describe the best overall performing base classifiers within the JDA algorithm. 

In Table 5.4 and Table 5.5, the mean F0.5-Scores of the JDA algorithm with KNN as the pseudo 

classifier and the respective IMP-values between the Source-only model and JDA-KNN are 

presented. Overall, the JDA-KNN model improves with an IMP of 18.944. It is notable that the 

SVM classifier decreases in average performance which is referred to in the literature as negative 

transfer (Weiss et al., 2016). The NB algorithm is by far the best performing base classifier in 

terms of IMP-values. The feature transformation after domain adaptation correlates very well 

with NB and always results in a positive transfer. The initial features within the Source-only model 

are dependent of each other and the feature-transformed data after JDA more independent 



 

 

because of the orthogonal transformation of PCA. An important property of NB is that it assumes 

independent features which might explain this unconditional improvement.  

The best performing base classifier in terms of the F0.5-Score is MLP followed by KNN, GPC 

and LR. GPC already performed very well on the Source-only model, but the others did not. 

Hence, the IMP-value of GPC is positive but low. The MLP scores the third highest IMP-value 

which makes this algorithm very interesting since it is also the overall best in terms of the F0.5-

Score. 

Table 5.4: Mean F0.5-Scores of JDA-KNN-X experiments 

 

Table 5.5: Relative improvement (IMP) of F0.5-Scores between Source-only and JDA-KNN-X experiments 

 

  



 

 

5.3.3 Dataset combinations with averaged base classifiers 

This section will describe the results of the JDA algorithm for each of the dataset combinations. 

Since KNN is overall the best performing pseudo classifier, all results are again given with KNN 

as the pseudo classifier. Table 5.6 provides an overview of the averaged F0.5-Scores, the IMP-

values and all the divergence metrics between the dataset combinations. The dataset 

combinations are sorted on their overlapping conditions and ordered on their IMP-values from 

high to low. Figure 5.1 provides the correlation matrix between the results and the divergence 

metrics. 

Table 5.6: Overview of performances and characteristics of dataset combinations.  

Pseudo classifier = KNN, Base classifier = Averaged 

 

 
Figure 5.1: Correlation matrix between statistical divergence metrics and F0.5-Scores 



 

 

Dataset combinations FD004→FD002 and FD001→FD003 are the only two combinations 

which are not improving on average after JDA, where FD004→FD002 decreases significantly 

with an average IMP-value of -15.010 and FD001→FD003 almost remains constant with an 

average IMP-value of -0.176. Looking back at Table 5.6, there are a lot of similarities between 

the two combinations. Firstly, both their operating conditions remain the same. Looking at the 

MMD and KB-Leibler divergence metrics, their distribution discrepancies are very small. Figure 

5.1 shows that the MMD and the KB-Leibler divergence are highly correlated with the 

performance of a dataset combination. Since these two datasets are very similar in terms of their 

distributions, aligning these distributions even more makes the JDA algorithm starts transferring 

knowledge in a negative way. The alternate dataset combinations FD002→FD004 and 

FD003→FD001 even have lower MMD values, but higher KB-Leibler divergence metrics. The 

FD002→FD004 combination scores a very low IMP value, but it is still positive. Combination 

FD003→FD001 also scores a low IMP-value but has the highest F0.5-Score, followed by 

FD001→FD003. Logically, both the alternate combinations also remain equal in their operating 

conditions. 

The best performing combinations in order of their IMP-values are FD001→FD004, 

FD003→FD004, FD001→FD002 and FD003→FD002. The first similarity between these 

datasets is that they all train from 1 to 6 operating conditions. The second relation between the 

four combinations is that their F0.5-Scores are between 0.343 and 0.386, which are the lowest four 

F0.5-Scores after JDA. The MMD and KB-Leibler discrepancies are the highest. The alternate 

dataset combinations in order of their IMP-values are FD002→FD003, FD004→FD001, 

FD004→FD003 and FD002→FD001. These combinations all train from 6 to 1 operating 

condition. The results and correlations between these combinations are not as straightforward. 

They all score positive IMP-values where 12.875 is the highest, scored by FD002→FD003 and 

5.942 the lowest by FD002→FD001. Their F0.5-Scores are between 0.557 and 0.485 where the 

lowest F0.5-Score relates to FD002→FD003 which scores the highest IMP-value. The MMD and 

KB-Leibler distance metrics are mediocre in comparison to the other combinations. 

Different fault conditions have much less effect on the distribution differences and hence on the 

performance of the JDA algorithm in comparison to different operating conditions. One 

remarkable insight gained from Table 5.6 is that in each group of the overlapping operating 

conditions, training from 1 to 2 fault conditions always scores a higher IMP-value in comparison 

to the rest, with an exception for dataset combination FD001→FD003. FD001 and FD003 

without DA are already very similar datasets. They already score high in the Source-only model 

and their marginal distributions are very similar. The IMP values of some of the base classifiers 

are insignificant in both the combinations.   

  



 

 

5.3.4 Dataset combinations & base classifiers 

Again, all presented results are with KNN as the pseudo classifier. As presented in Section 5.3.2, 

the best performing base classifiers in terms of the F0.5-Score are MLP followed by KNN, GPC 

and LR. This section describes the F0.5-Scores and respective IMP-values for all dataset 

combinations and base classifiers. The section is structured by the overlapping operating and 

fault conditions and will describe the patterns found in the performance of the base classifiers 

for these respective dataset combination characteristics. 

Dataset combinations when source has 1 and target has 6 operating conditions 

Table 5.7: Performance metrics of base classifiers for dataset combination characteristics.  

Pseudo classifier = KNN, Operating conditions = 1 → 6 

 

Table 5.7 presents the results of the four dataset combinations which train from 1 to 6 operating 

conditions. The three colors represent the three best performing base classifiers within each 

dataset combination in terms of F0.5-Scores and IMP-values. Black is the best performing 

classifier, followed by dark grey and light grey. Logistic Regression (LR) is the best base classifier 

for these four datasets on average. GPC and KNN also perform well. LR and GPC both make 

use of a “One-vs-rest” approach. The One-vs-rest approach trains a single classifier per class 

where the samples of that specific class are classified as positives and the rest as negatives. The 

differences in performances between the base classifiers are very low and KNN scores the highest 

on two combinations as well. KNN is an inherent multiclass classifier. When we would take LR 

as the algorithm of choice, the differences with KNN, RF, NB and GPC are not significant for 

nearly all dataset combinations. In terms of the IMP-values is NB the best performing base 

classifier by far. LR and MLP do increase a lot from the benchmark as well. But since the overall 

F0.5-Scores of LR is the highest, this would be the best algorithm to choose after JDA-KNN when 

training from 1 to 6 operating conditions. Figure 5.2 gives a graphical representation of the 

distribution alignment of dataset FD001 and FD004. Notice, that the means of the distributions 

are initially different but become way more aligned. 

 



 

 

 
Figure 5.2: Average distribution plots of FD001→FD004 before and after JDA-KNN 

Dataset combinations when source has 6 and target has 1 operating condition 

Table 5.8: Performance metrics of base classifiers for dataset combination characteristics. 

Pseudo classifier = KNN, Operating condition = 6 → 1 

 

Table 5.8 gives the performance results of the dataset combinations with the operating conditions 

6 → 1. The best performing base classifier is clearly KNN, followed by NB. KNN and NB are 

never significantly different from each other, but KNN is significantly different from all others. 

MLP is not different from those two for FD004→FD001 and FD004→FD003. The relative 

improvement from the benchmark of the NB model is very high again. Overall KNN is the best 

base classifier when training from 6 to 1 operating condition. 

 
Figure 5.3: Average distribution plots of FD002→FD003 before and after JDA-KNN 



 

 

Dataset combinations when source has 1 and target has 2 fault conditions 

Table 5.9: Performance metrics of base classifiers for dataset combination characteristics. 

Pseudo classifier = KNN, Fault condition = 1 → 2 

 

Table 5.9 shows the dataset combinations when training from 1 to 2 fault conditions. As was 

already mentioned in the previous section, are the fault conditions less correlated with model 

performance than the operating conditions. Still, the KNN base classifier performs the best in 

terms of differing operating conditions and training from 1 to 2 fault conditions. When the 

operating conditions remain equal, SVM-Linear outperforms the other base classifiers on 

average, where the difference with LR and GPC is not significant for FD001→FD003. The 

difference with the other base classifiers on experiment FD002→FD004 are only significant with 

KNN, RF, NB and SVM. The IMP-value of SVM-Linear of experiment FD001→FD003 is 

insignificant with a p-value of 0765, which is way above a confidence interval of 5%. The value of 

0.659, which makes sense as it is only 0.007 points higher than the benchmark.  

 
Figure 5.4: Average distribution plots of FD001→FD003 before and after JDA-KNN 

Dataset combinations when source has 2 and target has 1 fault condition 

Table 5.10: Performance metrics of base classifiers for dataset combination characteristics. 

Pseudo classifier = KNN, Fault condition = 2 → 1 

 



 

 

The performances of the final conditional similarity are presented in Table 5.10. When 

operating conditions remain equal, the MLP is the best performing base classifier. It outperforms 

all classifiers in terms F0.5-Scores, except for SVM-Linear and GPC. Also, the improvement from 

the benchmark are positive for these three best base classifiers. Dataset combination 

FD004→FD002 has a negative IMP value, which means that the benchmark performs higher. 

Training from 2 to 1 fault condition is hardly correlated with distribution discrepancy and hence 

the JDA performance.  

 
Figure 5.5: Average distribution plots of FD004→FD002 before and after JDA-KNN 

5.4 Transfer Component Analysis (TCA) 

This section provides an overview of the F0.5-Scores after the domain adaptation (DA) method 

TCA. The domain adaptation (DA) method TCA was used to transform the source and target 

domain in such a way that only the marginal distributions become more aligned. Recall Chapter 

3 where the algorithm is explained. 

Table 5.11 and Table 5.12 show the F0.5-Scores and the relative improvement (IMP) in 

comparison with the JDA model respectively. When the value is positive in the model, JDA 

performs better. The overall average F0.5-Score of the TCA model is 0.478. This is slightly lower 

than JDA-KNN which had an overall F0.5-Score of 0.481. Nevertheless, the TCA algorithm 

performs better than JDA-KNN when looking at the best performing base classifiers from 

previous Section 5.3.4. LR is chosen when training from 1 to 6 operating conditions. KNN for 6 

to 1 operating condition, SVM-Linear for 1 to 2 fault conditions while the operating conditions 

remain the same and finally MLP for training from 2 to 1 fault condition while keeping the 

operating conditions the same. When using these base classifiers, the TCA model outperforms 

JDA-KNN on average. Interestingly, the best base classifiers of the JDA-KNN model are also 

the best classifiers in the TCA model. Table 5.13 provides an overview of the differences between 

these best classifiers. After significance testing, it became clear that JDA only underperforms 

when training from 1 to 6 operating conditions, since the other IMP-values are mostly 

insignificant. 



 

 

Table 5.11: Mean F0.5-Scores of TCA models 

 

Table 5.12: IMP-values of the F0.5-Scores of TCA compared to JDA-KNN 

 

Table 5.13: Performance of best base classifiers TCA vs JDA 

 



 

 

6 Discussion 

The objective of this research was to build a transfer learning model that was able to transfer 

knowledge regarding the states of health of rotating airplane parts from a source domain to a 

different but related target domain. Previous research has been explored and multiple TL 

methods were found, but none of them were in the form of traditional DA methods in relation 

to prognostics. Since the problem at hand of Fokker Services B.V. (FS) is to perform domain 

adaptation (DA) on datasets without an abundance of source and target data, we explored 

traditional DA methods for prognostics purposes. This MSc thesis proposed the TCA and JDA 

models for prognostics purposes. This section discusses the results, followed by the answering of 

the research questions. 

The DA models do improve a lot on average from the benchmark, where the biggest insight 

from this research is that the distributions of the datasets with differing operating conditions have 

very large differences, especially when training from 1 to 6. These distribution differences 

correlate highly positive with the IMP-values, or the performance of the models. Still, a high 

distribution difference correlates negatively with the F0.5-Scores of the Source-only model, which 

makes that the high relative improvement might not be enough for practical use. This research 

also found that distributions of datasets with differing fault modes are very similar. This also 

correlates to the relative improvement of the DA method. Zhang et al. (2018) proposed to use 

transfer learning-based deep recurrent neural networks and tested it on the C-MAPSS datasets. 

The authors found similar results when training from 1 to 6 operating conditions. They found 

that the relative improvement of the model is very high for these characteristics. Zhang et al. 

(2018) found that when training from 6 to 1 operating condition while the fault conditions remain 

equal, the relative improvement (IMP) was negative. When looking at FD002→FD001 and 

FD004→FD003 in Table 5.8 while choosing the best (KNN) base classifier, our model has 

overall positive IMP values, but not all of the base classifiers were able to perform positive IMP-

values. The authors found also that training from the complicated multiple operating conditions 

to the simple single operating condition causes overfitting. KNN is not prone to overfitting which 

explains the higher performance of this base classifier in this dataset combination group. 

Remarkable is that the authors did find positive IMP values for the FD004→FD002 dataset 

combination. This research found negative IMP values for this combination consistently, which 

is also the case for the research of de Oliveira da Costa, Akcay, Zhang, & Kaymak (2019). The 

two datasets have similar operating conditions which relates to highly similar marginal 

distributions, which again correlates negatively with the model performance. Next, do these 

datasets have a prior distribution shift since their class label distributions are not so different. The 

DA models do not minimize towards this form of distribution shifts. Further research is necessary 

to determine reasons for negative transfer in this experimental pair. 



 

 

This research also tested for multiple pseudo classifiers. The differences among those pseudo 

classifiers are very similar but for the respective C-MAPSS datasets, the KNN classifier is the 

overall best choice. Regarding the base classifiers some significant findings have been found as 

well in relation to the different working conditions. LR and GPC are the best performing base 

classifiers when training from 1 to 6 operating conditions. KNN, NB and MLP are the best base 

classifiers when training from 6 to 1 operating condition. When training from 1 to 2 fault 

conditions while the operating conditions remain equal, the best choice is SVM Linear. When 

training from 1 to 2 fault conditions, MLP is the best performing base classifier. These top 

performing algorithms per dataset combination perform the best for both the JDA and TCA 

algorithms. 

Overall, TCA and JDA have nearly similar results where sometimes the TCA algorithm even 

performs better. The marginal distributions appear to be very similar after the two 

transformations, where the pseudo classification of the proposed JDA algorithm even reaps 

detrimental results in comparisson to TCA in the case of training from 1 to 6 operating 

conditions. Figure 6.1 gives an overview of the distributions of the experiments training from 1 

to 6 operating conditions, where TCA performs better for the LR algorithm. 

 
Figure 6.1: Distribution differences of the datasets which train from 1 to 6 operating conditions 

  



 

 

6.1 Research questions 

The main research question is recalled: 

“How can transfer learning methods improve health state predictions of rotating machinery 

parts in the aerospace industry under varying working conditions?” 

• Research Question 1: What ML and TL techniques for PHM activities have already been 

conducted on airplane engines or other rotating machinery? 

There is an abundance of research with respect to prognostics for airplane engines, bearings and 

other rotating machinery. The algorithm which is the most explored is the neural network in all 

its forms. SVM’s, KNN and RFs are also among the good performing classifiers in the literature. 

Remarkable is that all 4 of these classifiers are nonlinear. Nearly all pseudo classifiers used in the 

literature make use of KNN with K=1. No research was conducted regarding traditional TL 

methods for prognostics purposes. Some recent research was conducted in regard to our 

proposed JDA model for diagnosis purposes (Qian et al., 2019). The research area of transfer 

learning for prognostics is growing but all of them are in the form of deep learning. This research 

has tried to fill this gap by implementing relatively simple DA methods for the prediction of 

health states of datasets without an abundance of source data with varying working conditions. 

• Research Question 2: How does data transformation impact the proposed transfer 

learning performance? 

This research made use of signal processing techniques as was described in Section 4.3.2. After 

the feature selection process, it became apparent that especially the datasets which only had 1 

operating condition, benefitted from these signal transformations. The more complex two 

datasets which have 6 operating conditions could get enough information from features extracted 

from the initial timeseries. In the feature selection section, they all scored accuracy values around 

75%. Looking at the selected features within each of the four datasets, the features extracted from 

the frequency domain (FFT and PSD) were mostly beneficial in datasets FD001 and FD003. 

These datasets have much features related to the peak values and peak locations, together with 

variance, k-statistics, skewness and the mean of these frequency domains. The more complex 

datasets FD002 and FD004 did hardly make use of the frequency domains and where they did, 

their features were mostly in the form of the line integral, mean, mean absolute deviation and 

kurtosis, instead of the peak values and locations. In the time-frequency domain, the datasets 

with 1 operating condition used a lot of trimmed-mean features, together with moments and 

some peak locations. The two datasets with 6 operating conditions both selected almost only 

features that were related to either the peak height or the peak locations, where the peak locations 

were favorite most of the times. Nevertheless, did the time-frequency domain have little effect in 

total on the prognostics tasks of all four datasets. The features that were extracted from the 

original time-domain entailed almost all information regarding datasets FD002 and FD004. All 



 

 

four datasets entailed a lot of features regarding the percentages. Also, the maximum, minimum 

and the peak-to-peak values are highly represented in the time-domain. We point out that FD002 

and FD004 were able to extract most information, only from the time-domain, whereas FD001 

and FD003 made much more use of the frequency domains. Hence, more complicated time-

series data do entail more pure information regarding the state of health or the location within 

these timeseries. 

• Research Question 3: What factors are essential for the proposed TL model to estimate 

precise states of health of rotating aerospace parts? 

This research has provided relevant insights regarding the strengths and weaknesses of the TCA 

and JDA algorithms. The distributions between the datasets are very related to the performance 

of domain adaptation. In terms of precise state of health estimations, the F0.5-Score is negatively 

correlated with this distribution differences. Factors which are essential to know before 

conducting DA are the KB-Leibler divergence and the MMD. These metrics provide a very 

strong indication of the performance of the model, both in terms of the F0.5-Score of the 

benchmark and the relative improvement. If the initial distributions already are similar, the 

benchmark does score relatively high in terms of precise classifications. Nevertheless, does the 

strength of the DA models decrease with this low distribution difference. Looking at 

FD004→FD002, the performance of the DA models even decreases in comparison to the 

benchmark. Hence, there is a tradeoff between the strength of the DA algorithms and a high F0.5-

Score. Knowing the operating conditional differences together with these distribution differences 

are essential factors for the proposed DA models to estimate precise states of health. 

• Research Question 4: Is the proposed TL model feasible to be applied in the aerospace 

industry? 

Fokker Services B.V. (FS) has very limited labels which means it is impossible for them to test 

any model. Nevertheless, do almost all dataset combinations increase in performance, especially 

when distribution differences are high. The KB-Leibler and MMD metrics are highly positively 

correlated with the relative improvement of the domain adaptation methods. Unfortunately, are 

these metrics also negatively correlated with the F0.5-Scores. Hence, FS can have a good indication 

how well their model will improve when calculating the KB-Leibler and MMD divergences, but 

there will still be a loss of information when these distributions are highly different. If FS has 

more labels in their possession and a Source-only model can be properly tested, TL can have 

positive effects on their final classification performance. The outcome of this research is that TL 

is feasible for prognostics purposes on rotating machinery, but since the final performance of the 

classifiers is highly correlated with the MMD and KL divergences, TL is only feasible when these 

metrics are high. When the distribution discrepancies are low, training on the source data without 

DA might be sufficient. The findings in this MSc thesis provide relevant insights for Fokker 

Services B.V. (FS) in a way that FS now has a better feeling of the power of DA for prognostics. 



 

 

FS knows that when their dataset distributions are highly different, DA will improve the 

prognostics performance a lot from the benchmark. FS also knows that when training from a 

more simple dataset towards a more difficult one, DA will have positive effects, especially when 

the operating conditions are different. FS could collect more data by collaborating with other 

stakeholders in the MRO industry. Nevertheless, there remains a tradeoff in the overall accuracy 

of the models, but in the future, the area of DA methods will evolve and result in better 

classifications. The more data FS will acquire, the more accurate their health state estimations 

will become.  

To conclude with the main research question, this MSc thesis provides relevant insights regarding 

the power of simple domain adaptation methods without deep learning architectures for 

prognostics. The algorithms respond very differently between the different datasets. The research 

shows that for different fault modes the distribution differences do not vary that much, and DA 

might not be feasible. For different operating conditions, however, the distributions do vary a lot 

and DA is feasible. LR, GPC or KNN are the best options when training from a rather simple 

dataset to a more complicated version. When training from a more complex model to a simpler 

one, KNN and NB are the base classifiers with the highest performances.   

  



 

 

7 Conclusion 

This final chapter concludes this MSc thesis report. In this thesis, a Transfer Component 

Analysis (TCA) and a Joint Distribution Adaptation (JDA) domain adaptation method are 

proposed on the C-MAPSS datasets which consist of four run-to-failure timeseries data under 

varying working conditions. The timeseries were split into shapelets for data augmentation and 

feature extraction purposes. The data was transformed into stationary statistics in order to 

simulate the problem of FS as well as possible. The goal of the DA tasks is to align the 

distributions of the respective source and target domains with different working conditions in 

order to make a more precise prediction. The DA models are feature-transformation methods. 

After this alignment of the distributions and the transformation of features, 9 classical machine 

learning classifiers were trained on the transformed source domain to predict the states of health 

of the transformed target domain. Overall, the proposed models can increase the prediction 

performance in comparison to the benchmark. The performance increases the most when the 

dataset distributions are very different, which is mostly the case when operating conditions are 

different. We found that different fault conditions have hardly effect on the distribution 

differences and hence on the model performance. 

Future research should entail the following steps. To test and further explore the strengths and 

weaknesses of the model regarding prognostics, more datasets are to be tested. As is told in 

Section 2.2.2, there are many forms of traditional DA methods which make use of a variety of 

distribution alignment methods. Many of these methods have not been explored during this MSc 

thesis due to time constraints and its scope. The area of prognostics in combination with TL is 

very new and unexplored, which means to further fill in the gaps in this area, the testing of many 

more DA methods is a must. This research showed that non-timeseries data in combination with 

a relatively easy DA method does improve from the benchmark in most cases. Other DA 

methods are to be explored to find correlations and even better performances. During this 

research there has not been any parameter tuning of the pseudo and base classifiers. Performance 

results are expected to be better after parameter tuning but a grid search was not realistic during 

this project. Another limitation of this research is that a lambda of 1.0 was chosen for the DA 

algorithm for all of the dataset combinations. Results would be higher if the lambda would be 

optimized for each dataset combination. 

This research made a scientific contribution in the way that it filled a gap where TCA and JDA 

were tested for prognostics purposes. Next, the nine pseudo classifiers in combination with the 

nine base classifiers were tested to find a well performing combination, which also is a new 

contribution to the literature. It is promising that the DA methods resulted in such a significant 

improvement. This research is a strong indication of the possibilities of transfer learning for 

prognostics.  
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Appendix A 

Table A.1: Standard deviation of all columns of the four initial datasets 

 

  



 

 

Table A.2: Description of timeseries-run 56 of Dataset FD001 

 

  



 

 

Appendix B 

Table B.1: The 334 features extracted from the four C-MAPSS datasets 

  



 

 

  



 

 

  



 

 

Appendix C 

Table C.1: Mean F0.5-Scores of the JDA algorithm for all pseudo and base classifiers (FD001) 

 

  



 

 

Table C.2: Mean F0.5-Scores of the JDA algorithm for all pseudo and base classifiers (FD002) 

  



 

 

Table C.3: Mean F0.5-Scores of the JDA algorithm for all pseudo and base classifiers (FD003) 

  



 

 

Table C.4: Mean F0.5-Scores of the JDA algorithm for all pseudo and base classifiers (FD004) 

 

  



 

 

Table C.5: p-values of the Wilcoxon signed-rank test for all experiments 

 



 

 

Table C.6: p-values of the Kruskal-Wallis post hoc Dunn significance tests (FD001 and FD002) 
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Appendix D 

Table D.1: Accuracy scores of the Source_only, JDA-KNN-X and TCA models 

 



 

 

Table D.2: F1-scores of the Source_only, JDA-KNN-X and TCA models 

 



 

 

Table D.3: Precision scores of the Source_only, JDA-KNN-X and TCA models 

 



 

 

Table D.4: Recall scores of the Source_only, JDA-KNN-X and TCA models 

 


