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ABSTRACT 

Improving the reliability of engineered systems is a crucial problem in many 

applications in various engineering fields, such as aerospace, nuclear energy, and water 

declination industries. This requires efficient and effective system health monitoring 

methods, including processing and analyzing massive machinery data to detect anomalies 

and performing diagnosis and prognosis. In recent years, deep learning has been a fast-

growing field and has shown promising results for Prognostics and Health Management 

(PHM) in interpreting condition monitoring signals such as vibration, acoustic emission, 

and pressure due to its capacity to mine complex representations from raw data.   

This doctoral research provides a systematic review of state-of-the-art deep learning-

based PHM frameworks, an empirical analysis on bearing fault diagnosis benchmarks, and 

a novel multi-source domain adaptation framework. It emphasizes the most recent trends 

within the field and presents the benefits and potentials of state-of-the-art deep neural 

networks for system health management. Besides, the limitations and challenges of the 

existing technologies are discussed, which leads to opportunities for future research. The 

empirical study of the benchmarks highlights the evaluation results of the existing models 

on bearing fault diagnosis benchmark datasets in terms of various performance metrics 

such as accuracy and training time. The result of the study is very important for comparing 

or testing new models. A novel multi-source domain adaptation framework for fault 

diagnosis of rotary machinery is also proposed, which aligns the domains in both feature-

level and task-level. The proposed framework transfers the knowledge from multiple 

labeled source domains into a single unlabeled target domain by reducing the feature 

distribution discrepancy between the target domain and each source domain.  Besides, the 
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model can be easily reduced to a single-source domain adaptation problem. Also, the model 

can be readily updated to unsupervised domain adaptation problems in other fields such as 

image classification and image segmentation.  

Further, the proposed model is modified with a novel conditional weighting 

mechanism that aligns the class-conditional probability of the domains and reduces the 

effect of irrelevant source domain which is a critical issue in multi-source domain 

adaptation algorithms.  The experimental verification results show the superiority of the 

proposed framework over state-of-the-art multi-source domain-adaptation models. 
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CHAPTER 1:  INTRODUCTION 

Recently, prognostics and health management (PHM) has emerged as a key 

technology to overcome the limitations of traditional reliability analysis. PHM focuses on 

utilizing sensory signals acquired from an engineered system to monitor the health 

condition, detect anomalies, diagnose the faults, and more importantly, predict the 

remaining useful life (RUL) of the system over its lifetime. This health information 

provides an advance warning of potential failures and a window of opportunity for 

implementing measures to avert catastrophic failures by reducing system downtime and 

maintenance costs.   

In traditional maintenance models, the machinery is investigated and maintained via 

break-down-based or time-based strategies. These two strategies have two main 

disadvantages: (i) they can be extremely costly; and (ii) Their process can pose a safety 

risk to employees and other assets. Conversely. PHM is known to have strong economic 

benefits for owners, operators, and society. In PHM-based maintenance strategy, engineers 

predict when equipment failure might happen, and then perform maintenance to keep 

machines in operation.  Modern systems are extensively complex and built with many 

interactive components and electronics, which highlights the importance of system 

reliability.  Failure of any component will result in a catastrophic failure of the system. A 

viable PHM system framework gives early detection and isolation of the incipient fault of 

components/sub-systems. The outcome of an effective PHM model provides a tool to 

monitor the progression of the fault and to help in making assessment decisions and 

maintenance schedules 
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Availability of abundant data and exponentially increasing computational power 

provide significant opportunities for industry and academia to practice advanced data-

driven frameworks to determine the patterns, classify faults, and assess system degradation 

trends. Numerous data-driven methods have been used in literature, including support 

vector machines (SVM) [1], random forest [2], principal component analysis [3], particle 

filtering [4], Hidden Markov Model (HMM) [5], and so on. However, all of these 

techniques require the experience of the expert and prior knowledge of signal processing 

to manually extract and select meaningful features. Also, they are not powerful enough to 

capture complex non-linear relationships that exist in real fault diagnosis and prognostics 

issues. 

With the evolution of smart sensing, communication technologies, and complex 

engineered systems, the massive amount of data from various resources is rapidly 

generated and collected in real-time, which contains useful information about the 

degradation and health condition of the system. The performance of traditional algorithms 

is greatly impeded by the proliferation of multi-dimensional and heterogeneous data 

streams. Thus, more advanced analytic tools are necessary to adaptively and automatically 

mine the characteristics hidden in the real-time measured streams. 

 Deep learning, as a breakthrough in artificial intelligence, has been embraced by 

various areas such as medical image analysis, visual understanding, health care, computer 

vision, recommender systems, natural language processing, and automatic speech 

recognition. It can automatically process highly non-linear and complex feature abstraction 

from raw data via deep neural networks and eliminates the reliance on domain knowledge 
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and manual feature engineering.  Deep learning can automatically learn hierarchical 

representations of large-scale data, which makes it an effective tool for PHM applications, 

especially in the presence of high volume and multi-dimensional industrial data. 

Traditional data-driven frameworks require hand-crafted feature extraction and appropriate 

feature selection processes, which is highly dependent on the expertise of professionals and 

signal processing knowledge. Conventional frameworks cannot be updated in real-time and 

require a great deal of work dealing with large-scale data sets. Besides, the Deep learning 

algorithm makes it possible to integrate the PHM tasks such as feature extraction, feature 

selection, and classification/regression into an end-to-end architecture and jointly optimize 

all the tasks hierarchically. 

This is a fast-growing area, and refined solutions and advanced models are being 

developed every few months. There is a need to present more current reviews to cover 

recent advances and suggested solutions in the PHM paradigm. In chapter 2, after a brief 

overview of traditional data-driven PHM and common deep learning architectures, we 

perform a systematic survey on the variety of deep neural networks that have been 

developed and explicitly deployed for fault diagnosis and RUL prediction of engineered. 

We address the role of benchmarking in Chapter 3, and provide a benchmarking study for 

bearing fault diagnosis with the well-known Case Western Reserve University (CWRU) 

public dataset. In chapter 4, we target the cross-domain fault diagnosis challenge and 

provide a novel deep framework for multi-source domain adaptation in PHM applications. 

In chapter 5, we improve the proposed framework by incorporating a novel conditional 

weighting mechanism for source domains. 
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The main contributions of this work can be summarized as follows: 

In Chapter 2, We provided a comprehensive systematic survey of DL studies in PHM 

field and analyze the current status and the research trends. The second chapter of this work 

serves as a comprehensive reference for PHM community in terms of state-of-the-art 

models, datasets, existing challenges. and the research directions which are worth 

exploring in the future. 

In Chapter 2, we categorized the available models into three classes of discriminative, 

generative, and hybrid, and with practical examples explain how these models especially 

the generative networks, can be effective to solve existing challenges. 

In Chapter 3, following the review of the available studies, we carried out an 

empirical study of standard deep neural networks on the benchmark rolling-element 

bearing datasets. We utilized multiple performance metrics for a fair comparison. This 

chapter gives a complete view of explored solutions so far and helps the practitioners to 

select the DNN architecture(s) that better fit the resource constraints of practical 

deployments and applications. 

In Chapter 4, we proposed a novel deep multi-source domain adaptation framework 

for fault diagnosis of rotary machinery, which aligns the domains in both feature-level and 

task-level. The proposed model can be easily reduced to a single-source domain adaptation 

problem. Also, the model can be readily updated to unsupervised domain adaptation 

problems in other fields such as image classification and image segmentation. 



5 

In Chapter 5,  we modified the proposed MSDA framework by adding a novel 

conditional weighting mechanism to weight the relatedness of each source domain to the 

target, to reduce the influence of the negative transfer caused by an unrelated source 

domain. The weight vector is optimized as a composite function of network parameters 

during the training stage. At the same time, the proposed scheme aligns the conditional 

probability distribution of each source domain and the target domain. 
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CHAPTER 2:  A SYSTEMATIC REVIEW OF DEEP LEARNING IN 

SYSTEM HEALTH MANAGEMENT 

With the evolution of smart sensing, communication technologies, and complex 

engineered systems, the massive amount of data from various resources is rapidly 

generated and collected in real-time, which contains useful information about the 

degradation and health condition of the system. The performance of traditional algorithms 

is greatly impeded by the proliferation of multi-dimensional and heterogeneous data 

streams. Thus, more advanced analytic tools are necessary to adaptively and automatically 

mine the characteristics hidden in the real-time measured streams. 

 Deep learning, as a breakthrough in artificial intelligence, has been embraced by 

various areas such as medical image analysis, visual understanding, health care, computer 

vision, recommender systems, natural language processing, and automatic speech 

recognition. It can automatically process highly non-linear and complex feature abstraction 

from raw data via deep neural networks and eliminates the reliance on domain knowledge 

and manual feature engineering.  Deep learning can automatically learn hierarchical 

representations of large-scale data, which makes it an effective tool for PHM applications, 

especially in the presence of high volume and multi-dimensional industrial data. 

Traditional data-driven frameworks require hand-crafted feature extraction and appropriate 

feature selection processes, which is highly dependent on the expertise of professionals and 

signal processing knowledge. Conventional frameworks cannot be updated in real-time and 

require a great deal of work dealing with large-scale data sets. Besides,  Deep learning 

algorithm makes it possible to integrate the PHM tasks such as feature extraction, feature 
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selection, and classification/regression into an end-to-end architecture and jointly optimize 

all the tasks in a hierarchical fashion. 

To date, a few systematic surveys on deep learning and PHM have been published 

[6]–[9]. However, they are either component (or system) specific or not updated with more 

recent deep learning technologies.  This is a fast-growing area, and refined solutions and 

advanced models are being developed every few months. There is a need to present more 

current reviews to cover recent advances and suggested solutions in the PHM paradigm. In 

this chapter, we review the variety of deep neural networks that have been developed and 

explicitly deployed for fault diagnosis and RUL prediction of engineered systems. A revisit 

of traditional data-driven PHM basics is given in section 2.3, followed by a brief 

introduction of standard deep neural networks in section 2.4.  

An overview of common deep learning architectures is presented in Section 2.3, 

followed by a revisit of traditional data-driven PHM basics in Section 2.3.  An overview 

of deep learning works for common PHM problems is given in Section 2.4. Section 2.5 

through section 2.12 provides a comprehensive systematic survey of existing DL models 

in PHM. In section 2.13 we end the chapter by addressing current challenges and future 

directions. . This chapter provides a comprehensive reference for deep learning 

practitioners in the PHM society.  

The main contributions of this chapter can be summarized as follows: 
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We categorized the available models into three classes of discriminative, generative, 

and hybrid, and with practical examples explain how these models especially the generative 

networks, can be effective to solve existing challenges. 

We provide the community with a comprehensive reference of available resources in 

terms of datasets and existing algorithms. 

We discuss the most significant available challenges such as imbalance classes, 

unlabeled data, insufficient data, domain shift, and explain how deep learning can be 

utilized to alleviate these problems. 

 

2.1 METHODOLOGY OF SURVEY 

The authors have conducted a thorough search in electronic databases Google 

Scholar, Scopus, Web of Science, IEEE explore, and Science direct using the keywords 

“fault detection” OR “fault diagnosis” OR “prognostics” OR “condition monitoring” OR 

“remaining useful life” AND either “deep learning” OR name of the particular deep 

network. The search retrieved 227 articles in the period between 2013 and September 2019. 

We have screened the articles carefully and eliminated the repeated studies. After applying 

the following exclusion criteria, a total of 137 studies were retained and analyzed: 

EC1. Books, graduate theses, letters, and patents are not considered for review. 

EC2. Conference entries and preprint papers are excluded unless those are highly-

cited and not published in any journal. 
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EC3. Non-primary studies such as literature survey articles are not included. 

EC4. Only unique studies are analyzed. For repeated studies with minor changes, the 

other copies of the study are excluded. 

EC5. Studies that do not report the performance metric results are excluded. 

EC6. Studies that do not contain validation or experimental verification are not 

considered for review. 

Figure 2.13.1 shows the popularity of various deep learning architectures among 

PHM researchers and the distribution of the publications per year considering the variety 

of categories. There is a significant growth of related published papers in recent years. 

 

 

 

 

 

 

 

 

 

Figure 2.13.1 a) The density of various deep learning architectures in PHM from 

2013 until September 2019, b) Breakdown of the papers in the year of publication. 
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2.2 BIBLIOMETRIC ANALYSIS 

To get further insights into the structure of the paper, co-word analysis was 

undertaken based on related keywords in selected 127 research papers. 0Figure 2.13.2  is 

the projection of the co-occurrence relationship among the top 29 frequently occurring 

keywords, which is visualized in VOSviewer tool [6]. Keywords include well-known 

system types (battery, bearing, gearbox, bogie, aircraft engine, etc.), PHM tasks (fault 

detection, fault diagnosis, prognostics, RUL estimation, etc.), deep neural network 

categories (CNN, RNN, GAN, etc.), data types (vibration, current signal, and acoustic 

emission), and several learning problems in the realm of machine learning (transfer 

learning, domain adaptation, and unsupervised learning). Every keyword is represented by 

a colored circle. The size of the circle indicated the weight of the term occurrence in 

literature. Also, the weight of the links between the nodes represents the degree of co-

occurrence of connected keywords. 

VOSviewr uses a modularity-based clustering technique to group the most 

cooccurred keywords in the same cluster. We have merged the smaller clusters to eliminate 

unnecessary details. The final map is identified by three clusters (red, green, and blue), and 

all points with the same color are members of the same cluster. We have found the degree 

of centrality of each keyword to find the most representative keyword of each cluster: Fault 

detection (blue), Fault diagnosis (red), and Prognostics (green). Looking at these keywords 

and the terms within each cluster provide us a glimpse of the interconnection among 

various tasks and deep neural networks on the basis of available public datasets for practice. 

For example, at first glance, one can say fault diagnosis is much more studied than 

prognostics. Also, bearings seem to be the most studied components for PHM, as they are 
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critical components of the engineered systems. The other reason lies in the availability of 

public datasets for rolling bearings. Moreover, the green cluster nodes indicate the nearness 

of the terms “prognostics”, “RUL estimation”, “RNN”, and “Battery”, showing the 

significance of prognostics for batteries. Furthermore, as expected and will be discussed, 

RNNs are the most commonly used networks for RUL prediction.  

 

Figure 2.13.2 Network visualization for related keywords in the review content 

according to co-occurrence terms. 

2.3 DATA-DRIVEN PROGNOSTICS AND HEALTH 

MANAGEMENT 

PHM offers a wide range of tools for system health assessment and reliability 

improvement and involves many subareas in different aspects. This section presents a brief 
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overview of the standard data-driven PHM framework including constituent parts, 

performance assessment metrics, and existing datasets so that the readers might use them 

for their model evaluation.  

2.3.1 The modules of the traditional Prognostics and Health Management 

cycle 

As demonstrated in Figure 2.13.3 , PHM is mainly considered as the combination of 

several tasks to reduce the total life-cycle cost of the equipment. The following paragraphs 

define the terminologies and the commonly used techniques: 

Data Acquisition module comprises condition monitoring sensors (e.g., 

accelerometers, acoustic emission sensors, thermometers, etc.), data storage, and 

transmission devices, which provide initial monitoring information from machinery. 

Feature extraction in PHM mostly refers to signal processing algorithms in time, 

frequency, and time-frequency domains to transform raw measurement data into the 

informative signature of the behavior of the system. Statistical time-series features such as 

RMS, kurtosis, crest factor, skewness and frequency domain signatures including spectral, 

envelope and cepstrum analysis are extensively used for stationary signals  Time-frequency 

methods such as Short-time Fourier transform (STFT), Empirical mode decomposition 

(EMD), Wavelet packet transform (WPT), Hilbert-Huang transform (HHT), etc. on the 

other hand, achieve better results for non-stationary signal analysis [7]–[9]. 

Feature selection algorithm removes irrelevant and redundant features by selecting 

the optimal feature subset through filters, wrappers, or embedded methods [10]. 
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Furthermore, Dimensionality reduction techniques such as principal component analysis 

(PCA), Linear Discriminant Analysis (LDA) and kernel principal component analysis and 

(KPCA) have been widely adopted to generate a new subset of lower-dimensional features 

while retaining intuitive information of the original features [11], [12]. 

In system health management discipline, anomaly refers to time instances that system 

behaves differently from normal, and the reason may or may not lies in an incipient fault 

or failure. Classical methods of anomaly detection, such as density-based techniques, 

support vector machines, Hidden Markov models, Bayesian networks, ensemble 

techniques, etc. have been broadly used in the system health assessment domain [13]–[15]. 

Diagnostics is the critical step after anomaly detection to identify the health status of 

the system by analyzing the severity levels of degradation. Classical supervised machine 

learning algorithms such as SVMs, random forest, k-nearest neighbors (KNN), artificial 

neural networks (ANN), etc. have been trained on labeled datasets to accurately classify 

fault types  [1], [2], [16].  

Prognostics refers to detecting incipient failures and associated RUL of the 

equipment to assess the reliability and support timely decision-making for maintenance 

operation. Numerous data-driven methods have been adopted to address prognosis in PHM 

cycle including ANNs, HMMs,  particle filtering, Kalman filter variants, and regression 

methods [5], [17], [18]. 

Decision support represents the “health management” part of PHM which uses the 

outputs of Diagnostics and Prognostics for taking timely, appropriate maintenance and 
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logistics decisions [19]. Mathematical programming, Markov decision process, and 

Reinforcement Learning (RL) techniques have been widely used to find the optimal 

maintenance action and the optimal time of applying it [20]–[22]. 

 

Figure 2.13.3 Modules of traditional data-driven PHM cycle vs. deep PHM model. 

 

2.3.2 Performance metrics 

A variety of indices are used to evaluate the prediction performance of the PHM 

model. Besides, depending on the complexity of the model, many researchers have 

proposed new measures for the evaluation of RUL prediction for prognostics. Table 2.13.1 
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summarizes the list of the most commonly used metrics. Various measures consider 

different aspects of the model depending on available information and problem 

requirements. Readers may refer to the last column references for more information. 

Table 2.13.1 Performance metrics for PHM model evaluation. 

Measure Notation Reference 

Diagnostics 

Confusion matrix criteria: 

• Accuracy and Error rate 

• Precision 

• Sensitivity (Recall) 

• F1-score 

• Correlation coefficient 

Receiver operating characteristic (ROC) curve: 

• Area under the curve  

Detection error trade-off curve 

 

 

ACC, ER 

PR 

SN 

F1 

CC 

 

AUC 

DET 

 

 

Ali et al. [23] 

Shao et al. [24] 

Shao et al. [24] 

Shao et al. [24] 

Lou et al. [25] 

 

Batista et al. [26] 

Batista et al. [26] 

Prognostics 

Offline evaluation; ground truth RUL data: 

• Mean absolute error 

• Root mean squared error 

• Mean absolute percentage error 

• Prediction horizon 

• 𝛼 − 𝜇 accuracy 

• Convergence 

• Relative accuracy 

• Confidence interval 

• Prognostic accuracy criterion 

• Hybrid criterion  

• Exponential Transformed accuracy 

 

 

MAE 

RMSE 

MAPE 

PH 

𝛼 − 𝜇 ACC 

Con 

RA 

CI 

PAC 

HyC 

ETA 

 

 

Zhu et al. [27] 

Deutsch et al. [28] 

Deutsch et al. [28] 

Saxena et al. [29] 

Saxena et al. [29] 

Saxena et al. [29] 

Saxena et al. [29] 

Chen et al. [30] 

Nguyen et al. [31] 

Nguyen et al. [31] 

Nectoux et al. [32] 

Offline evaluation; run-to-failure data: 

• Mean prediction error and standard deviation 

• Overall average bias 

• Overall average variability 

• Reproducibility 

• Predictability 

 

E, sd 

OAB 

OAV 

Rep 

Pred 

 

Zemouri et al. [33] 

Zemouri et al. [33] 

Zemouri et al. [33] 

Zemouri et al. [33] 

Javed et al. [34] 

Online evaluation: 

• Online root mean squared error 

• Coverage rate 

• Average width 

 

Online RMSE 

CR 

AW 

 

Hu et al. [35] 

Hu et al. [35] 

Hu et al. [35] 

 

2.3.3 Public datasets 

Despite recent advances in data acquisition and sensor technology, acquiring enough 

high-quality data for data-driven approaches is still difficult and challenging. The long-
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term deterioration process and machinery break-down in-service makes it time-consuming 

and impracticable to collect high-resolution run-to-failure data. Moreover, the 

measurements collected during the out-of-service period of the machinery, usually do not 

reflect the real working situation behaviors.  

To facilitate the PHM model development, Table 2.13.2 presents common published 

datasets for diagnostics and prognostics. Although the measurements are collected over 

accelerated degradation experiments under laboratory conditions, they provide a useful 

reference for PHM researchers. 

 

2.4 DEEP NEURAL NETWORKS ARCHITECTURES 

The idea behind deep neural networks is inspired by the hierarchical structure of the 

human brain, as they first learn simpler features, and then process them to represent more 

abstract features. The general structure of a deep neural network (DNN) known as 

feedforward mainly consists of an input layer, multiple hidden layers, and an output layer. 

In the multi-layer perceptron (MLP) network, as the simplest form of deep architecture, the 

output is computed straight forward along with the sequent layers of the model as long as 

input data is fed. In each neuron of the middle-hidden layers, the biased weighted sum of 

the previous layer outputs is put into a nonlinear function aka activation function to produce 

the output of that neuron. The hierarchical nature of representation learning in DL lets it 

find out desired but abstract underlying correlations and patterns among a large amount of 

data. In this section, we briefly discuss the fundamental concepts of deep learning and 

typical deep structures commonly applied to PHM in literature. Some mostly used 

terminologies have been defined in Table 2.13.3. 
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Table 2.13.2 Public datasets for system health management. 

Dataset Task Comment Link* 

Bearing 

Lessmeier et al. [36] 

CWRU [37] 

 

PRONOSTIA (IEEE 

PHM’12) [32] 

 

IMS [38]  

 

Diagnostics 

Diagnostics 

 

Prognostics: 

RUL prediction 

Prognostics: HI 

construction, 

RUL prediction 

 

Motor currents and vibration signals over four 

different conditions. 

Delivers health-related vibration 

measurements of bearings at different 

locations under four various loading 

conditions of the motor.  

Measures vibration and temperature and the 

rotating speed is stable.  

Compared with PRONOSTIA, the longer 

degradation process makes the data closer to 

the real industrial case. However, the RUL 

prediction gets more complicated. 

 

1 

2 

 

 

3 

 

 

3 

Turbofan Engine  

 CMAPSS (IEEE PHM’08) 

[39] 

 

Prognostics: 

RUL prediction 

 

Provides temperature, speed, pressure, and 

bleed measurements under six different 

operating conditions. Therefore, is the right 

candidate for multi-sensor fusion algorithms. 

 

3 

Gearbox  

PHM’09 

 

Diagnostics 

 

Unsupervised fault detection 

 

4 

Li-Ion Battery 

Idaho national lab [40] 

 

 

HIRF (IEEE PHM’15) [41] 

 

 

Randomized battery usage 

[42] 

 

Prognostics: 

State of health 

estimation 

Prognostics: 

state of health 

estimation 

Prognostics: 

State of health 

estimation 

 

Battery aging experiment affords operational 

profiles data of four batteries at room 

temperature. 

 

Battery current, voltage, and state of charge 

(SOC) available.  

 

Aging voltage and current data are collected 

over randomized discharge profiles. 

 

3 

 

 

3 

 

 

3 

 

Tool wear prediction  

PHM’10 

 

Prognostics: 

Health 

assessment 

 

 

Collected data include wear measurements,  

vibration, acoustic emission, and force 

readings. 

 

5 

Milling dataset  Prognostics: 

wear prediction, 

RUL prediction 

Provides measurements from acoustic 

emission and vibration sensors. 

3 

 

Industrial plant  

PHM’15 [43] 

 

Diagnostics 

 

Contains time-series measurements for thirty 

plants with various components. 

 

6 

Bogie  

PHM’17 

 

Diagnostics: 

Fault detection 

and isolation 

 

Provides vibration data from different 

components of the vehicle.  

 

7 

* 1: Kat-Data Center, 2: Case Western Reserve University data center, 3: NASA Prognostics Center data 

repository, 4: https://www.phmsociety.org/references/datasets, 5: 

https://www.phmsociety.org/competition/phm/10, 6: 

https://www.phmsociety.org/events/conference/phm/15/data-challenge, 7: 

https://www.phmsociety.org/events/conference/phm/17/data-challenge 

 

https://mb.uni-paderborn.de/en/kat/main-research/datacenter/bearing-datacenter/
https://csegroups.case.edu/bearingdatacenter/pages/download-data-file
https://ti.arc.nasa.gov/tech/dash/groups/pcoe/prognostic-data-repository/
https://ti.arc.nasa.gov/tech/dash/groups/pcoe/prognostic-data-repository/
https://ti.arc.nasa.gov/tech/dash/groups/pcoe/prognostic-data-repository/
https://www.phmsociety.org/references/datasets
https://ti.arc.nasa.gov/tech/dash/groups/pcoe/prognostic-data-repository/
https://ti.arc.nasa.gov/tech/dash/groups/pcoe/prognostic-data-repository/
https://ti.arc.nasa.gov/tech/dash/groups/pcoe/prognostic-data-repository/
https://www.phmsociety.org/competition/phm/10
https://ti.arc.nasa.gov/tech/dash/groups/pcoe/prognostic-data-repository/
https://www.phmsociety.org/events/conference/phm/15/data-challenge
https://www.phmsociety.org/events/conference/phm/17/data-challenge
https://mb.uni-paderborn.de/en/kat/main-research/datacenter/bearing-datacenter/
https://csegroups.case.edu/bearingdatacenter/pages/download-data-file
https://ti.arc.nasa.gov/tech/dash/groups/pcoe/prognostic-data-repository/
https://ti.arc.nasa.gov/tech/dash/groups/pcoe/prognostic-data-repository/
https://www.phmsociety.org/references/datasets
https://www.phmsociety.org/competition/phm/10
https://www.phmsociety.org/events/conference/phm/15/data-challenge
https://www.phmsociety.org/events/conference/phm/17/data-challenge
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Table 2.13.3 Glossary. 

Term Description 

Cost function/Loss 

function  

Loss function and cost function have been interchangeably used in the machine 

learning community. In the current review, loss function refers to the error term 

for a single training/validation/test set. However, the cost function is the average 

of loss function over the entire or a batch of training/validation/test set and may 

contain penalty terms. 

Discriminative 

neural networks 

Modeling the conditional probability of the output, given the observed data 

Graphical models Are probabilistic models in which the probabilistic distributions are expressed by 

graphs. each node in the graphs represents a random variable (or group of random 

variables), and the links express probabilistic relationships such as conditional 

probability between these variables [44]. 

Generative neural 

networks 

Modeling the joint probability distribution of the input variables and the output 

variables.  The term “generative” comes from the network's ability to generate 

random instances.   

Machine learning Is programming computers to optimize a performance criterion using example 

data or experience. The model is defined up to some parameters, and learning 

refers to optimize the parameters of the model. The model may be predictive to 

make predictions in the future, or descriptive to gain knowledge from data or both 

[45]. 

Representation 

learning 

Automatically extracting meaningful representations or features required for 

machine learning tasks, as opposed to manual feature engineering techniques 

Supervised learning Machine learning algorithms that use labeled data to infer a mapping function 

from the input to the output 

Unsupervised 

learning 

Machine learning without labels or specific guidance 

2.4.1 Restricted Boltzmann Machine  

Restricted Boltzmann Machines (RBMs) are undirected bipartite graphical models 

consisting of xn  visible (input) units and hn  hidden units, and no intralayer connections 

are allowed, see Figure 2.13.4 RBMs often perform as powerful generative models trying 

to estimate the probability distribution of the input data.  In other words, it learns a 

reconstructed version of the input data through stochastic processing units.  From the 

supervised perspective, RBM often acts as a pre-processor for other models to carry out 

the classification task. However, there are several publications arguing the discriminative 

learning of RBM as a self-contained classifier [46]. The energy function E , and joint 
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probability distribution P of a standard RBM with binary random visible variables 

 
1

xn

i i
x

=
=x   and binary random hidden variables 

1

hn

j j
h

=
 =  h  are defined as: 

( , ) T T TE = − − −x h x Wh b x c h  (2-1) 

 exp ( , )
( , )

E
P

Z

−
=

x h
x h  

(2-2) 

where exp( ( , ))
x h

Z E= − x h  is the partition function that ensures the 

normalization of P  as a probability distribution. ijw =  W ,  ib=b  and jc =  c   are the 

weight matrix and bias vectors. xn  and hn  are number of units at input and hidden layers, 

respectively. RBMs are a particular case of Markov random fields and can be trained via 

Markov chain Monte Carlo (MCMC) methods. Among all, contrastive divergence (CD) is 

shown to reduce the training effort [47]. A practical guide to training RBMs is provided by 

Hinton [48]. In the following two sections, we briefly introduce two generative DNNs 

based on RBM, known as deep belief networks and deep Boltzmann machines. 

2.4.2 Deep Belief Network  

Deep belief networks (DBNs) are the first successful deep networks. They are formed 

by stacking multiple RBMs and model the joint distribution of observed data 𝐱 = 𝐡0 and 𝑙  

hidden layers 𝐡𝑘 as: 

2
11 2 1

0

( , , ,..., ) ( ( )) ( , )
l

kl k l l

k

P P P
−

+ −

=

= x h h h h h h h  
(2-3) 
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It can be seen in Figure 2.13.4 that the top two layers are non-directional and 

connections in the other layers are top-down directed. DBNs are trained through a two-

steps process: the pre-training step and the fine-tuning step. A greedy layer-wise 

unsupervised algorithm in a down-top manner carries out the pre-training [49]. To this, 

first, the RBM which takes the data as input is trained via Contrastive Divergence and 

learns the representation of the input. Then, the previously trained features are treated as 

input variables of the second hidden layer and the layers are sequentially trained in the 

same way. Once the network has been initialized by pre-training, parameters can be fine-

tuned with labeled data via a supervised up-down process [50]. 

Figure 2.13.4 Typical deep architectures, rectangular hidden units represent 

recurrent cells and can be vanilla RNN, GRU or LSTM cells. 
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2.4.3 Deep Boltzmann Machine  

Deep Boltzmann Machine (DBM) is another RMB-based deep generative model 

where layers are again arranged in a hierarchical manner [51]. Unlike DBN, in DBM all 

the connections are undirected, see Figure 2.13.4. DBM can be regarded as a deep RBM 

with multiple hidden layers, where units in odd-numbered layers are conditionally 

independent of even-numbered layers, and vice versa [52]. During the training process, a 

stochastic maximum likelihood (SML) based algorithm is used to jointly train all the layers 

by maximizing the lower bound on the likelihood [53].  Such a process seems leading to 

falling in poor local minima. Instead, Salakhutdinov and Hinton proposed a greedy layer-

wise pre-training strategy, much similar to DBN,  i.e., by treating the network as a stack of 

RBMs and pre-training them independently [51]. A final SML-based joint fine-tuning 

updates the parameter space.  

DBMs are compelling deep models, but the high computational cost of the 

approximate inference makes large-scale learning of DBMs (sizeable datasets and/or larger 

DBMs) almost impractical.  Some researchers focused on different methods to improve the 

efficiency of DBMs by accelerating the inference or improving the training process [54], 

[55]. 

2.4.4 Autoencoder    

Autoencoders are unsupervised networks that are trained to reconstruct the input x  

on the output layer x̂  in a two-phase process: encoding learns a hidden representation of 

data h  via a closed-form feature-extracting function ( )f=h x , and decoding maps h  back 
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into the input space to obtain a reconstruction of data ˆ ( )g=x h . The subscript   denotes 

network parameters [ , , , ]  = W b W b . 

In the course of training a standard autoencoder, the parameters are found by 

minimizing the cost function over m  training samples: 

( ) ( , ( ( )))AE

m

L g f  = x x  (2-4) 

where L  represents the loss function as a measure of the discrepancy between x  and 

x̂  known as reconstruction error. Generally, single-layer autoencoders have limited 

representational power.  Similar to RBMs, autoencoders can stack in a deep configuration 

called stacked autoencoder (SAE), which forwards the latent representation of the layer 

below as the input to the next layer, and training is done in a greedy layer-wise manner.  

A significant drawback of the standard autoencoder is the tendency to learn identity 

functions without extracting meaningful information about the data, especially for the 

overcomplete case in which hidden layer has a dimension equal or greater than the input, 

i.e. h xn n .  Alternative variants are introduced to provide the solution by regularization, 

i.e., constraining the network to learn other properties besides the ability to reconstruct the 

data), or training autoencoders via generative modeling approaches. The resulting variants 

are discussed in sections 2.4.4.1-2.4.4.4. 
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2.4.4.1 Sparse Autoencoder  

Sparse autoencoder exploits the inner structure of the data via including a sparsity 

constraint on the activation of the hidden units through the addition of Kullback-Leibler 

(KL) divergence term to the cost function [56]. Sparse representation improves the 

classification task performance by increasing the likelihood that different categories will 

be easily separable [57]. Overall, the corresponding cost function of a stacked sparse 

autoencoder (SSAE) is updated as: 

1

ˆ( ) ( , ( ( ))) ( )
N

SAE j

m j

L g f KL    
=

= + x x  
(2-5) 

where N   is the hidden layer size, ˆ
j   is the average activation of the j-th hidden 

unit, and    is a specified sparsity parameter. The hyperparameter    determines the 

relative importance of the sparseness term in the cost function [58]. 

2.4.4.2 Denoising Autoencoder  

The denoising autoencoder (DAE) is another regularized network to prevent the 

model from learning a trivial identity solution. Instead of adding the penalty to the cost 

function, DAE takes a noise-corrupted version of data x   to reconstruct the input x  and 

learn meaningful information by changing the reconstruction error term in the cost 

function, ( , ( ( ))L g f x x  .    

The input is first corrupted employing Binary or Gaussian noise, and the corrupted data x

is then mapped to the hidden layer. Therefore, DAEs must undo the corruption process by 
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capturing the input data distribution, rather than simply learning the identity. The learned 

representation is robust toward slight perturbations [59].  

2.4.4.3 Contractive Autoencoder  

Contractive autoencoder (CAE) proposed by Rifai et al. [60], adds the Frobenius 

norm of the Jacobian matrix of the latent space representation w.r.t the input, to the standard 

reconstruction loss ( , ( ( )))L x g f  x . The contractive cost function is updated as: 

2
( ) ( , ( ( ))) ( )CAE F

m

L g f J  = + x x x  (2-6) 

where ( ) ( )
f

J
x

=


x x  is the Jacobian matrix of the encoder at x  , and   is the 

hyperparameter to control the regularization. Contractive autoencoders encourage the 

robustness of the representation by penalizing the sensitivity of the features rather than 

regularizing the reconstruction that offers better performance compared to other 

regularized models.  

2.4.4.4 Variational Autoencoder  

Variational autoencoders (VAEs) proposed by Kingma et al. [61] are directed 

generative models that use a variational inference framework to approximate the input data 

distribution ( )p x  and can be trained with gradient-based methods [62]. VAEs are 

attractive deep models as they bridge the gap between neural networks and probability 

models, and make it possible to design generative models of large complex datasets.  
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Similar to any autoencoder, they have an encoder/decoder architecture, although the 

math behind the structure has little to do with other well-known autoencoders. Variational 

autoencoders are composed of two neural networks: inference network (encoder) with the 

weight parameters  ,  and generative network  (decoder) with the parameter space  . For 

sampling, the network draws a sample of h  from latent distribution, ( )h p h  , which is 

same as the prior distribution in an inferential context and is usually defined as a centered 

isotropic Gaussian distribution, i.e. ( ),0, Ih . Then, the generative network is used to 

construct a parameterized distribution ( )p x h , which can be Gaussian or Bernoulli, 

depending on the data type (binary or real-valued).  

The posterior distribution of latent space over observed data,  defined as

( ) ( ) ( )p p p  h x x h h is intractable and impossible to evaluate, therefore the recognition 

network (encoder) estimates the approximate distribution of ( )q h x by minimizing KL 

divergence between the posterior distribution ( )p h x  and approximate distribution [63]. 

The authors proposed a reparametrization Trick for generating samples via parametrizing 

h  as a ( )h g= ε,h , where (0,1)ε  is an auxiliary variable. Reparameterization to 

( ) ( )h hh  = +x x ε  (  is element-wise product) results in following training objective 

of the model to optimize the variational bound over the marginal log-likelihood of the 

observations  [64]: 

( )
( , , ) ( ( ( ) [log ( )]

q
KL q p p

    = − +
h x

x h x) h x h  (2-7) 
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where the second term on the right-hand side is the reconstruction term. The 

reparametrization helps us to use backpropagation to train both the encoder and the decoder 

simultaneously.   

2.4.5 Convolutional Neural Network 

Convolutional neural networks (CNNs) are deep discriminative networks and have 

shown pleasing results in processing the data with grid-like topology. The key difference 

between CNNs and standard neural networks is that CNNs benefit parameter sharing 

scheme, which allows the network to look for specific features at different positions [62].  

2.4.4Figure 2.13.4  shows the schematic of a typical 2-D CNN characterized by three 

layers, i.e., convolutional, pooling and fully-connected layers. The convolutional layer 

carries out the convolution operation on the input data by sliding a filter (kernel) over the 

input to produce a feature map. The pooling layer aims to reduce the dimension of the 

feature map which reduces the number of the parameters and increases the shift-invariance 

property which leads to better robustness against noise [65]. The final fully connected 

layers map the data to a 1D feature vector, which can be either used by a classifier [66] or 

as a feature vector for further processing [66].   

The training process works in the same way as standard neural networks using 

backpropagation. Based on various improvements of CNN schemes in structural 

reformulation and regularization perspective, deeper CNN architectures have been 

emerged and achieved successful results in different domains [67]–[69].  
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2.4.6 Recurrent neural network 

Recurrent Neural Networks (RNNs) contain feedback loops to remember the 

information of former units and are the most suitable for sequential data such as natural 

language and time-series data. During the training process, the hidden unit ℎ𝑡 is 

sequentially updated based on the activation of the current input  𝑥𝑡 at time 𝑡 and previous 

hidden state ℎ𝑡−1 . Owing to the recursive structure, RNNs are capable of capturing long-

term temporal dependencies from time series and sequential data but they suffer vanishing 

or exploding gradient problem, in the sense that during the propagation of the gradients 

back to the initial layers, the small gradients shrink and eventually vanish. On the other 

hand, if they are larger than one, they accumulate through numerous matrix multiplications 

and result in the model collapse [70]. Gated recurrent unit (GRU) and long short-term 

memory (LSTM) cells are popular variants of RNN that try to alleviate the aforementioned 

problem [62], see Figure 2.13.5. Bi-directional recurrent networks (BRNN), as shown in 

Figure 2.13.4 can increase the model capacity by sequencing the data in both forward and 

backward directions. 

2.4.7 Generative adversarial network  

Generative adversarial networks (GANs) proposed by Goodfellow et al. [71], are 

powerful generative models consisting of two neural networks: discriminator and 

generator. The generator ( ) zG  as the generative part of the model learns the distribution 

of the inputs and creates the fake data, while the discriminator ( ) xD  as the adversarial 

part, takes in both fake and real data and evaluates them for authenticity, Figure 2.13.4. 

The training process is similar to a min-max two-player game between discriminator and 
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generator in game theory, that tries to reach a unique Nash-equilibrium of the players, i.e., 

the parameters set ( , )   at which none of the players, neither the discriminator nor the 

generator changes their action, given the other player action. GANs produce appealing 

results, but they are commonly challenging to train and suffer from diverging behavior, 

mode collapse, and vanishing gradients issues [72], [73].  Considerable recent research has 

been devoted to finding solutions and a better understanding of the training dynamics [74]–

[77].  

The Original GAN model uses fully-connected networks for generator and 

discriminator. However, many recent studies developed more beneficial variants using 

AEs, CNNs and RNNs architectures. Considering the architecture of the networks or the 

choice of the loss function, different variants demonstrated a significant impact on the 

performance of the model. For more information about various GAN architectures, the 

reader may refer to [78]. 

 

Figure 2.13.5 Two well-known recurrent cells: the sigmoid function is denoted as  

, and   is an element-wise operator. th  and tC  indicate the hidden state and 

memory state at a time step t , respectively. 
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2.4.8 Optimization in deep neural networks 

Artificial neural networks, as universal function approximators, are designed to learn 

any function. The multi-layered architecture of deep networks makes them able to handle 

complex non-linearly separable. However, the convergence or outstanding performance of 

deep learning is highly reliant on the critical factors such as activation function selection, 

weight initialization, hyperparameters (learning rate, number of layers and neurons at each 

layer and, etc.), optimization and regularization methods throughout training the model.  

 Activation functions are non-linear functions incorporated into artificial neural units 

(namely neurons, Figure 2.13.6), which receive the bias term and the weighted sum of the 

inputs from the previous layer and let deep neural networks to learn highly powerful 

representations over forward propagation and backpropagation algorithms. Table 2.13.4 

Table 2.13.4summarizes popular activation functions in deep neural networks. Although 

choosing the proper function depends upon the type of the problem and depth of the 

network, it is recommended to start with ReLu (only for hidden layers), and then move 

over to alternatives if ReLu does not perform well.  

 

 

 

 

Figure 2.13.6 Schematic of a single neuron showing the inputs nx  , corresponding 

weight nw  , bias b  , and activation function   . 
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Table 2.13.4 Well-known activation functions in deep learning. 

Function Equation Characteristics  

Sigmoid ( ) 1 (1 )zz e −= +   Pros: normalized output between 0 and 1, smooth gradient,  

Cons: Computationally expensive, vanishing gradient, not 

zero-centered outputs, usually not used in deep models 

except in the output layer for binary classification 

Hyperbolic 

Tangent 

(tanh) 

( ) tanh( )z z =   Pros: zero-centered output, smooth gradient, noise-robust 

representation 

Cons: Computationally expensive, suffers from vanishing 

gradient but still better than sigmoid for hidden layers 

Rectified 

Linear Unit 

(ReLu) 

( ) max(0, )z z =   Pros: computationally efficient, no vanishing gradient, the 

most common function for hidden layers 

Cons: overfitting, bias shift because of non-zero mean 

activations, dying ReLu problem in which the inputs 

approach zero or negative values with zero gradients. 

Leaky ReLu ( ) max( , )z z z = ,  is a 

hyperparameter, and normally 

is 0.01. 

 

Pros: solves dying ReLu issue 

Cons: not consistent results for negative values, similar to 

ReLu 

Parametric 

ReLu 
( ) max( , )z az z = , a  is a 

learnable parameter 

Pros: the results are better than Leaky ReLu by choosing 

proper a  values 

Cons: it may reduce the overfitting problem with good a  

and appropriate regularization, similar to ReLu 

Exponential 

Linear Unit 

(ELU) 

                0
( )

( 1)     0z

z if z
z

e if z





= 

− 
  

  is hyperparameter 

Pros: Solves bias shift problem, faster learning for deeper 

models 

Cons: saturates for large negative values and results in 

inactive neurons 

Softmax 

1

( )     1,..., .i k

k K
z z

i

k

z e e for i K
=

=

= =   
Ranges the output between 0 and 1, different from other 

activation functions gives multiple outputs for the vector of 

inputs and usually used in the last layer for multi-class 

models 

 

The optimization algorithm plays a vital role in training. The gradient descent method 

is the first-order optimization technique that is widely used for training. It converges slower 

than second-order alternatives such as Newton and Conjugate gradient methods. The 

traditional gradient descent technique runs through the whole training dataset to perform a 

single update of model parameters or weights. Hence, it can be slow and time-consuming 

to train a very large dataset.  To remedy the issue, the usual practice is to perform the update 

for a sub-set of training samples [79]. The algorithm was traditionally called mini-batch 

gradient descent. However, now they are simply referred to as stochastic gradient descent 

(SGD). Despite the effective training process, SGD faces challenges such as the proper 
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learning rate selection, dealing with the sparsity of data, and minimizing highly non-convex 

error functions while avoiding sub-optimal local minima. Various algorithms are proposed 

to tackle the challenges of SGD, see Table 2.13.5. 

Table 2.13.5 Optimization algorithms in deep architectures*. 

Parameter update About 

Vanilla SGD: 
1t t tg  + = −  

 

It reduces the variance of the parameters and leads to more stable 

convergence comparing to batch gradient descent, but the 

learning is slow. 

Momentum: 
1 1t t tv + += − , 

1t t tv v g + = +  

Accelerates SGD learning process by accumulating the past 

gradients and moving in their directions at speed v  . 

Nesterov momentum: 
1 1t t tv + += − , 

1t t tv v g + = +  

Corrects standard momentum by evaluating the current gradient 

after applying the velocity at that time step. 

AdaGrad: ( )1t t tG   + = − + ʘ 
tg ,

1t t tG G g−= +  ʘ
tg  

AdaGrad is based on adapting the learning rates of all the 

parameters by dividing the rate by the square root of the sum of 

past and current squared gradients. The accumulation of 

gradients makes the learning rate to shrink to infinitesimally 

small values for deep networks. 

RMSprop: ( )1
ˆ

t t tG   + = − + ʘ
tg

, 
1

ˆ ˆ (1 )t t tG G g −= + − ʘ
tg  

Solves diminishing learning rate issue of AdaGrad by dividing 

the rate by exponentially weighted average of squared gradients. 

Adam: ( )1
ˆ ˆ

t t t ts r   + = − + , 

1 1 1(1 )t t ts s g −= + −

1 1 1(1 )t t tr r g −= + − ʘ
tg , 

1 2
ˆ ˆ1 ,   1t t

t t t ts s r r = − = −  

It can be seen as the combination of RMSprop and momentum 

to enhance the falling learning rate problem in AdaGrad. Adam 

achieves huge improvement in terms of speed of training. 

However, it’s shown to have convergence issue for some 

datasets. Several strategies have been proposed to benefit Adam 

optimizer while solving the convergence issue  

AdaMax: 
1

ˆ
t t ts R  + = − , 

2 1max( , )t t tR R g −=  

AdaMax is a variation of Adam which uses the exponential 

moving average of gradients and past p-norm of gradients, and 

mostly used for the settings with sparse parameter updates. 

*  : parameters,   : learning rate, m : minibatch size, ( )( ; )if x   : the predicted output where  ( )

1

m
i

i
x x

=
=  

is the training minibatch, ( )iy  is the ground truth target,  : loss function, 
( ) ( )

1

1
( ( ; ), )

m i i

t ti
g f x y

m
 

=
=   

: gradient estimate at time-step t ,  ʘ denotes element-wise products, 
( ) ( )

1

1
( ( ; ), )

m i i

t ti
g f x y

m
 

=
=  : 

gradient estimate at interim point 
t t tv  = − ,  : momentum coefficient,   : a small constant for numerical 

stability, 1 2, ,    : exponential decay rates, s  : biased first moment estimator for Adam and AdaMax, r  : 

biased second moment estimator for Adam, tR : second moment estimator for AdaMax. 
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Another critical problem in the context of deep learning is to train the models that 

perform well on both training and test datasets. In this context, regularization is defined as 

“any modification we make to a learning algorithm that is intended to reduce its 

generalization error but not its training error [62]. A summary of the most common 

regularization algorithm is shown in Table 2.13.6. 

Table 2.13.6 Regularization in training deep networks [62]. 

Technique About 

L2-Regularization Aka weight decay, calculates the sum of the squared values of the weights, it shrinks 

the weight vector and is the most common norm penalty term added to the objective 

function. 

L1-Regularization The norm penalty includes the sum of the absolute values of the weights, encourages 

more sparse weights that L2 which is good for feature selection, as opposed to L2 

does not provide clear algebraic solutions for quadratic approximations of the 

objective function. 

Early stopping The idea is to find model parameters for the best validation error by terminating the 

training as soon as the validation error starts to increase, and returning the model 

settings to the previous parameters with the lowest validation error. 

Data augmentation Make the training set larger by generating fake data, if possible. 

Bagging Or bootstrap aggregating, an ensemble learning technique in which several models 

are separately trained on bootstrapped samples, and then aggregated to make the 

averaged model. It reduces the variance and has a regularization effect by reducing 

the generalization error.” 

Dropout A widely used regularization method in which the dependency among the units is 

reduced by randomly ignoring some units during the training. 

Parameter sharing 

and tying 

Constrain sets of parameters (in various models or components of one model) to be 

equal according to prior-knowledge on models’ dependency. It is widely used for 

domain adaptation task. CNN networks also benefit parameter sharing to reduce the 

number of parameters. 

Manifold 

regularization 

Manifold regularization techniques, such as tangent prop, manifold tangent classifier, 

etc., are data-dependent methods and are based on the idea that data of the same 

classes mostly comes from the same low-dimensional manifolds 

 

 

Table 2.13.7 gives a summary of the most well-known deep networks and their 

characteristics. 
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Table 2.13.7 Summary of deep baseline models and their characteristics. 

Network Representation 
learning 

Merits Demerits 

RBM    

DBN Unsupervised/ 

generative 
• Achieves appealing results with raw 

vibration data, without considerable 
preprocessing effort 

• Model performance is highly reliant on 

initialization of the parameters 

DBM Unsupervised/ 

generative 
• Learns complex representations 

• Top-down feedback allows good 

uncertainty propagation 

• Intensive computation of joint optimization 

Autoencoder    

SAE Unsupervised/ 

discriminative 
• Easy implementation  

• Tractable optimization function 

•  Dimensionality reduction technique* 

• Not good in preserving the relationships among 

inputs 

• Risk of learning identity function without 

extracting meaningful information  

SSAE Unsupervised/ 
discriminative 

• Better generalization by introducing 

sparse features 

• Easily separable classes due to sparse 

features 

• Less robust than other regularized autoencoders 

DAE Unsupervised/ 

discriminative 
• Learns a robust representation 

• Reconstructing the clean data from a 

corrupted input 

• Easy implementation 

• Stochastic regularization 

• Partial robustness 

 

CAE Unsupervised/ 

discriminative 
• More robust representation than DAE 

(encouraging robust features rather than 

robust reconstruction) 

• Analytical regularization 

• Deterministic gradient  

• More stable than DAE 

• High computational cost 

• Not probing large perturbations  

VAE Unsupervised/ 

generative 
• Learns the complex probability 

distributions of latent space other than 

fixed scalars, and can generate new 

instances 

• Data imputation ability to handle 

incomplete datasets  

 

• Results are dependent on the expressiveness of 

the inference 

• Bad local optima issue  

CNN Supervised/ 
discriminative 

• Preserves spatial information 

• Good for high-dimensional data 

 

• Overfitting 

• Model accuracy is highly reliant on parameters 

initialization 
RNN/BRNN 

 

 

 

 

 

 

 
 

 

• Suitable for sequential and time-series data 

• Captures time dependencies of data 

• Stores temporal information 

• Difficult training process 

• Vanishing/exploding gradient 

•  

GRU Supervised/ 
discriminative 

 

 
 

• Simpler than LSTM and computationally 

more efficient 

• Vanishing/exploding gradient remedy 

• Better generalization than LSTM with less 

data 

•  

• Slightly less control than LSTM over information 

flow 

 

 

LSTM Supervised/ 
discriminative 

• Better than GRU in dealing with 

vanishing/exploding gradient issue 

• Remember longer sequences than GRU 

• Better generalization than GRU with more 

data 

• Complicated structure 

• Slower training process compared to GRU 

 
 

GAN Unsupervised/ 

generative 
• Not requiring Markov chains 

• Often generating the most realistic 

samples among other generative models 

• Active research area toward promising 

results 

• Training instability 

• Difficult optimization  

• Mode collapse of the generator which leads to 

generating samples with the limited variety 

• Subjective evaluation 

* All the variants have the property in common. 
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2.5 TAXONOMY OF DEEP LEARNING IN PHM 

In recent years, research on the use of deep learning for representation learning, time 

series classification, and prediction in the field of PHM has gained growing attention. The 

DNN models can be mainly divided into three categories: generative models, 

discriminative models, and hybrid models, see  

Generative models define a joint probability distribution over input and target 

variables and can be used to generate new instances from the underlying distribution of 

data. Among the models in this class are VAEs, DBMs, DBNs, and GANs. Discriminative 

models estimate the conditional probability distribution 𝑃(y|x), where 𝑦 and 𝑥 are the 

target variable (discrete class or scalar prediction) and observation variable, respectively. 

Discriminative models do not attempt to model the underlying distribution of the variables 

and only perform a mapping from the inputs to the desired targets [80]. CNNs, RNNs, and 

autoencoders (excluding VAEs) are common discriminative models in PHM.  

In the current survey, the hybrid models are the deep architectures that combine 

generative models, discriminative models or both to enhance the performance of the model. 

In such architectures with a generative component, the generative part aid the 

discrimination either in optimization via providing a good initialization or by reducing the 

overall complexity of the model [81]. These architectures can take advantage of both 

discriminative and generative models. The application of the models mentioned above in 

PHM is thoroughly discussed in the following subsections. Other than the networks shown 

in Figure 2.13.7, several studies proposed new DNN architectures that have generative 
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and/or discriminative natures. These models are discussed as “hybrid and emergent 

models” under section 2.12. 

 

Figure 2.13.7 Taxonomy of deep learning architectures in PHM. 

 

2.6 DEEP BELIEF NETWORKS 

Deep belief networks are the first successfully trained deep networks and the first 

deep model applied in the PHM domain. Tamilselvan and Wang [82] developed a DBN-

based multi-sensory fault diagnosis framework and leveraged the hierarchical architecture 

of DBN to handle heterogeneous sensory signals. Similarly, Tran et al. [83] used DBN 

classifier with Gaussian Bernoulli units for fault diagnosis of reciprocating compressor 

valves. They extracted time-domain and frequency-domain features of heterogeneous 

signals and applied generalized discriminant analysis (GDA) to reduce the dimensionality 

of the feature space.  
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Despite the substantial improvement of the mentioned studies over conventional 

models, hyperparameters of the model such as the number of layers, size of the layers, and 

learning rate have been randomly selected, which is shown to reduce the model efficiency 

significantly. To remedy the issue, Shao et al. [84] adopted a Particle swarm optimization 

(PSO) algorithm to decide the optimal hyperparameters for the fault diagnosis of the rolling 

element bearings. In their recent study, Tang et al. [85] proposed an adaptive learning rate 

with Nesterov momentum to accelerate network training and improve the performance.  

Deep belief networks may act as intermediate feature extractors. Yuan et al. [86] 

trained two DBNs to learn intermediate representations of vibration and acoustic emission 

signals separately. They used the wavelet packet transform (WPT) features as the inputs of 

DBNs. Furthermore, Liang et al. [87] proposed a novel raw signal segmentation method 

named Grassmann manifold-angular central Gaussian distribution to capture fault impulse 

information. A DBN is adopted to reduce the feature space dimension and extract more 

discriminative features. In [88] a new vibration imaging method is used to capture fault 

information of the rotor system in different directions. Pretraining of a deep belief network 

with a vibration image is conducted in an unsupervised manner for high-level and scalable 

feature extraction. Deutsch and He [28] made use of DBN to predict the remaining useful 

life of rolling element bearings for prognostics applications. 

There are other studies that addressed the application of  DBN in system health 

assessment  [89]–[93]. While most of them still need hand-crafted features and manual 

signal processing expertise, few studies used DBN as an end-to-end solution from raw 

input data and achieved comparative performance [94]–[96]. 
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2.7 DEEP BOLTZMANN MACHINES 

Although deep Boltzmann machines are powerful in capturing complex 

representations of data, particularly in cases of non-stationary signals and multi-sensory 

data with different modalities, their inference process is slow and costly, and the authors 

found limited studies that applied DBMs in PHM applications. Li et al. [97] adopted 

separate Gaussian Bernoulli DBMs (GDBMs) to extract high-level features of vibration 

signal in three modalities for gearbox fault diagnosis. A support vector classifier is used to 

fuse the representations towards the effective fault classification, and the model is verified 

with both spur and helical gearboxes. In [98] the authors applied DBMs to learn 

representations of acoustic emission and vibrations signals for fault diagnosis of the 

gearbox. A collaborative approach is proposed by Hu et al. [99] to deal with industrial fault 

diagnosis. A DBM turns the raw inputs to binary feature vectors, and the forest ensemble 

is used to concatenate the features. They utilized sliding windows to truncate the feature 

vectors, and a complete-random forest performs the classification. In their recent work, 

Wang et al. [100] leveraged DBM for the prognosis of the centrifugal compressor in smart 

manufacturing. Raw vibration signals are normalized through Gaussian neurons of DBM, 

and the model can learn the complex representation of the input sequence. The Particle 

Swarm Optimization algorithm searches the optimal hyperparameters, and a hybrid 

modified Liu-Storey conjugate gradient accelerated the pre-training step of the model. 
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2.8 DEEP AUTOENCODERS 

After convolutional neural networks, deep Autoencoders are the most studied deep 

models in PHM applications. The earliest deep AE models, specifically stack multiple 

autoencoders to learn more complex representation of the data. For instance, Zhou et al. 

[101] utilized SAE for bearing fault classification problem. Shao et al. [102] adopted a 

deep AE with a modified maximum correntropy-based loss function for fault diagnosis of 

the gearbox and electrical locomotive roller bearings. The modified loss function is more 

robust to non-stationary noises and enhances the feature learning task. An artificial fish 

swarm algorithm (AFSA) is used to optimize the hyperparameters. In their other study [24], 

they proposed an ensemble deep AE model for intelligent fault diagnosis of rolling 

bearings. Firstly, raw vibration signals are fed to various SSAEs with different activation 

functions, and the Softmax classifier performs the fault diagnosis. A new combination 

strategy based on majority voting determines the threshold value for diagnostic accuracy 

of individual SSAEs, and the ensemble model is used for feature learning with the training 

samples. Furthermore, in [24] they proposed a novel deep autoencoder model with 

Gaussian wavelet activation functions and raw vibratory signals.  

Regularized autoencoders enhance the generalization of the model and provide more 

robust representations. There have been numerous studies that leveraged regularized 

variants of autoencoders in PHM applications. For example, the rolling bearing fault 

diagnosis framework described in [103] benefits modified DAE with an improved norm 

penalty and new preprocessing method. Capturing the temporal dependency of the 

measurement data is a challenging task in vibration-based fault diagnosis. To address the 

issue, Jiang et al. [104] proposed a deep DAE-based model for wind turbine fault detection. 
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Firstly, the sliding window is applied to multi-sensory time-series data to capture the 

current and the past temporal information in a small time frame. Then, the robust 

multivariate reconstruction of the processed data is built via DAE.  

Most of the studies above are based on the assumption of stationary operating 

conditions; however, real-case machinery work under varying conditions and the signals 

are non-stationary, which makes it challenging to extract fault features. Luo et al. [105] 

built SSAE for the early fault detection of CNC machine. The vibration signals are divided 

into fixed-length smaller samples using a sliding frame and labeled into impulse vs. non-

impulse classes. The SSAE model is trained to determine the impulse responses of the data. 

The state-space model is adopted to estimate the dynamics of the machinery using impulse 

response data, and a dynamic property similarity-based health indicator is constructed for 

health monitoring tasks. In [106], the authors utilized SSAE for fault diagnosis of the 

gearbox with emerging new fault conditions. The proposed SSAE framework assigns new 

labels to the samples that deviate from Gaussian distribution and achieved higher 

accuracies compared to the standard SSAE model. Liu et al. [107] utilized  SAE for multi-

sensor fusion-based fault diagnosis of rotating machinery. 

Wang et al. [108] adopted a batch normalization optimization method to reduce the 

internal covariate shift problem between hidden layers of SSAE for gearbox fault diagnosis 

and achieved the results superior to raw SSAE model.  Sun et al. [109] used the compressed 

sensing idea with less measured data for SSAE-based fault diagnosis of rolling bearings. 

The selective stacked denoising autoencoder network with negative correlation learning 

(Selective-SDAE-NCL) is proposed by Yu [110] for gearbox fault diagnosis. In their 
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model, the ensemble supervised fine-tuning of SDAE components via NCL is used to 

account for different aspects of the data. The PSO algorithm produces the optimal subset 

of SDAE components, Figure 2.13.8. Other PHM studies with stacked sparse denoising 

autoencoders (SSDAE) have been carried out by Jian et al. [111] for wind turbine fault 

diagnosis, Lu et al. [112]  and Guo et al. [113] for fault diagnosis of rolling bearings, Shi 

et al. [114] for tool condition monitoring, Zhang et al. [115] for fault diagnosis of solid 

oxide fuel cell system. 

Despite the achievements of DAE for automatic feature extraction in fault diagnosis 

applications, it is challenging to select the best corruption level. Some authors used 

contractive autoencoder (CAE) for more convenient and robust representation learning. 

For example, Shen et al. [116] proposed a CAE-based model for automatic feature learning 

in the gearbox and rolling bearing fault diagnosis problems. The input was frequency 

domain data and compared to other regularized autoencoders, they could obtain higher 

correlation coefficients under different signal to noise ratios (SNRs).  

Contractive autoencoders penalize the sensitivity of the features and encourage the 

robustness of the representation rather than of the reconstruction, as in denoising 

autoencoders. Hence, they may provide better performance and generalization. However, 

CAE cannot probe large perturbations of the input. Shao et al. [117] suggested an enhanced 

feature learning method by combining the characteristics of DAE and CAE for fault 

diagnosis of electrical locomotive bearings. The raw vibration signals are fed into DAE to 

extract low-level fault features. Stack of multiple CAEs is then used for higher-level and 

robust feature extraction. Similarly, in [118], the authors leveraged a hybrid autoencoder 
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representation learning based on DAE and CAE for fault diagnosis of rolling bearings from 

raw vibration signals.  

Although the generative variant of autoencoders, known as variational autoencoder 

(VAE) has shown outstanding results in complex latent representation learning in varied 

applications, few studies used VAE in the field of PHM. Ping et al. [119] utilized VAE to 

extract deterioration features of complex rotary machinery. They proposed log-normally 

distributed latent variables instead of standard normal units to address heteroscedasticity 

issue of degradation data. In another study [120], the authors leveraged deep VAE for fault 

diagnosis of rolling bearings using raw vibration measurements. Zhan et al. [121] 

integrated VAE in a semi-supervised learning-based network with multiple association 

layers for fault diagnosis of the planetary gearbox. They applied wavelet packet transform 

to capture impulse components of the vibration signals, and trained the model with a 

combination of labeled and unlabeled samples. A conditional VAE  (CVAE) network [122] 

is adopted for planetary gearbox fault diagnosis under noisy conditions. As opposed to 

standard VAE, CVAE models the features conditioned on some random variables and 

achieves a better reconstruction.  Despite the successful examples above, there is still room 

for leveraging VAE in health monitoring applications, especially for dealing with 

heterogeneous and incomplete data in real industrial machinery [123].  
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Figure 2.13.8 Selective-SDAE-NCL for gearbox fault diagnosis, [110]. First, the 

hierarchies of SDAEs are pre-trained with bootstrapped samples in an unsupervised 

fashion. Then, the ensemble supervised fine-tuning of SDAE components via NCL is 

carried out to account for different aspects of the data. Finally, The PSO algorithm 

produces the optimal subset of SDAE components. 

 

2.9 CONVOLUTIONAL NEURAL NETWORKS 

As shown in Figure 2.13.1, convolutional neural network (CNN) is the most applied 

deep model in the PHM field. Chen et al. [124] adopted  1-D CNN for gearbox fault 

identification. They fed time and frequency domain features of the vibration signal to the 

model and performed some parameter tunings to find the optimal architecture of CNN. 

Guo et al. [125] demonstrated a CNN-based health indicator (HI) construction method for 
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rolling bearing prognosis. A novel outlier region removal technique is applied to reduce 

trend burr effect and enhance the prognostics performance. The new HI assessment metric 

named scale similarity comforts picking the proper failure threshold when HIs in the 

training set have different range scales. Similarly, the deep convolutional neural network 

was applied by Belmiloud et al. [126] for the RUL estimation of rolling bearings. Many 

studies have used 1-D CNN for fault classifications of rolling bearings [127]–[132]. Jing 

et al. [133] made use of  1-D CNN for multi-sensory fault diagnosis of the planetary 

gearbox. They utilized four types of signals including acoustic, vibration, current and 

instantaneous angular speed signals to integrate data-level, feature-level, and decision-

level fusions into an optimized deep CNN. In [134], the authors used raw acoustic signals 

in time and frequency domains for gear fault diagnosis, and leveraged multi-channel CNN 

to fuse information from different microphones. Liu et al. [135] carried out the 

simultaneous diagnosis and prognosis of rolling bearing using a joint-loss CNN model. 

Zhang et al. [136]  proposed a CNN-based fault diagnosis framework with residual blocks. 

The identity skip connections in the model allow the direct propagation of the information 

throughout the network and enhance high-level feature extraction. 

Convolutional neural networks were originally designed for image analysis tasks. 

Hence, different researchers investigated approaches to preprocess and convert time-series 

data into 2-D inputs for the system health assessment, see Table 2.13.8   Several studies 

have used time-frequency analysis methods to transform vibration signals into image 

inputs. Han et al. [137] adopted multi-level wavelet packet matrices as the inputs to several 

parallel CNNs with shared parameters for gearbox fault diagnosis. Multi-level wavelet 

packet matrices incorporate non-stationary vibration information from multiple resolutions 
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and cancel the need for level selection in WPT. Verstraete et al. [138] proposed a novel 

CNN architecture for rolling bearing fault diagnosis and compared the effectiveness of the 

model with three different time-frequency representations of raw signals as input images: 

spectrograms of short-time Fourier transform (STFT), scalograms of the continuous 

wavelet transform (CWT), and Hilbert-Huang transform (HHT) plots. The suggested 

network consists of two consecutive convolutional layers without any pooling layer 

between them, but there are pooling layers between stacks of two-layered convolutional 

blocks. The model achieves the same accuracies as standard CNNs for scalogram images 

with significantly less learnable parameters and computational cost but outperforms 

alternative CNN models for HHT images and spectrograms. In [139], Yoo and Baek 

demonstrated the Morlet-based CWT representation of vibration signals fed into CNN 

network to construct HI for remaining useful life estimation of rolling bearings. Although 

there is not a defined method to decide the best wavelet for various PHM scenarios, Morlet 

wavelets have shown effective results and high similarity to the impulse component of non-

stationary signals of the faults in mechanical equipment. Zhu et al. [27] made use of binary 

interpolation to reduce the dimensionality of CWT image for bearing RUL estimation 

problem. Besides, they utilized a multi-scale convolutional neural network (MSCNN) that 

keeps global and local features synchronously by using the features of the last 

convolutional layer and the pooling layer before for prediction. A comparative study of the 

model with other CNN-based models verified the effectiveness of the proposed method.  
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Table 2.13.8 Summary of 2-D CNN based models for PHM applications. P: Prognostics, D: 

Diagnostics. NRMSE: Normalized RMSE. 

Study Task Input  Architecture Performance  

Yoo et al. [139] Bearing/P Morlet-based CWT CNN ETA: 0.57 

Zhu et al. [27] Bearing/P Morlet-based CWT MSCNN ETA: 0.3624, MAE: 

1091.8, NRMSE: 

0.3514 

Zhu et al. [140] Bearing/D STFT Inception ACC: 97.15 

Verstraete et al. 

[138] 

Bearing/D Morlet-based CWT 

HHT 

STFT 

Doubled 

convolutional 

layers 

ACC: 99.4 

ACC: 97 

ACC: 99.5 

Wang et al. [141] Gearbox/D Morlet-based CWT CNN ACC: 99.58 

Han et al. [137] Gearbox/D Multi-level WPT Ensemble CNN ACC: 96.48 

Li et al. [142] Bearing/P STFT Concatenated 

convolutional 

layers 

- 

Ding et al. [143] Bearing/D Energy-fluctuated image in 

WP phase space 

MSCNN ACC: 98.8  

Ren et al. [144] Bearing/P Spectrum-

Principal_Energy- Vector 

feature map 

CNN RMSE: 0.119 

Hoang et al. [145] Bearing/D Gray-scale vibration image CNN ACC: 100  

ACC: 97.74 under noisy 

and varying working 

conditions 

Wen et al. [146] Bearing/D Gray-scale vibration image LeNet-5 ACC: 99.79 

Lu et al. [147] Bearing/D Matrix reconstruction-

based feature map 

CNN ACC: 96.48 

Hu et al. [148] Bearing/D Compressed sensing-based 

constructed image 

Improved 

MSCNN 

ACC: 99.4 with 

Gaussian measurement 

matrix 

 

There are other studies that leveraged multi-scale layers in CNNs to capture more 

levels of abstraction in the data. In [143], Ding and He adopted the phase space 

reconstruction (PSR) technique to make the phase space image of the wavelet packets (WP) 

referred to as wavelet packet image (WPI). Combined with MSCNN, the proposed multi-

scale feature learning method retains the energy fluctuations of the WP nodes, and hence, 

provides a robust fault diagnosis framework under fluctuating load conditions, Figure 

2.13.9  Inspired by the Inception architecture of CNNs [68] and dynamic routing capsule 

net [149], a novel deep net with inception blocks is used by Zhu et al. [140] to address poor 

generalization of standard CNNs under varying working conditions. 
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Alternatively, a few studies adopted innovative methods to incorporate time and 

frequency information into the inputs. For example, Ren et al. [144] presented a new 

feature extraction approach named the spectrum-principal-energy vector (SPEV) for RUL 

estimation of rolling bearings. The vibration signal was subjected to FFT and then divided 

into 64 blocks. The maximum amplitude of each block was obtained to build spectrum-

principal-energy-vector. The 64-dimensional vector at 64 time-steps was combined into a 

64*64-dimensional feature map and fed into CNN followed by a deep feedforward network 

and final smoothing step to perform the regression task. Hoang and Kang [145] 

transformed raw vibration signals into gray-scale images. The normalized amplitude of 

each sample presents the intensity of the corresponding pixel in the vibration image. In 

[146], the authors utilized a closely similar method to convert the time-series measurements 

into a gray-scale vibration image. They used a CNN model based on LeNet-5 architecture, 

which is the earlier release of CNN for handwritten and machine-printed character 

recognition [150]. In [136], Zhang et al. proposed a residual learning-based CNN for 

bearing fault diagnosis task. 

Larger-scale fault diagnosis in complex systems involves numerous disparate 

measurements from diverse sub-systems that make it challenging to capture the spatial 

dependency information between the components, especially under different operating 

conditions. Inspired by spatiotemporal pattern network (STPN), Han et al. [151] presented 

a spatiotemporal representation learning method to handle multivariate time series data for 

fault diagnosis of complex systems such as wind turbine with unseen fault conditions. The 

model. In the last step of preparing the inputs, Markov Machines are utilized to generate 

self-state and cross-state transition matrices that build the 2-D image of spatiotemporal 
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features. Despite the achievements of the studies above, most of them lack enough 

information about the reasons for selecting certain architecture or pre-processing methods. 

 

Figure 2.13.9  Deep CNN architecture with three convolutional layers, two max-

pooling layers, and a multiscale layer. Multiscale layer combines the output of the 

last convolutional layer with the previous max-pooling layer [143]. 

 

2.10 RECURRENT NEURAL NETWORKS 

Most of the system health management tasks deal with time-series measurements, 

and for a reliable diagnosis and prognosis framework, it’s essential to capture the temporal 

information of the data. Owing to their internal memory and feedback loops, recurrent 

neural networks (RNN) can remember temporal dependencies and learn the dynamic 

behavior of the failure. However, vanilla RNNs (basic RNNs) suffer greatly from 

vanishing/exploding gradient issue and fail in learning long-term temporal dependencies. 

Gradient clipping technique is usually applied to limit the magnitude of the gradient by 

determining the threshold value.  Also, different gating mechanisms are proposed to 

address the vanishing gradient. Long-Short-Term-Memory (LSTM) and Gated Recurrent 

Unit (GRU) are the two most well-known variants of RNN to remedy the issue above. Guo 
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et al. [152] Made use of LSTM to build a health indicator for RUL prediction of rolling 

bearings. Firstly, they proposed a feature extraction method named related-similarity (RS) 

to range both frequency and time domain features from 0 to 1. After combining the RS 

features with time-frequency information, a linear combination of Correlation and 

Monotonicity metrics is adopted to select the sensitive features. Lastly, the sequence of the 

features is fed into RNN to construct the health indicator.  

Adding more hidden layers to the RNN architecture results in deep RNN, which is 

much powerful in learning complex temporal dependencies of the sequential data, but 

introduces computational complexity to the model. Considering prognostics as a regression 

problem with sequence degradation index output,  and the RNN’s ability in handling 

complex sequence data, deep RNN-based health monitoring frameworks are proposed by 

the researchers and have shown effective results [153]–[157]. Zhang et al. [158] adopted 

bi-directional LSTM (BLSTM) with two hidden layers to track health index variations of 

the turbofan engine. Similarly, Huang et al. [159] proposed a BLSTM-based framework 

for RUL prediction of the engine under multiple operating conditions. Their model consists 

of two bi-directional LSTM networks, see Figure 2.13.10. The training set contains multi-

sensory data, multi-operational data, and actual RUL values at N  consecutive observation 

cycles. p  and q  denote the number of sensors and operating conditions (control settings, 

input settings, and etc.), respectively. Initially, multi-variate time-series are normalized and 

converted into desired sequenced data through a time-window processing method. Then, 

the normalized sensory sequences as main inputs of the model are fed into a deep BLSTM 

to extract degradation information with long-term dependencies. The working condition 

sequences are also normalized (named auxiliary inputs) and merged into the output features 
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vector of the first BLSTM to arrange a new concatenated feature vector. The second 

BLSTM captures higher-level temporal information of the machinery deterioration, and 

multiple fully-connected layers, followed by the final regression layer complete the 

remaining-useful-life prediction task. The extensive comparative study with state-of-the-

art deep models demonstrates the effectiveness of the proposed method in terms of 

machinery prognosis under complex operating variables. Standard Bi-directional LSTMs 

process the data sequence in both forward and backward directions, and at any point in 

time, the network utilizes the earlier processed observation and upcoming processed 

observation (by backward cells) simultaneously to perform intermediate prediction. 

However, the RUL estimation task requires a single prediction ahead of the whole given 

sequence.  In [160], the authors targeted the mentioned requirement and presented a 

modified LSTM architecture named bidirectional handshaking LSTM, for RUL estimation 

from short sequences of the measurement data. 

There is a limited number of studies in the literature that used GRU for PHM tasks. 

For example, Zhao et al. [161] adopted an enhanced bi-directional GRU model for three 

health monitoring case studies: tool wear prediction, gearbox fault diagnosis, and incipient 

fault diagnosis of rolling bearings. Firstly, the multi-sensory time-series are segmented into 

fixed-size windows followed by extracting local features in time, frequency, and time-

frequency domains. Then, the local feature sequences are input to a bi-directional GRU to 

capture higher level and more discriminative information of the data. The authors 

concatenated the outputs of the GRU with the weighted average of the local feature 

sequence to avoid losing the mid-level information in the model.  Kernel principal 

component analysis was used in [162] to fuse time, frequency, and time-frequency domains 
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information of rolling bearing degradation. Then, the HI was smoothed through an 

exponentially weighted moving average technique, and fed to a hierarchical GRU-based 

recurrent network for future HI estimation and RUL prediction. 

Although LSTM cells are the mostly used recurrent units in many applications, there is no 

evidence to show that one cell is superior to another.  The GRUs are computationally less expensive 

and make the right choice for training smaller datasets. On the other hand, LSTMs may work better 

for bigger datasets to retain longer temporal information. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.13.10 The BLSTM-based prognostics framework, adapted from [159]. 

Initially, normalized multi-variate time-series acquired from p  sensors are fed into 

the first deep BLSTM to extract degradation information with long-term 

dependencies. Then, q operating conditions are sequenced and normalized within 

the inspection time frame t , through time-window processing method. Finally, the 

second BLSTM is fed with the concatenated vector of features from previous steps, 

accompanying actual RUL values, to capture more discriminative features. 
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2.11 GENERATIVE ADVERSARIAL NETWORKS  

Generative adversarial networks (GANs) have attracted growing interest in various 

research areas, and have shown some advantages over other well-known deep generative 

models, e.g., VAE, in synthesizing excellent-quality samples. Besides, they are trained 

without any explicit density function, and no Markov chains are required neither in drawing 

the samples nor in training. Hence, there is no risk of chain breakage in high-dimensional 

space as in DBMs, and they have demonstrated appealing performance in dealing with the 

high-dimensional distribution of data. However, despite outstanding success in generating 

sharp synthetic images followed by an exceptional performance in the computer vision 

area, there are limited studies that investigated using GANs in other domains for time-

series sensor data.   

Recently, the PHM community has started to leverage GAN to enhance their model 

targeting two major concerns in industrial fault classification: The imbalanced distribution 

of health classes and insufficient labeled data; most of the fault diagnosis frameworks 

assume equal proportions of the data for all health conditions. However, the real machinery 

mostly works under normal conditions, and fault rarely happens. So there are abundant 

healthy class data, while faulty samples are limited. Also, it is unmanageable to stop the 

machinery during the operation and inspect the fault types. Therefore, the majority of the 

collected data are unlabeled. To face the first challenge, Li et al. [163] proposed an end-to-

end 2-D CNN-based GAN model for bearing and gearbox fault diagnosis. In their model, 

the concatenated vector of the labels and the randomly generated noises are reshaped into 

2-D feature maps and input to the generator. The generator consists of three consecutive 

deconvolution layers that map the inputs into the higher-resolution feature maps. It should 
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be noted that in the CNN context, the term deconvolution refers to the transpose 

convolution (aka fractionally-strided convolution) and conducts up-sampling by padding 

the feature maps with the zeros. The generated data and the real data are fed into the 

discriminator that contains three convolutional layers without any pooling. The 

discriminator has the mission to find the true data and to identify the fault classes. The 

model was able to enrich the faulty classes data and handle the imbalanced data issue.  

In [164], the authors established a semi-supervised anomaly detection algorithm for 

imbalanced industrial time-series based on an encoder-decoder-encoder structured 

generator with convolutional layers. The model is trained just with normal samples, and 

the test phase considers both normal and faulty conditions. The semi-supervised 

convolutional GAN combined with switchable normalization was used in [165] for 

vibration-based fault diagnosis of rolling bearings. Canceling the pooling layers and 

replacing the batch normalization with switchable normalization increased the training 

stability and introduced a high accuracy rate of 99.93% into the model for the bearing 

benchmark dataset.  

The training process of the GANs suffers from instability issues, and they are prone 

to the mode collapse problem, which means the generator learns a limited subset of the 

modes and generates the same samples repeatedly.  It has been shown that the design of 

the loss function significantly influences training stability and brings consequent issues 

into the model [78]. The original GAN structures use Jensen-Shannon Divergence (JSD) 

probability measurement metric which is proved to incur the vanishing gradient and mode 

collapse problems. Many studies in various fields designed alternative loss functions 
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combined with enhanced architectures to overcome the mentioned challenges. Wang et al. 

[166] proposed a generalized imbalanced fault diagnosis framework based on Wasserstein 

generative adversarial network (WGAN). In WGAN, the Wasserstein loss provides the 

continuous gradient for generator training and solves the mode-collapse. Cabrera et al. 

[167] established an unsupervised GAN model selection mechanism to find the best WPT 

generator for reciprocating machinery fault diagnosis. In their model, the training process 

is guided by the dissimilarity of real and fake data clusters to enhance training stability. 

The obtained generator balances the 99% imbalanced dataset by producing more fault data. 

Zhou et al. [168] adopted a global optimization GAN framework to address the imbalanced 

class issue. 

In a recent study [169], Shao et al. proposed an auxiliary classifier GAN (ACGAN) 

framework to augment the fault dataset, Figure 2.13.11. An auxiliary part is attached to the 

discriminator so that the enhanced discriminator can recognize the fake data and fault class 

labels simultaneously. The generator possesses 1D convolutional structure with batch 

normalization and generates the artificial data from random noise of latent variables with 

certain labels.  The discriminator receives the generated data mixed with real samples to 

identify both source labels (1 or 0) and fault classes.  
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Figure 2.13.11 Auxiliary classifier GAN-based fault classification framework: First, 

the generator produces the samples from latent space. Then, the discriminator is 

trained with synthetic samples and real data. The modified loss function makes it 

possible for the discriminator to discriminate source labels (real or generated) and 

fault category labels simultaneously. Finally, the parameters of discriminator are 

frozen, and the generator is updated to produce more realistic sample 

Many emerging generative models, such as Adversarial autoencoders (AAE) [170] 

and Wasserstein autoencoders (WAE) [171] are inspired by adversarial learning, and they 

have shown promising results in various domains [172]–[174]. However, GAN and 

adversarial training are somehow novel concepts and, despite offering great success in 

producing realistic images, the possible application of them in the context of time-series 

data is still very much open for future research opportunities in different directions. 

2.12 HYBRID AND EMERGENT MODELS 

Deep learning is a fast-growing field and there has been an enormous effort to 

develop new architectures that offer better performance. Many new models are the hybrid 

of standard architectures (i.e., CNN, RNN, AE, etc.) or rooted in the existing designs. A 

few studies, however, established novel ideas, but those are either mathematically complex 

or very application-specific. Likewise, the PHM community is actively developing more 

effective models. For instance,  He et al. [175] established a bearing fault diagnosis 
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framework hinged on Large Memory Storage and Retrieval Neural Networks 

(LAMSTAR). The LAMSTAR is a fast and deep dynamic neural network made of self-

organizing-map (SOM) modules and has shown reliable results in various domains.  They 

fed STFT of acoustic emission signals to the model and comparing to CNN-based 

diagnosis, achieved better performance.  

Convolutional Deep Belief Network (CDBN) was originally proposed for visual 

recognition tasks and benefits the weight-sharing property of CNN to address the upscaling 

problem of DBN [176]. An improved CDBN with Gaussian visible units was used to learn 

representative fault features of rolling bearings [177]. The compressed sensing technique 

was adopted to enhance computation efficiency while preserving meaningful information. 

Standard CDBN suffers from error oscillation issue followed by weak generalization 

capability due to the limited number of Gibbs sampling steps in practical cases. An 

exponential moving average (EMA) weight smoothing method was employed to tackle the 

issue and enhance the learning algorithm. In their other study [178]. 

Dealing with multi-dimensional sensory data with internal dependencies is a critical 

challenge in most of the practical PHM frameworks. A few studies integrated convolutional 

and LSTM layers into a unified model to capture both spatial and temporal information of 

multi-dimensional time-series. Zhao et al. [179] adopted a CNN- Bi-directional LSTM 

(CBLSTM) network for tool wear prediction task. In [180], the authors established a CNN-

LSTM (CLSTM) model with a class-imbalance-weighted loss function for imbalanced 

fault classification of cyber-physical-systems (CPS). Despite the satisfying results, the 

models above extract spatial and temporal information independently and pay less attention 
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to feature changes between time steps. A Time-distributed Convolutional LSTM 

(TDConvLSTM) was proposed by Qiao et al. [181] to learn spatiotemporal information of 

multi-channel time-series measurements. They segmented the normalized raw data into 

subsequences and fed them into the model with ConvLSTM cells instead of vanilla LSTM 

units. The first Conv-LSTM layer simultaneously learns local spatial and temporal 

information inside a subsequence. Stacking a holistic Conv-LSTM unit on top of the 

previous layer extracts the spatiotemporal information between the subsequences. 

It has been shown that the encoder-decoder structured RNNs introduce multiple 

improvements to the complex sequence-to-sequence tasks analogous to the RUL 

estimation from time-series measurements for prognostics application.  Malhotra et al. 

[182] proposed the LSTM Encoder-Decoder (LSTM-ED) framework for unsupervised 

health indicator construction of the system. Similarly, the GRU Encoder-Decoder (GRU-

ED) network on RUL estimation of the turbofan engine dataset demonstrated significantly 

robust results encountering different noise levels [183]. Moreover, DAE network with 

GRU hidden units has indicated the fault diagnosis accuracy superior to the standard GRU 

network [184].  
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Table 2.13.9 Survey of hybrid and emergent models where measures are rounded to two 

decimal places.  

Publication Task/Dataset* Model Performance 

Shao et al. [177] Bearing fault diagnosis/NA CDBN ACC: 97.37 

Shao et al. [185] Bearing fault diagnosis/ NA CDBN ACC:97.44 

Wu et al. [180] Fault diagnosis/PHM’15 CLSTM PR: 98.42, SN: 98.46, F1: 

0.98 

Zhao et al. [179] Tool wear prediction/PHM’10 CBLSTM RMSE: 10.8, MAE: 8.1 

Qiao et al. [181] Gearbox fault diagnosis/ NA 

Tool wear prediction/PHM’10 

TDConvLSTM ACC: 97.56 

RMSE: 10.22, MAE: 7.50 

Yoon et al. [186] RUL estimation/CMAPSS LSTM-VAE MAE: 28.1  3.4 

Malhotra et al. [182] HI construction/CMAPSS LSTM-ED MAE: 18, MAPE: 39 

Gugulothu et al. 

[183] 

HI construction/CMAPSS GRU-ED MAE: 17, MAPE: 39 

Liu et al. [184] Fault diagnosis/CWRU DAE-GRU No noise- ACC: 99.75 

1dB SNR-ACC:96.98 

Chen and Li [187] Bearing fault diagnosis/ NA SSAE-DBN ACC: 91.76 

Lu et al. [188] Early fault detection/IMS AE-LSTM Fault alarm at 527 signal 

snapshot 

Ellefsen et al. [189] RUL estimation/CMAPSS RBM-LSTM Lowest RMSE: 12.56, 

Highest RMSE: 22.66 

Lowest ETA: 231, Highest 

ETA: 2840 

Li et al. [190] Cross-domain fault diagnosis/ 

CWRU 

CNN-Generative Lowest ACC: 69.4 

Highest ACC: 84.5 

Zhang et al. [191] Cross-domain fault diagnosis/ 

CWRU 

Adversarial CNN Lowest SN: 73.75 

Highest SN: 98.88 

Han et al. [174] Fault diagnosis/ 

PHM’09 

Adversarial CNN Seen condition-ACC:99.4, 

PR:99.3, F1:0.99 

Unseen condition: 

ACC:92.5, PR: 92.3, 

F1:0.92 

He and He [175] Bearing fault diagnosis/ NA LAMSTAR Lowest ACC: 96 

Highest ACC: 100 

Yu et al. [192] RUL estimation/CMAPSS, 

 Milling dataset 

BLSTM-ED ETA: 273, RMSE: 14.74 

RMSE: 7.14 

* Refer to Table 2.13.2for public datasets information. 

 

0Table 2.13.9  provides a summary of the hybrid and emerging models. Adversarial 

twists of standard CNN, RNN, and AE have recently brought attention to deep learning 

research, and there are few related studies in the PHM field.  

2.13 TRANSFER LEARNING 

Compared to conventional data-driven approaches, deep learning techniques remove 

the burden of manual feature engineering and achieve state-of-the-art results. Despite the 

marvelous performance, the majority of the studies are based upon the assumption that the 
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training and test data are drawn from the same distributions. However, in the real industry, 

the data are collected under different operating and environmental conditions and during 

different time intervals, often resulting in feature space difference or distribution shift 

across training and testing datasets. Moreover, labeling the industrial data is costly and 

error-prone, and requires huge human labor and expertise. Therefore, there is no sufficient 

annotated data to train reliable models. Transfer Learning (TL) focuses on improving the 

model by transferring the knowledge or utilizing the transferable features from one or more 

training datasets to execute the relevant new task in the testing dataset.  

Deep TL techniques have gained growing attention recently in the computer vision 

field and achieved excellent results for object classification, object recognition, and 

semantic segmentation applications. Although some studies investigated the TL-related 

deep learning approaches for PHM to address different issues such as insufficient training 

data, class imbalance, cross-domain fault diagnosis, and covariate-shift, it is still in its 

infancy stage. 

As opposed to traditional machine learning algorithms, the performance of deep 

models highly depends on the availability of massive training data to learn the latent pattern 

of data. However, in many domains specially PHM, it is extremely difficult to collect large-

scale labeled datasets. Also, it requires extensive computational power to train the model 

on large-scale datasets. Recently, researchers leveraged the knowledge learned by various 

pre-trained models on large benchmark datasets and performed transferring the knowledge 

to other applications to tackle the issues mentioned above. A plethora of modified deep 
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CNN architectures have been trained on large-scale image datasets such as ImageNet [193]. 

Inception Net, GoogleNet, LeNet, AlexNet, ResNet, and VGG are some examples [194].  

The idea behind TL is to fine-tune pre-trained models on new tasks in the target 

domain. Hence, the network on the new model can be initialized by transferred parameters 

instead of training from scratch. In literature, a recipe has been proposed to use pre-trained 

CNN architectures based on the similarity of source (pre-trained) domain and target 

domain, and size of the dataset, Figure 2.13.1 [195]. At present, researchers in the PHM 

community have begun using pre-trained models for fault diagnosis and tasks and achieved 

promising results. Wen et al. [196] fine-tuned all layers of an AlexNet pre-trained model 

on bearing fault diagnosis task. In their model, the final fully connected layer is replaced 

with a classifier layer with four neurons (number of bearing fault conditions). They 

provided a comprehensive comparison of their proposed model with eight different time-

frequency image inputs and various training/testing data set ratios. In another study [197], 

the authors utilized a VGG-16 pre-trained network for bearing fault diagnosis. They froze 

bottom blocks of the network and fine-tuned the last three layers of VGG-16 with a 

supervised classifier layer. As most of the pre-trained networks require RGB images with 

three channels as inputs, it is important to pre-process the data accordingly. Wen et al. 

[196] proposed a signal-to-image method to convert time-domain signals into an RGB 

image. They have transferred the first 49 layers of a pre-trained ResNet-50 and fine-tuned 

the model after adding a fully-connected layer and a softmax classifier. Several studies 

have taken somehow similar strategies and achieved interesting results, Table 2.13.1. 

Despite promising results, more research is required to capture temporal features for time-
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series classification/prediction. TimeNet and ConvTimeNet pre-trained models are two 

interesting examples [198], [199]. 

 

Figure 2.13.1 The general criterion to be considered in using pre-trained models for 

transfer learning [195]. 

Table 2.13.1 Summary of deep transfer learning studies for PHM applications with pre-

trained CNN architectures*. 

Study Dataset Input  Architecture Performance  

Shao et al. 

[197] 

CWRU bearing/D Three-channel 

augmented 

WT time-

frequency 

image 

VGG-16 1. ACC=100 (training and 

testing data from same 

working loads) 

2. ACC=98.80 (training and 

test data from different 

working loads) 

Xu et al. [200] CWRU bearing/D Gray-scale 

CWT image 

LeNet-5 ACC=99.08 

Ma et a. [201] CWRU bearing/D Frequency 

slice wavelet 

transform 

image 

AlexNet 1. ACC=99.89 (without SNR) 

2. ACC=82.70~98.18 for SNR 

from -4~4 dB 

Wen et al. 

[202] 

1. CWRU 

bearing/D 

2. KAT bearing/D 

3. Lu et al. 

bearing/D 

Time-domain 

RGB image 

ResNet-50 1. ACC=99.99 

2. ACC=98.95 

3. ACC=99.2 

Wang et al. 

[203] 

1. Unknown 

bearing/D 

2. CWRU 

bearing/D 

Trained and 

compared with 

eight different 

time-frequency 

images 

AlexNet 1. Highest ACC=100, Lowest 

ACC=92.57 (for HHT image, 

with 5% of images trained) 

2. Highest ACC=100, Lowest 

ACC=76.10 (for Fast 

Kurtogram image, with 5% of 

images trained) 

Wen et al. 

[196] 

CWRU bearing/D RGB time-

domain image 

VGG-19 ACC=99.17 

Mao et al. 

[204] 

PRONOSTIA 

bearing/Incipient 

fault detection 

Three-channel 

vibration 

image 

VGG-16 NA 

* Refer to Table 2.4.1 for public datasets information. 
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2.14 HARDWARE, SOFTWARE AND COMPUTING RESOURCES 

Although deep learning has shown good results on PHM problems, its applicability 

is impaired by high computational demand. Appropriate hardware and software are 

required to support effective training in complex settings [205]. In this section, we discuss 

three main enablers of deep learning, i.e. parallel computing, advanced libraries, and 

cloud/edge computing. 

2.14.1  Parallel computing 

Compared to traditional machine learning algorithms, deep architectures involve 

much larger parameter space, which should be updated at each training epoch, requiring a 

huge amount of matrix operations and an abundance of processing power. Parallel 

computing facilitates executing massive operations simultaneously. Central Processing 

Units (CPU), even the latest and powerful chips, have a limited number of processing units 

(cores) and low parallelism capability. Hence, they are not efficient for implementing deep 

models, and it may take weeks for them to come up with the results.  

Graphics Processing Units (GPU) are originally dedicated to processing graphics and 

high-quality 3D games. Compared with CPU, GPU has thousands of highly specialized 

cores that are adept at processing matrices. Thanks to Compute Unified Device 

Architecture (CUDA) platform and NVIDIA CUDA Deep Neural Network (cuDNN) 

library, researchers and data scientists have recently identified that GPUs can be turned 

into a powerful general-purpose computing engine to accelerate the training process 

through parallelism [205]. They offer higher memory bandwidth and dramatically speed 

up the training. 
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Moreover, Tensor Processing Units (TPU) are application-specific integrated circuits 

recently developed by Google and specifically act as machine learning accelerators. TPUs 

have demonstrated higher processing speeds compared to GPUs, but they are less flexible 

and limited to models in TensorFlow library. [206] provides a comprehensive evaluation 

of TPU and compares it with GPU and CPU in terms of performance and speed. 

2.14.2  Platforms 

The success of deep learning is highly reliant on the development of state-of-the-art 

tools including frameworks and libraries. Various frameworks play critical roles in 

generating new models with high scalability by offering different features in terms of pre-

trained models, multi-GPU processing, and training/test speed. Table 2.14.1 presents the 

most well-known frameworks, showing the supported programming language and the 

strong point of each. The tools are ranked based on the popularity and ratings of the users 

in GitHub website [207], which is a collaborative code-hosting platform for developers. A 

comprehensive discussion and comparison of deep learning tools can be found in [208], 

[209].  

2.14.3 Could computing 

Cloud computing is a general term for on-demand computing resources including 

power, storage, and services over the internet (known as cloud) with high scalability and 

reliability and, can be seen as the evolution of cluster and grid computing. In the PHM 

context, cloud resources can be basically used by the researchers to develop, train and 

deploy their deep models in real-time at any scale. Public cloud vendors are rapidly 
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improving their capabilities by offering advanced analytics services in the pay-as-you-go 

basis that are practical for both newcomers and experienced data analysts, see Table 2.14.2. 

In the bigger picture, cloud computing as a key enabler of “Big Data Analytics” and 

“Industrial Internet of Thing (IIoT)” technologies alongside with other technologies such 

as “advanced sensors,” “wireless communications,” “advanced manufacturing“, and 

“robotics” in cyber-physical-systems (CPS) concept plays a critical role in moving the 

manufacturing systems to an intelligent level which is known as “smart Manufacturing”  

toward “Industry 4.0 (fourth industrial revolution)” goal  [210].  

Integrating PHM in the smart manufacturing paradigm goes beyond the monitoring 

and data analysis for an individual component. It is challenging and requires a vast amount 

of computational resources to determine and manage the interactions between components, 

sub-systems, and systems. Cloud computing is transferring traditional manufacturing and 

condition monitoring frameworks into service-oriented models [211], [212]. Edge 

computing and fog computing are recent extensions of cloud computing that tackle high-

latency, security, and bandwidth issues by processing the data in the layers of IIoT, which 

are closer to data resources [213].  
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Table 2.14.1 Mainstream deep learning tools, rankings are based on the stars and forks in 

GitHub [207]. API: application programming interface.  

Ranking Library API GitHub URL Comment 

1 TensorFlow Python, C++, 

Java, Go, 

JavaScript 

https://github.com/te

nsorflow/tensorflow 

The most popular library with complete 

functionality and several interface support. In 

CPU computing, it has shown better 

scalability compared to other libraries [214]. 

2 Keras  

 

Python, R https://github.com/k

eras-team/keras 

High-level API integrating with TensorFlow, 

CNTK, and Theano. 

3 Caffe/Caffe 

2 

Python, Matlab, 

C++ 

https://github.com/B

VLC/caffe 

https://github.com/fa

cebookarchive/caffe

2 

Extended for use in Hadoop with Spark. 

4 MXNet 

 

 

Python, C++, 

Matlab, R, 

Julia, Scala, 

Perl 

https://github.com/a

pache/incubator-

mxnet 

Difficult to learn, but highly scalable and 

memory-efficient. 

5 Theano Python 

 

 

 

https://github.com/T

heano/Theano 

No longer supported after release 1.0.0 

(November 2017). Supports tensor and 

sparse operations, python 2 and python 3, 

GPU computation, and SIMD parallelism on 

CPU. 

6 CNTK Python, C++, 

and C# 

https://github.com/

Microsoft/CNTK 

The user can easily combine different models 

such as CNNs and RNNs and supports 

transfer between different platforms (Caffe2, 

MXNet, and PyTorch) [215]. 

7 Deeplearnin

g4j (DL4J) 

Java, Scala, 

Clojure or 

Koltin  

https://github.com/e

clipse/deeplearning4

j 

Accelerates training through built-in 

integration with Apache Hadoop and Spark. 

Using Keras API bridges the gap between 

JVM languages and Python, and it can 

import models from TensorFlow, Theano, 

CNTK, and Caffe [216]. 

8 PyTorch Python https://github.com/p

ytorch/pytorch 

Pre-trained models are available. However, 

no visualization tool available. 

9 Chainer Python https://github.com/c

hainer/chainer 

- 

10 Torch7 Lua 

 

https://github.com/to

rch/torch7 

Focused on GPU computation acceleration. 

Despite that, not beating CNTK, Caffe and 

MXNet for GPU accelerated implementation 

[217].  

 

 

 

 

https://en.wikipedia.org/wiki/Application_programming_interface
https://github.com/tensorflow/tensorflow
https://github.com/tensorflow/tensorflow
https://github.com/keras-team/keras
https://github.com/keras-team/keras
https://github.com/BVLC/caffe
https://github.com/BVLC/caffe
https://github.com/facebookarchive/caffe2
https://github.com/facebookarchive/caffe2
https://github.com/facebookarchive/caffe2
https://github.com/apache/incubator-mxnet
https://github.com/apache/incubator-mxnet
https://github.com/apache/incubator-mxnet
https://github.com/Theano/Theano
https://github.com/Theano/Theano
https://github.com/Microsoft/CNTK
https://github.com/Microsoft/CNTK
https://github.com/eclipse/deeplearning4j
https://github.com/eclipse/deeplearning4j
https://github.com/eclipse/deeplearning4j
https://github.com/pytorch/pytorch
https://github.com/pytorch/pytorch
https://github.com/chainer/chainer
https://github.com/chainer/chainer
https://github.com/torch/torch7
https://github.com/torch/torch7
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Table 2.14.2 Existing cloud environments. 

Provider  ML and DL Services URL 

Microsoft Azure  ML Studio https://azure.microsoft.com 

Google Cloud Platform 

(GCP) 

 Cloud AutoML, Google ML 

engine 

https://cloud.google.com/ 

Amazon Web Services 

(AWS) 

 Amazon ML, Deep Learning AMI https://aws.amazon.com/ 

IBM Cloud  Watson ML Studio https://www.ibm.com/cloud 

Oracle Cloud  Oracle ML https://www.oracle.com/ 

 

2.15 SUMMARY AND CONCLUDING REMARKS 

 

In this chapter, a detailed systematic review has been carried out on various aspects 

of employing deep neural networks in the context of fault detection, diagnostics, and 

prognostics. From the above discussion, it is clear that DL algorithms have brought new 

perspectives to data-driven methods in terms of model performance, learning complex 

representations, big data analysis, and handling the raw data with minimum preprocessing 

efforts.  However, despite promising results, DL for PHM application has a long way to go 

to replace well-established data-driven techniques in the industries. In addition to the 

barriers that are addressed in the literature and thoroughly reviewed through the survey, 

the authors have identified several significant challenges in exploiting the potentials of DL 

toward employing a reliable, scalable and applicable PHM model to realize industry 4.0 

goals. To outline the future research directions, we conclude with the key related challenges 

and associated opportunities to the researchers. 

1. Data scarcity: As a matter of fact, DL algorithms are known to be data-hungry, 

and their superior performance depends upon the availability of abundant data, which is 

rarely feasible in most of the situations.  In recent years, several approaches have been 

suggested to tackle the limitations imposed by the small size of datasets in terms of model 

https://azure.microsoft.com/
https://cloud.google.com/
https://aws.amazon.com/
https://www.ibm.com/cloud
https://www.oracle.com/
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generalization and optimization. Data augmentation techniques have shown great success 

in enhancing the size of training datasets by generating synthetic data. Basic augmentation 

techniques such as window cropping, wrapping, and flipping have been widely utilized to 

generate new data sequences from the original time-series [218]. Also, advanced 

techniques such as generative algorithms can be used to generate new data that look close 

to real data. However, new generative models are required to create valid time-series data 

in time and frequency domain considering the temporal dependency of the data. Transfer 

learning is an active research direction that helps to deal with a small amount of data by 

transferring knowledge from one domain to another domain. It will mitigate the need for 

training the model from scratch by fine-tuning a pre-trained model on a new domain. 

Moreover, one-shot learning approaches as an effective solution, support learning from one 

annotated training sample either by defining a new loss function or creating an external 

memory which can encode and retrieve new data. 

2. Industrial data characteristics: The success of deep models is highly reliant on the 

quality and variety of the collected data. The evolution of smart sensors and IIoT 

technologies has somehow eased the industrial data scarcity issue. Nevertheless, more data 

means more noise and uncertainty associated with the operating environment, various data 

sources, and data transmission that need to be addressed. Moreover, when it comes to big 

industrial data, the challenges regarding incomplete data, unlabeled data, imbalanced 

classes, and unseen classes get more critical and severe. As mentioned earlier, a few works 

put forth the effort to mitigate the issues using augmentation techniques through generative 

algorithms, specifically GANs, and have achieved interesting results. However, most of 

the methods consider a moderately imbalanced scenario and ignore the challenge of 
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significantly under-represented class which is what exists in real industrial applications. 

Also, real-world data come from various sensors and are mostly non-structured, multi-

modal and heterogeneous which make the model much more complex. Further research is 

required in the future to leverage heterogeneous information in deep models while not 

reducing the training efficiency.  

3. Data analysis: Data preprocessing and visualization play critical roles in the 

performance of machine learning and deep learning algorithms. The quality of the model 

is highly sensitive to the quality of the training data. Preprocessing aspects range from 

simple normalization, standardization, and data segmentation to more complex processing 

tasks such as labeling, dealing with incomplete data, handling outliers, and missing values. 

Chen et al. proposed a deep transfer learning-based framework to tackle missing value 

issue by transferring a well-trained structurally complete fault diagnosis model to the 

missing data model [219]. In the absence of insufficient labeled data, synthetic data 

generation with generative deep networks such as VAEs and GANs provide a fast and 

cheap solution to produce new labeled data. Moreover, for deep learning-based fault 

diagnosis, the spatial distribution of the features reflects the quality of the disparity of the 

fault features and directly affects the classification accuracy. Hence, effective visualization 

techniques are necessary to analyze the quality of the features.  Zemouri et al. proposed a 

2D visualization model based on deep convolutional VAE  for the classification task [220]. 

 4. Model selection: Choosing an optimal network architecture is an important issue. 

Most of the reviewed papers have not justified using certain architecture to solve specific 

problems. Up to now, the majority of employed networks have been designed manually by 
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human experts which is error-prone and time-consuming. Although DL promises 

considerable benefits in terms of automated solutions, still it remarkably depends on 

choosing a wide range of hyperparameters. There is a paucity of literature that used 

evolutionary algorithms to optimize the hyperparameter setting. However, the authors have 

not found any literature in PHM regarding neural architecture search (NAS) which is a 

recent trend in machine learning and has shown significant success in automating network 

design for image classification and semantic segmentation tasks. It is important to 

investigate the possibilities of developing more automated models in terms of 

hyperparameter and architecture selection for large-scale real industrial data. 

5. Black-box tool: Despite the accurate prediction promising results, many of the 

companies still are unwilling to adopt DL. The reason lies behind the black-box nature of 

DL algorithms that imposes a lack of “transparency” and “interpretability” to the model 

and especially the decision-making part of the PHM cycle. There is no inherent 

understanding of the underlying process and the reason for making certain decisions. In 

other words, companies cannot trust something that they don’t understand and don’t have 

control over it. In recent years, several efforts have been made to tackle the aforementioned 

issue. Explainable deep learning is a new paradigm to open the black-box and increase the 

transparency of the model. These techniques are roughly categorized into two types: The 

former approaches utilize a relatively simple model to interpret complex deep learning 

models. The latter methods, build intrinsic interpretable deep architecture by incorporating 

attention mechanisms in intermediate layers [221]. 
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6. Cross-domain prediction: The majority of the reviewed papers train the model with 

public data that are collected under laboratory conditions. Even proposed domain 

adaptation techniques, mainly focused on transferring the knowledge from one working 

condition to another working condition in laboratory collected data. Transfer learning to 

tackle distribution mismatch among various domains including real industrial equipment 

and artificial laboratory faults is still ongoing research area within deep learning paradigm 

and further focus on domain adaptation with multiple source domains is required to reach 

superior domain generalization ability which creates feasible models in practice. 

7. Real-time realization: While advanced hardware, DL architectures and computing 

paradigms (Cloud, edge, and fog) have revolutionized large-scale learning in recent years, 

emerging computing challenges have risen for real-time training and deployment of DL 

algorithms. There are few relevant works in the realm of PHM which have exploited cloud 

computing capabilities for faster offline training while speeding up the inference (i.e. 

deployment) is of more concern of an applicable PHM model. Real industrial data come in 

continuous streams and their distribution characteristics are in dynamic change over time 

which limits accurate and real-time inference of the data. Thus, the model needs to cope 

with the concept drift of continuously evolving new data within the incremental learning 

settings. However, typical DL algorithms greatly suffer from forgetting, which refers to the 

complete loss of previously learned knowledge in favor of learning the new information 

during the sequential training process. New algorithms and hardware architectures are 

needed to facilitate continuous learning of non-stationary sequence data while retaining the 

general-domain knowledge of the pre-trained model.  
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8.  The role of benchmarking: At the moment, many DL architectures, algorithms, 

platforms and frameworks are being used to solve specific PHM problems which 

previously deemed unsolvable. The variety of available algorithms, models, software, and 

hardware systems raises the need for benchmarking infrastructure that enables a fair 

comparison of workloads with respect to the time and cost of both training and inference. 

Currently, some authors have carried out a comparative analysis of different techniques. 

However, they have compared their deep models with classical machine learning 

algorithms and have focused solely on generic performance metrics such as accuracy and 

classification (See Table 2.13.1). There is a need to build novel metrics that incorporate 

runtime performance, model accuracy, and robustness across various architectures and DL 

frameworks. 

Following the existing challenges mentioned above, the authors address “the 

benchmarking” and “cross-domain prediction” in subsequent sections. 
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CHAPTER 3:  EMPIRICAL STUDY OF DEEP LEARNING 

ALGORITHMS ON BEARING FAULT DIAGNOSIS BENCHMARKS 

 At the moment, many DL architectures, algorithms, platforms, and frameworks are 

being used to solve specific PHM problems which previously deemed unsolvable. The 

variety of available algorithms, models, software, and hardware systems raises the need for 

benchmarking infrastructure that enables a fair comparison of the existing networks with 

respect to the performance and workloads. This chapter evaluates various DL-based fault 

diagnosis algorithms for two benchmark bearing datasets and provides the benchmark 

accuracy to make future studies more comparable. Based on the empirical study, we 

highlight some evaluation results which are very important for comparing or testing new 

models.  

3.1 DATASETS  

In the field of intelligent fault diagnosis, most of the researchers evaluate their model 

on their dataset, and the publicly available datasets, have not been investigated in depth. 

For comprehensive performance comparisons, it is important to utilize different kinds of 

representative datasets. We collected two publicly available datasets for bearing fault 

diagnosis tasks and give a detailed discussion about their adaptability. The description of 

all these datasets is listed as follows. 

3.1.1 Dataset1: Case Western Reserve University (CWRU) bearing dataset 

Two accelerometers capture the vibration response of the motor/bearing system for 

both drive end (DE) bearing and fan end (FE) bearing, see Figure 3.1.1 . Rolling element 

bearing has four major parts: inner race, outer race, rolling element, and cage. The fault 
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might happen at any of these parts. CWRU data set contains bearing data for ball fault, 

inner race fault, and outer race fault. Single point faults were introduced to these parts using 

electro-discharge machining with fault diameters of 7 mils, 14 mils, 21 mils (1 mil=0.001 

inch). The bearing data with no faults (normal) is also available. So, we have ten fault 

classes in total. Data is collected at 12k sampling rate for both bearings and 48k sampling 

rate for DE bearing faults. Also, data is recorded for motor loads of 0, 1, 2, and 3 

horsepower (hp) (See 2.4.2Table 3.1.1 ). 3.1.2Figure 3.1.2 shows raw vibration signals for 

all then classes for one working loads: 1 h. Also, Table 3.1.2 lists dataset sizes for different 

classes and load conditions for drive-end bearings. 

Table 3.1.1 Description of CWRU rolling-element bearing dataset classes*. 

 
Fault Location  Motor load 

(hp)  Ball Inner Race Outer Race Normal 

Fault diameter 

(mils) 
 7 14 21 7 14 21 7 14 21 0 

0,1,2,3 

Fault label  1 2 3 4 5 6 7 8 9 10 

* Dataset size varies from 250k~480k for each fault class. 

 

 

Figure 3.1.1 CWRU bearing test set-up [37]: 1- Electric motor, 2- Drive-end 

bearing, 3- Fan-end bearing, 4- Dynamometer, 5- Torque transducer and 

encoder. 
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Figure 3.1.2 CWRU dataset: raw vibration signal for different classes under 

motor loads 1 hp. 

Table 3.1.2 CWRU: Datasets sizes for drive-end bearing. 

Working 

Load (hp) 

                             Data size 

Class 1 Class 2 Class 3 Class 4 Class 5 Class 6 Class 7 Class 8 Class 9 Class 10 

0  (12K) 122571 121846 121991 121265 121846 122136 121991 121846 122426 243938 

0  (48K) 244739 249146 243938 243938 63788 244339 243538 245140 246342  

1  (12K) 121410 122136 121701 121991 121846 121556 122426 122136 121991 483903 

1  (48K) 487384 486224 486804 486224 381890 485063 486804 484483 489125  

2  (12K) 121556 121991 122136 122136 121846 121846 121410 121846 122281 485063 

2  (48K) 486804 487384 487384 485643 487964 491446 486804 486804 487964  

3  (12K) 121556 122136 122136 122917 121701 121991 122571 121991 121991 485643 
3  (48K) 488545 486804 486804 485643 485063 489125 487364 488545 489125  

 

3.1.2 Dataset 2: Paderborn University KAT bearing dataset  

KAT bearing dataset is another well-known public dataset for bearing fault diagnosis 

[36].  The dataset is provided by KAT datacenter at Paderborn University [36]. It includes 

measured motor currents and vibration signals. Experiments were performed on 26 

damaged bearing states and 6 undamaged states. Figure 3.1.3 shows the experimental test 

rig.  Among the damaged bearings, 14 were naturally damaged by accelerated life tests, 

and 12 were artificially damaged by EMD or drilling. Also, the data is recorded for four 

different operating conditions in terms of radial force, load torque, and rotating speed (See 
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2.4.2Table 3.1.3  For artificial damages, recordings for two fault severity levels in both 

outer race and inner race are available. Hence we have five health condition classes: 1- 

healthy, 2- IR1, 3- IR2, 4- OR1, and 5- OR2 ( see  

Table 3.1.4 ). In case of real damages, recordings for three pitting severity levels in 

the inner race, one plastic deform severity level in the inner race, two pitting severity levels 

in the outer race, and one plastic deform severity level in the outer race are available. Hence 

we have eight health condition classes: 1- Healthy, 2- IR1, 3- IR2, 4- IR3, 5- IR4,  6- 

OR1, 7- OR2, and 8- OR3 (see Table 3.1.5). Available datasets are not balanced between 

classes. Hence, we don’t use all given datasets for all the categories.  

Table 3.1.3  Operating conditions for KAT dataset 

Working Condition Rotating speed (rpm) Load torque (Nm) Radial force (N) 

1 1500 0.7 1000 

2 900 0.7 1000 

3 1500 0.1 1000 

4 1500 0.7 400 

 

Table 3.1.4 KAT dataset: Bearings with artificial damages, H: healthy, OR: outer ring, IR: 

inner ring, for each bearing 20 time-series of 256k points are available. 

Bearing Fault location Fault level Fault label 

K001 - - H 

K002 - - H 

K003 - - H 

K004 - - H 

K005 - - H 

K006 - - H 

KA01 Outer ring 1 OR 

KA03 Outer ring 2 OR 

KA05 Outer ring 1 OR 

KA06 Outer ring 2 OR 

KA07 Outer ring 1 OR 

KA08 Outer ring 2 OR 

KA09 Outer ring 2 OR 

KI01 Inner ring 1 IR 

KI03 Inner ring 1 IR 

KI05 Inner ring 1 IR 

KI07 Inner ring 2 IR 

KI08 Inner ring 2 IR 
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Table 3.1.5 KAT dataset: Bearings with real damages, OR: outer ring, IR: inner ring, for 

each bearing 20 time-series of 256k points are available. 

Bearing Fault type Fault location Fault level Fault label 

KA04 Pitting Outer ring 1 OR 

KA15 Plastic deform Outer ring 1 OR 

KA16 Pitting Outer ring 2 OR 

KA22 Pitting Outer ring 1 OR 

KA30 Plastic deform Outer ring 1 OR 

KB23 Pitting Inner ring 2 IR 

KB24 Pitting Inner ring 3 IR 

KB27 Plastic deform Inner ring 1 IR 

KI04 Pitting Inner ring 1 IR 

KI14 Pitting Inner ring 1 IR 

KI16 Pitting Inner ring 3 IR 

KI17 Pitting Inner ring 1 IR 

KI18 Pitting Inner ring 2 IR 

KI21 Pitting Inner ring 1 IR 

 

 

Figure 3.1.3 Modular KAT test rig: (1) motor, (2) torque measurement shaft, (3) 

bearing set module, (4) flywheel, (5) load motor [36].  

 

3.2 DATA PREPARATION 

The type of input data and the way of preparing the data have a great impact on the 

performance of DL models. In the current work, we evaluate the models with raw input 

data. We first use a sampling window of size 2048 with an overlap of 124 points to segment 

the data series. Then, [-1,1] normalization method is adopted to normalize the segmented samples. 
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3.3 DEEP NEURAL NETWORKS 

In this empirical study, we investigate four deep neural network models for bearing 

fault diagnosis: MLP, Autoenocer, CNN, and RNN. Models are discussed below.         

Figure 3.3.1  represents the detailed architecture of the applied models: 

- MLP: In the multi-layer perceptron (MLP) network, as the simplest form of deep 

architecture, the output is computed straight forward along with the sequent layers 

of the model as long as input data is fed. In each neuron of the middle-hidden 

layers, the biased weighted sum of the previous layer outputs is put into an 

activation function to produce the output of that neuron. In the current study, we 

adopted an MLP network with five hidden layers accompanying 50% dropout 

rate and batch normalization for each layer.  

- Autoencoder: Autoencoders are unsupervised networks that are trained to 

reconstruct the input x  on the output layer x̂  in a two-phase process: encoding 

learns a hidden representation of data h  via a feature-extracting function, and 

decoding maps h  back into the input space to obtain a reconstruction of data. 

Autoencoders can stack in a deep configuration called stacked autoencoder 

(SAE), which exploits the inner structure of the data via including a sparsity 

constraint on the activation of the hidden units through the addition of Kullback-

Leibler (KL) divergence term to the cost function. The denoising autoencoder 

(DAE) is another regularized network to prevent the model from learning a trivial 

identity solution. Instead of adding the penalty to the cost function, DAE takes a 

noise-corrupted version of data x   to reconstruct the input x  and learn meaningful 
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information by changing the reconstruction error term in the cost function. The 

input is first corrupted by employing Binary or Gaussian noise and then fed to the 

hidden layer. Herein, we adopted autoencoder networks with nine hidden layers 

accompanying batch normalization for each layer. We use same network 

structures for DAE, SAE, and AE, and their differences lie in the loss function 

and inputs. DAE takes the corrupted input (with Gaussian noise), and learns to 

reconstruct the clean input. We utilized the loss functions introduced in 2.4.4. 

- CNN: Convolutional neural networks (CNNs) are deep discriminative networks 

and have shown good results in processing data with grid-like topology. The key 

difference between CNNs and standard neural networks is that CNNs benefit 

from parameter sharing, which allows the network to look for specific features at 

different positions [62].  The convolutional layer carries out the convolution 

operation on the input data by sliding a filter (kernel) over the input to produce a 

feature map. The pooling layer aims to reduce the dimension of the feature map, 

which reduces the number of the parameters and increases the shift-invariance 

property. In the current study, we use three 1D convolutional layers, 

accompanying batch normalization layers, followed by one max-pooling layer, 

one dropout layer (50%), four fully-connected layers, and softmax classification 

layer. 

- RNN: Recurrent Neural Networks (RNNs) contain feedback loops to remember 

the information of former units and are the most suitable for sequential data such 

as natural language and time-series data. During the training process, the hidden 
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unit th  is sequentially updated based on the activation of the current input  tx  at 

time t  and previous hidden state 1th −  . RNNs are capable of capturing long-term 

temporal dependencies from time series and sequential data. Gated recurrent unit 

(GRU) and long short-term memory (LSTM) cells are popular variants of RNN 

that try to alleviate the aforementioned problem [62], see Figure 2.13.4.  Bi-

directional recurrent networks (BRNN) increase the model capacity by 

sequencing the data in both forward and backward directions. Herein, we adopted 

one layer bi-directional LSTM, followed by two fully-connected layers and 

softmax classification layer. For GRU network implementation, we have used the 

same network architecture. 

        Figure 3.3.1  Various DL architectures for empirical study: (a) MLP, (b)     

CNN, (c) AE, (d) RNN. 

 

 

3.4 METRIC 

It is a rather challenging task to evaluate the performance of intelligent diagnosis 

algorithms with suitable evaluation metrics. In this work, we use the overall accuracy to 
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evaluate the performance of algorithms. The overall accuracy is defined as the number of 

correctly classified samples divided by the total number of samples. The average accuracy 

is defined as the average classification accuracy of each category. Since the performance 

of DL-based intelligent diagnosis algorithms fluctuates during the training process, to 

obtain reliable results and show the best overall accuracy that the model can achieve, we 

repeat each experiment five times. We also report the training time of the models to 

evaluate the workload of certain networks in terms of computation time. 

3.5 HYPERPARAMETERS 

The success of deep neural networks requires choosing optimal hyperparameters, 

network architectures, and regularization techniques. Currently, there is no easy way of 

finding the optimal settings- specifically, learning rate, momentum, weight decay, and 

batch size. The conventional methods perform a grid search or random search to find the 

optimal configuration of the parameters by exploring the hyperparameter space [222]. Both 

these approaches are computationally expensive and time-consuming. Smith [223] 

proposed the cyclical learning rate (CLR) and cyclical momentum (CM) which are based 

on the balance between underfitting versus overfitting. Underfitting is when the machine 

learning model is unable to reduce the error for either the test or training set. Overfitting 

happens when the machine learning model fits the training data to the extent that it 

negatively impacts the model generalization on the test data. Small learning rates can lead 
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to overfitting. On the other hand, large learning rates help the regularization of the training, 

but it may lead to training divergence.  

Figure 3.5.1 The tradeoff between underfitting and overfitting. Model complexity 

refers to the capacity or powerfulness of the machine learning model [224]. 

Smith’s cyclical method examines the training’s test/validation loss for clues of 

underfitting and overfitting to strive for the optimal set of hyperparameters. Specifically, it 

is based on changing the learning rate within a range of values rather than using a step-

wise decreasing value. That is, one specifies the minimum and maximum learning rate 

boundaries, and the learning rate cyclically varies between this range, see  

 

Figure 3.5.2. LR range test is proposed to estimate the minimum and maximum 

bounds. According to the LR range test, one may run the model for several epochs while 

letting the learning rate increase linearly between low and high LR values. Next, plot the 

accuracy vs. learning rate, and note the learning rate value when the accuracy starts to 

increase and when the accuracy starts to fall. These two values make good choices for 

minimum and maximum bounds.  
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Figure 3.5.2 Triangular learning rate policy. The blue lines represent learning rate 

values changing between bounds. The input parameter step size is the number of 

iterations in half a cycle [223]. 

The learning rate and momentum are closely related. Momentum is designed to 

accelerate network training but its effect on updating the weights is of the same magnitude 

as the learning rate. Hence, the optimal training process requires an optimal combination 

of learning rate and momentum. According to smith’s experiments, the optimal training 

process includes a combination of an increasing cyclical learning rate and decreasing 

cyclical momentum. An initial small learning rate permits convergence to begin, and a 

decreasing cyclical momentum allows the learning rate to become larger in the early to 

middle parts of training [224]. 

In the current study, we adopt two hyperparameter selection strategies: 1- constant 

hyperparameters, 2- cyclical learning rate. In the first setting, we set the learning rate, 

momentum, weight decay, and the batch size to constant values of 10−3, 0.9, 10−4 and 

128 respectively. In the latter, we adopt an increasing cyclical learning rate along with 

constant momentum of 0.9, constant weight decay and of 10−4 and the constant batch size 

of 128. We perform an LR range test to find the maximum learning rate, and then, set the 

minimum bound as a tenth of the maximum. We execute short runs of momentum values 
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to find the best momentum and start the decreasing cyclical momentum at this maximum 

value. For both settings, we run the models for 100 epochs. 

3.6 EXPERIMENTS 

We define four sets of experiments based on the input types and hyperparameter 

settings. As mentioned earlier, we report accuracy and training time for each experiment 

to compare the effect of hyperparameter tunning on model performance and training cost: 

Experiment 1: Raw normalized inputs with fixed hyperparameters. 

Experiment 2: Raw normalized inputs with cyclical learning rate. 

For cyclical learning rate, we use triangular learning rate adjustment, in which the 

cycle amplitude is decreased by half after each period (batch iteration), see Figure 3.7.3. 

All the experiments are done using Pytorch 1.5 and were running on NVIDIA GTX 2060 

GPU. The reported experimental results are averaged by 5 trials to reduce the effect of 

randomness, and the results are given in the form of 𝜇 ± 𝑠𝑑, where 𝜇 and 𝑠𝑑 stand for 

mean value and standard deviation of 5 trials. 

3.7 RESULTS AND DISCUSSION 

The results are given in Figure 3.7.1-3.7.4, and Table 3.7.1-3.7.8. From the results, 

we can observe that MLP gives the lowest accuracy for both datasets. In almost all the 

experiments, CNN, and LSTM achieve higher accuracy which is comparable to each other. 

However,  LSTM and GRU are pretty slow, and take so much time to learn. For instance, 

in experiment 1 of CWRU input 4, the training time of LSTM is nearly 281 times higher 

than CNN. Among three autoencoder variants, DAE seems to give higher accuracy 
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compared to other two variants for both datasets. The training time of DAE is slightly 

higher than AE and SAE. The observations of RNN variants are nearly close to each other. 

However, GRU networks take a little bit of lower training time compared to LSTMs. 

For all the inputs, we carried out a separate LR range test to find the minimum and 

maximum learning rate boundaries. We can observe that nearly in most of the cases, the 

cyclical learning rate gives a better accuracy compared to the fixed learning rate. Besides, 

as it is shown in Figure 3.7.3, in most cases CLR provides quicker convergence compared 

to the fixed learning rate. One reason might be because increasing the learning rate is an 

effective way of escaping saddle points. By cycling the learning rate, we're guaranteeing 

that such an increase will take place if we end up in a saddle point [224]. 

 

Figure 3.7.1 Experiment 1: test accuracy for CWRU (left), training time for CWRU 

dataset (right). 

 

Table 3.7.1 Experiment 1: comparison of test accuracy for CWRU dataset. 

   AE  RNN 

CWRU 

Input 

# 

Classes 

MLP AE SAE DAE CNN LSTM GRU 

1 10 75.6±0.8 77.1±0.5 77.3±0.3 84.7±0.1 97.1±0.4 95.1±0.2 94.1±0.1 

2 10 80.1±0.9 88.0±0.2 84.3±0.2 79.0±0.5 97.5±0.8 98.2±0.5 97.2±0.5 

3 10 75.6±1.0 87.9±0.1 87.3±0.1 83.3±0.6 96.1±0.5 98.3±0.1 98.3±0.2 

4 10 74.6±1.1 86.5±0.4 85.2±0.1 84.3±0.2 98.6±0.8 97.9±0.1 96.3±0.1 
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Table 3.7.2 Experiment 1: comparison of training time for CWRU dataset. 

   AE  RNN 

CWRU 

Input 

# 

Classes 

MLP 

(sec) 

AE 

(Sec) 

SAE 

(Sec) 

DAE 

(sec) 

CNN 

(sec) 

LSTM 

(sec) 

GRU 

(sec) 

1 10 14.0 101.1 97.5 130.8 18.2 5240.0 4904.1 

2 10 17.0 135.6 120.4 148.7 29.1 5941.2 5256.5 

3 10 16.7 152.1 152.9 145.0 24.5 5831.3 5380.4 
4 10 16.9 155.9 149.3 157.3 21.0 5905.0 5401.0 

 

 

 

Figure 3.7.2 Experiment 2: test accuracy for CWRU (left), training time for CWRU 

dataset (right). 

 

Table 3.7.3 Experiment 2: comparison of test accuracy for CWRU dataset. 

   AE  RNN 

CWRU 

Input 

# 

Classes 

MLP AE SAE DAE CNN LSTM GRU 

1 10 75.9±0.4 82.9±0.4 83.2±0.5 87.3±0.2 94.1±0.3 95.6±0.4 94.0±0.2 

2 10 83.1±0.7 91.3±0.2 81.0±0.3 88.3±0.1 99.1±0.2 97.3±0.2 97.2±0.3 

3 10 79.1±0.2 91.8±0.3 88.1±0.2 87.1±0.3 99.2±0.2 99.3±0.3 98.9±0.1 

4 10 79.1±0.4 91.1±0.1 87.1±0.2 91.2±0.4 99.8±0.1 98.9±0.2 98.3±0.3 

 

Table 3.7.4 Experiment 2: comparison of training time for CWRU dataset. 

   AE  RNN 

CWRU 

Input 

# 

Classes 

MLP 

(sec) 

AE 

(Sec) 

SAE 

(Sec) 

DAE 

(sec) 

CNN 

(sec) 

LSTM 

(sec) 

GRU 

(sec) 

1 10 14.2 111.0 111.6 120.0 19.1 6054.1 5840.2 
2 10 16.6 135.8 120.5 180.5 30.3 7021.0 6845.6 

3 10 15.5 137.5 130.1 162.3 22.0 6940.5 6154.0 

4 10 15.1 136.9 125.3 151.1 21.2 6854.0 6021.2 
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Figure 3.7.3 CWRU, Input 3: test accuracy for fixed learning rate vs. cyclical learning 

rate (left), triangular learning rate adjustment, cycle amplitude is decreased by half 

after each period (right). 

 

 

 

Figure 3.7.4 Experiment 1: test accuracy for KAT (left), training time for KAT 

dataset (right). 

 

 

Table 3.7.5 Experiment 1: comparison of test accuracy for KAT dataset. 

   AE  RNN 

KAT Input # 
Classes 

MLP AE SAE DAE CNN LSTM GRU 

Real-1 8 76.7±0.1 76.2±0.2 75.3±0.4 77.1±0.1 99.0±0.1 98.9±0.3 99.1±0.2 

Real-2 8 70.1±0.1 75.1±0.2 77.3±0.3 77.4±0.0 93.1±0.2 97.4±0.4 97.4±0.1 

Real-3 8 81.1±0.2 80.3±0.3 79.8±0.3 80.1±0.1 99.5±0.2 96.2±0.3 95.5±0.3 

Real-4 8 73.5±0.3 78.3±0.1 79.1±0.2 77.5±0.0 98.2±0.1 98.1±0.1 97.5±0.4 

 

Table 3.7.6 Experiment 1: comparison of training time for KAT dataset. 

   AE  RNN 

KAT Input # Classes MLP 
(sec) 

AE 
(Sec) 

SAE 
(Sec) 

DAE 
(sec) 

CNN 
(sec) 

LSTM 
(sec) 

GRU 
(sec) 

Real-1 8 396.0 477.0 425.1 550.1 328.8 15,103.5 14,148.2 

Real-2 8 339.1 435.4 450.2 538.5 348.9 16,051.1 14,984.9 
Real-3 8 414.3 419.0 419.2 580.2 320.5 15,503.2 15,054.2 

Real-4 8 412.8 450.1 450.4 585.9 324.9 16,131.0 15,121.5 
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Figure 3.7.5 Experiment 2: test accuracy for KAT (left), training time for KAT 

dataset (right). 

 

Table 3.7.7 Experiment 2: comparison of test accuracy for KAT dataset. 

   AE  RNN 

KAT Input # 
Classes 

MLP AE SAE DAE CNN LSTM GRU 

Real-1 8 78.6±0.2 81.1±0.2 76.2±0.1 82.3±0.1 98.0±0.3 99.5±0.1 98.5±0.3 

Real-2 8 70.3±0.5 79.8±0.2 78.0±0.3 81.5±0.1 98.6±0.2 97.6±0.2 97.3±0.3 

Real-3 8 79.0±0.2 80.1±0.1 80.3±0.2 83.3±0.0 99.6±0.2 96.1±0.2 96.3±0.2 

Real-4 8 75.6±0.1 81.5±0.3 82.3±0.3 82.1±0.2 98.8±0.1 98.9±0.1 97.9±0.2 

 

Table 3.7.8 Experiment 2: comparison of training time for KAT dataset. 

   AE  RNN 

KAT Input # Classes MLP 

(sec) 

AE 

(Sec) 

SAE 

(Sec) 

DAE 

(sec) 

CNN 

(sec) 

LSTM 

(sec) 

GRU 

(sec) 

Real-1 8 405.1 430.0 430.2 550.3 326.9 15,472.9 15,012.0 

Real-2 8 401.8 447.5 420.2 580.7 339.9 16,413.0 15,455.9 
Real-3 8 395.2 430.9 417.1 600.2 321.1 15,914.7 15,233.2 

Real-4 8 415.3 451.2 434.3 510.1 327.5 16,257.6 15,656.9 

 

3.8 SUMMARY 

An empirical analysis of two bearing benchmark datasets was performed to evaluate 

the performance of various standard deep neural networks for the bearing fault diagnosis 

task. The models are trained with both fixed and cycling learning rates to evaluate the effect 

of hyperparameter tuning on the accuracy and training time. The results show that cyclical 

learning rate provides quicker convergence compared to the fixed learning rate, resulting 

in comparable accuracy within less training epochs. According to the results, CNNs 
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provide the best accuracy in the least training time. The RNNs achieve a performance 

comparable to the CNNs. However, they are slow and time-consuming to be trained. 

Among three autoencoder variants, DAE seems to give higher accuracy compared to the 

other two variants for both datasets. The training time of DAE is slightly higher than AE 

and SAE. The observations of RNN variants are nearly close to each other. However, GRU 

networks take a little bit of lower training time compared to LSTMs. 
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CHAPTER 4: A NOVEL CROSS-DOMAIN FRAMEWORK FOR 

FAULT DIAGNOSIS  

Compared to conventional data-driven approaches, deep learning techniques remove 

the burden of manual feature engineering and achieve state-of-the-art results. Despite the 

marvelous performance, the success of existing deep learning algorithms is highly reliant 

on the availability of large-scale labeled datasets. However, data annotation is time-

consuming, error-prone, and prohibitive for most real-world industrial datasets. Also, the 

majority of the studies are based upon the assumption that the training and test data are 

drawn from the same distributions. However, in the real industry, the data are collected 

under different operating and environmental conditions and during different time intervals, 

often resulting in feature space difference or distribution shift across training and testing 

datasets (Domain shift issue).  

Recently, researchers have tried to address the aforementioned problem by training a 

domain-invariant fault diagnosis model. Combining deep learning (DL) algorithms with 

Domain adaptation (DA) as a transfer learning (TL) method achieved promising results in 

different fields [225], [226]. A few studies have been conducted in intelligent fault 

diagnosis of rotary machinery based on domain-invariant feature learning. Some 

unsupervised domain adaptation (UDA) methods incorporated discrepancy measure loss 

into the neural network to diminish the shift between the two domains. For example, Lu et 

al. [227] utilized Maximum Mean Discrepancy (MMD) loss to align conditional and 

marginal distributions in multiple feature extraction layers. Lu et al. [228] adopted a weight 

regularization term and MMD metric to learn the shared-subspace while preserving the 

discriminative information of the original data for semi-supervised fault diagnosis of 
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rotating machinery components only with the normal class of target domain during the 

training. Wang et al. [229] incorporated the Correlation Alignment (CORAL) distance loss 

of both marginal and conditional distributions into denoising autoencoder objective 

function to learn domain-invariant and discriminative representations. 

Other models benefit adversarial learning schemes to learn transferable features by 

training a couple of the networks in opposite direction: Domain discriminator minimized 

the loss to improve domain discriminative ability of the network. On the other hand, the 

feature extractor maximizes the loss to fool the discriminator and learn transferable 

mappings indistinguishable by the discriminator [174], [191], [230]–[232]. A few studies 

utilized some mentioned approaches simultaneously to enhance model performance [11]–

[15].  

Despite the outstanding performance, the previous studies suffer from two major 

drawbacks as follows: Firstly, these studies are based upon the assumption that there is 

only one source domain, while in real industrial applications labeled data comes from 

different sources with various underlying distributions. Secondly, features are transferred 

across varying working conditions of bearings in the same machinery in the previous 

studies, which may affect the generalization ability of the model over an identical bearing 

of different machines.  

To address the issues above, we proposed a novel multi-source domain adaptation 

framework for fault diagnosis of rotary machinery, which aligns the domains in both 

feature-level and task-level. The proposed model can be easily reduced to a single-source 

domain adaptation problem. Also, the model can be readily updated to unsupervised 
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domain adaptation problems in other fields such as image classification and image 

segmentation. The main contributions of this chapter are summarized below: 

- A novel multi-source domain adaptation approach is proposed to diminish the 

domain shift between unlabeled target domain and various labeled source 

domains. The proposed model uses task-specific decision boundaries based on 

sliced Wasserstein discrepancy metric and optimal transport theory (OT). 

- The global feature extractor generates the low-level fault features and local 

feature extractors minimize MMD loss to align source samples and target 

samples. 

- The proposed framework utilizes raw data in an end-to-end fashion. Hence, it 

does not require manual feature engineering and signal processing effort. 

- We extensively evaluate our method on benchmark bearing datasets and show its 

superiority by comparing it with existing approaches. 

4.1  RELATED WORKS 

The domain divergence can be caused by the distribution shift or feature space 

difference. The first setting is referred to as homogenous DA, while the latter case denotes 

the heterogeneous DA. Also, considering labeled, partially labeled, or no-labeled target 

dataset available in the training stage, the settings can be categorized into supervised, semi-

supervised, or unsupervised, respectively, Figure 3.8.1 summarizes the major DA settings 

and approaches in the machinery health monitoring field.  
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Figure 3.8.1 Different Domain adaptation scenarios: (a) homogenously supervised, 

(b) homogenous semi-supervised, (c) homogenous unsupervised, (d) heterogeneous 

supervised, (e) heterogeneous semi-supervised, and (f) heterogeneous unsupervised, 

Hom: homogenous, Het: heterogeneous. 

4.1.1 Unsupervised Single-Source Domain Adaptation (UDA) 

Single-source unsupervised domain adaptation focuses on reducing high 

generalization error by establishing knowledge transfer from one labeled source domain 

(training dataset) to an unlabeled target domain (Testing dataset). UDA methods can be 

classified into four categories of discrepancy-based, adversarial, reconstruction-based, and 

hybrid methods [238]: 

- Discrepancy-based methods align the features by explicitly defining and reducing 

a distribution discrepancy measure on the corresponding latent layers. Some 

authors adopted discrepancy-based methods to enhance model performance 

through fine-tuning with labeled or unlabeled target data. A few studies carried-

out the fine-tuning by adjusting the architecture of the network through adaptive 

batch normalization (AdaBN) [239] and reweighting the weak learner [240] 

techniques. However, most of the discrepancy-based methods utilize pre-defined 
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distance metrics such as maximum mean discrepancy (MMD) [190], [228], [241], 

[242] KL divergence [243], and correlation alignment (CORAL) [244] to learn a 

domain-invariant representation by reducing the shift between two domains. 

- Adversarial learning inspired by GAN models achieved great success. The core 

idea is to ensure that the classifier is fooled with synthetic labeled target data or 

cannot differentiate between the source and target domains through a generative 

or non-generative adversarial process. In generative adversarial processes, 

generators render synthetic target data a, which are paired with synthetic source 

data to share labels or appear as if they were sampled from the target domain 

while maintaining paired labels, or something else. Then, synthetic data with 

labels are used to train the target model as if no DA were required. In non-

generative models, a domain discriminator that classifies whether a data point is 

drawn from the source or target domain is used to encourage domain confusion 

through an adversarial objective to minimize the distance between the empirical 

source and target mapping distributions [238].  In the PHM paradigm, Domain 

adversarial neural network (DANN) [174],  Wasserstein distance-based 

adversarial networks [231], [245] have been utilized for bearing fault diagnosis.  

- Reconstruction-based methods use encoder-decoder or GAN architectures to 

create a shared representation between the domains while preserving the 

discriminative information of each domain. Li et al. [246] well-trained and tested 

the source data on the hierarchy of SAEs in an unsupervised fashion for intelligent 

fault diagnosis. The nonnegative-constraint term was employed to the 
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reconstruction error of layer-wise unsupervised training and the Softmax 

classifier cost function to enhance the sparsity of the model. Transferring the 

parameters to a similar model followed by the fine-tuning process tackles the 

scarce annotated data issue. In another study, Cycle-GAN network is adapted for 

bearing fault diagnosis [247]. The network learns one mapping from source to 

target and a reverse mapping from target to source. The cycle consistency loss 

measures the reconstruction error after two generating steps. 

- Hybrid approaches use some of the mentioned approaches simultaneously to 

enhance model performance. In [233], the authors combined the reconstruction-

based SSDAE network with MMD statistic for bearing fault diagnosis. Wang et 

al. [229] incorporated the CORAL distance loss of both marginal and conditional 

distributions into deep DAE objective function to learn domain-invariant and 

discriminative features from low-level to higher-level hierarchical latent layers.  

Table 3.8.1 provides a summary of single-source deep domain adaptation approaches 

for PHM applications. 
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Table 3.8.1 Summary of single-source deep domain adaptation approaches for PHM 

applications, based on [238] categorization. 

Approach Unsupervised Semi-supervised Supervised 

Discrepancy-based    

MMD 

 

Li et al. [242], Li et al. [248], 

Zhang et al. [241], Yang et 

al. [249], Xiao et al. [250], 

Han et al. [251] 

Lu et al. [228], Li et al. 

[190] 

 

- 

AdaBN Zhang et al. [132] - Chen et al. 

[252] 

Re-weighting - - Xiao et al. 

[253] 

AHKL divergence Qian et al. [243] - - 

Adversarial-based    

Discriminative 

 

Da Costa et al. [230], Zhang 

et al. [191], Cheng et al. 

[231], Li et al. [254] 

Han et al. [174], Li et. al. 

[255] 

- 

Generative - - - 

Reconstruction-

based 

   

Encoder-decoder - - Li et al. [246] 

GAN architectures Xie et al. [247] - - 

Hybrid Wang et al. [229], Sun et al. 

[233], Wen et al. [235], Sun 

et al. [234] 

- - 

4.1.2 Unsupervised Multi-Source Domain Adaptation (MSDA) 

The UDA methods mentioned in the previous section, mainly focus on target vs. 

single source. However, in real industrial applications, labeled data comes from different 

sources with various underlying distributions. As a result, the distribution shift among 

various sources should also be considered. In such cases, the naive application of the 

single-source UDA algorithms may lead to suboptimal solutions. Multi-source DA 

(MSDA) algorithms retrieve knowledge from various source domains and perform the 

predictions for the target domain. There are several theoretical analyses for existing MSDA 

algorithms [256].  For instance, Blitzer et al. [257] defined an error bound for empirical 

risk minimization based on a weighted combination of the source domains.  In another 

study, Mansour et al. [258] proposed both linear and weighted mixtures of source datasets 

for MSDA task. Early MSDA approaches utilized shallow models either to combine pre-
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learned classifiers or to learn a shared latent space. However, the recent development of 

deep learning and deeper neural network architectures opens doors to more practical 

MSDA scenarios. Several existing deep MSDA either attempt to learn a domain-invariant 

latent space by applying discrepancy-based loss functions or adversarial learning  [259], 

[260].  There are fewer algorithms that focus on aligning the classifiers by learning task-

specific decision boundaries [261]. In the current work, we proposed a novel model to 

simultaneously align latent representations and shape task-specific decision boundaries. 

Our proposed model aligns the features of each source and the target by minimizing the 

MMD measure.  At the same time, Sliced Wasserstein discrepancy is used to learn task-

specific decision boundaries for the classifiers. To the best of our knowledge, our work is 

one of the earliest attempts of unsupervised multi-source domain adaptation in PHM 

applications.  

4.2 PROPOSED FEATURE-LEVEL AND TASK-SPECIFIC 

FEATURE DISTRIBUTION ALIGNMENT MULTI-SOURCE 

DOMAIN ADAPTATION (FT-MSDA)  

4.3 NOTATIONS AND PROBLEM SETTING 

Definition 1 (Domain) A domain 𝒟 is composed of a 𝑚-dimensional feature space 

𝒳 and the marginal probability distribution P(𝐱), i.e. 𝒟={ 𝒳, P(𝐱)}, where 𝐱 ∈  𝒳.  

Definition 2 (Task) Given specific domain 𝒟, task 𝒯 is composed of a label space  

𝒴 and the classifier function 𝑓(𝐱) where can be viewed as the conditional probability distribution 

P(𝑦|𝐱), i.e.  𝒯 = { 𝒴, P(𝑦|𝐱)}   where y ∈  𝒴. 
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Problem  Suppose we have 𝑁 labeled source domains 𝒟1, 𝒟2, … , 𝒟𝑁, and one fully 

unlabeled target domain 𝒟𝑡. For the 𝑖th  source domain 𝒟𝑖, the observed samples and 

corresponding labels drawn from the source distribution 𝑃𝑖(𝐱𝒊, 𝑦
𝑖
) are 𝐗𝑖 = {𝐱𝑖

𝑗
}

𝑗=1
𝑁𝑖 ∈ 𝒳𝑖 and 

𝑌𝑖 = {𝑦𝑖
𝑗
}𝑗=1

𝑁𝑖 , where 𝑁𝑖 in the number of source samples, and 𝒳𝑖 denotes the source feature space. 

The unlabeled target samples are drawn from the target distribution 𝑃𝑡(𝐱𝒕, 𝑦
𝑡
), and are  𝐗𝑡 =

{𝐱𝑡
𝑗
}

𝑖=1
𝑁𝑡 ∈ 𝒳𝑡  , where 𝑁𝑡 in the number of target samples, and 𝒳𝑡 denotes the target feature space, 

and 𝑃𝑖(𝐱𝒊) ≠ 𝑃𝑡(𝐱𝒕) , 𝑃𝑖(𝑦𝑖|𝐱𝒊)  ≠ 𝑃𝑡(𝑦𝑡|𝐱𝒕). 

In the current setup, we assume that the data from various domains are observed in the same 

feature space, i.e.  𝐱𝑖
𝑗

∈ 𝑑
, 𝐱𝑡

𝑗
∈ 𝑑

 (homogeneity condition). Also, we assume the closed-set 

scenario in which the source domains and the target domain share the same labels, i.e.  𝑦𝑡
𝑗

 ∈  𝒴 

and 𝑦𝑖
𝑗

∈  𝒴, where  𝒴 = {1, 2, … , 𝑐} is the label space, and  𝑐 is the number of possible health 

condition classes. We aim to build a domain adaptation model that learns the function  𝑓𝑡  which 

is trained based on {𝐗𝑖, 𝑌𝑖}𝑖=1
𝑁  and  {𝐗𝑡} , and can correctly predict the sample from the target 

domain.  

4.4 PRELIMINARIES 

This section discusses the details of mainstream approaches in unsupervised domain 

adaptation that are related to our approach. 

4.4.1 Feature Distribution Matching 

 The moment matching techniques have been widely studied by the researchers to 

learn domain-invariant representations by reducing domain discrepancy through various 

distribution discrepancy metrics. Maximum Mean Discrepancy (MMD), as the most 
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widely used metric, measures the First-order (Mean) statistics between the features of 

different domains in a projected space [241], [242], [248]–[251].  Reproducing Kernel 

Hilbert Space (RKHS) is a commonly used projected space which corresponds to a kernel. 

Correlation alignment (CORAL) metric is also proposed to align the second-order statistics 

of the source and target distributions [262]. Central Moment Discrepancy (CMD) [263] 

and Higher-order Moment Matching (HoMM) [264] align higher-order statistics of the 

distributions to guarantee fine-grained alignment [264]. In the current study, we focus on 

matching the feature distribution for multiple domains. 

4.4.2 Maximum Mean Discrepancy 

In unsupervised domain adaptation, the target sample labels are unavailable. Hence, 

one common strategy for UDA is to learn domain invariant representation via minimizing 

the domain distribution discrepancy. Many of the criteria to estimate the distance between 

the distributions such as KL divergence are parametric, and an intermediate density 

estimate is usually required. To avoid such a non-trivial task, a non-parametric distance 

estimate between distributions is desirable. Maximum Mean Discrepancy (MMD) is an 

effective non-parametric metric for comparing the distributions based on the first-order 

statistics between the features of different domains  [265]. Given two distributions 𝑠 and 𝑡, 

by mapping the data to a reproducing kernel Hilbert space (RKHS), the MMD between 𝑠 

and 𝑡 is defined as: 

𝑀𝑀𝐷2(𝑠, 𝑡) = sup
‖‖ ≤1

‖𝐸𝒙𝑠~𝑠[(𝒙𝑠)] − 𝐸𝒙𝑡~𝑡[(𝒙𝑡)]‖


2
 (4-1) 
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Where 𝐸𝒙𝑠~𝑠  is the expectation for the distribution 𝑠, and  ‖‖ ≤1 is a set of mapping 

functions into RKHS . For two set of samples 𝐷𝑠 = {𝐱𝑖
𝑠}

𝑖=1
𝑁

 and 𝐷𝑡 = {𝐱𝑖
𝑡}

𝑖=1
𝑀

 drawn i.i.d. 

from the distributions 𝑠 and  𝑡, respectively, the empirical MMD can be estimated as [265]: 

𝑀𝑀𝐷2(𝐷𝑠, 𝐷𝑡) = ‖
1

𝑁
∑(𝒙𝑠

𝑖 ) −
1

𝑀
∑(𝒙𝑡

𝑗
)

𝑀

𝑗=1

𝑁

𝑖=1

‖

 

2

 (4-2) 

Where the feature map  (. ) is associated with the kernel map 𝑘(𝒙𝑠, 𝒙𝑡), i.e. 

〈 (𝒙𝑠), (𝒙𝑡)〉 = 𝑘(𝒙𝑠, 𝒙𝑡). The optimal kernel choice is critical to ensure the test 

correctly distinguishes unlike distributions with high probability [266]. 

4.4.3 Sliced Wasserstein Distance  

The Wasserstein distance – arising from the optimal transport- has been recently used 

in designing loss functions for deep DA applications. As opposed to popular probability 

distances used in the adversarial process such as total variation distance, KL, and  Jensen-

Shannon (JS) divergence,  Wasserstein distance provides a continuous mapping and usable 

gradient everywhere [245].  In [231], the domain critic loss uses Wasserstein distance 

between the source and target distributions to optimize the CNN-based shared latent 

representation on a pre-trained CNN (on the source data) feature extractor.  

Wasserstein distance is defined in form of a linear programming optimization and 

solving the problem is computationally expensive for high-dimensional data. Sliced 

Wasserstein distance (SWD) is proposed to make the optimization more computationally 

efficient [267]. The idea behind the Sliced Wasserstein distance is to first obtain a family 

of one-dimensional representations for a higher-dimensional probability distribution 
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through projections/slicing, and then calculate the distance between two input distributions 

as a functional on the Wasserstein distance of their one-dimensional representations  

Following [267], the sliced p-Wasserstein distance between two distributions and 𝑄𝑠 

and 𝑄𝑡 is defined as: 

𝑆𝑊𝑝(𝑄𝑠, 𝑄𝑡 ) = (∫ 𝑊𝑝
𝑝(𝜃𝑄𝑠,𝜃𝑄𝑡)𝑑𝜃 

𝑑−1
)

1
𝑝

 (4-3) 

Where𝜃 denotes the linear one-dimensional projection (i.e. Radon transform) 

which maps 𝑄𝑠 and 𝑄𝑡 over all possible directions 𝜃 on the unit sphere 𝑑−1 ∈  𝑑
 . In 

this sense, the distance is obtained by solving several one-dimensional optimal transport 

problems, which have closed-form solutions [268],  and has been shown to satisfy the 

properties of non-negativity, the identity of indiscernible, symmetry, and subadditivity. 

Hence, it is a reliable discrepancy metric between probability distributions [267]. 

Using samples  ~𝑄𝑠 and 𝒢 ~𝑄𝑡 (|| = |𝒢| = 𝑁), let 𝜎𝑠 and 𝜎𝑡 be the permutations 

that sort  𝑁 projected samples such that [265]: 

𝜃𝜎𝑠(𝑖) ≤ 𝜃𝜎𝑠(𝑖+1),     ∀𝑖 ∈  {1 ≤ 𝑖 < 𝑁 − 1} (4-4) 

𝜃𝒢𝜎𝑡(𝑖) ≤ 𝜃𝒢𝜎𝑡(𝑖+1),     ∀𝑖 ∈  {1 ≤ 𝑖 < 𝑁 − 1} (4-5) 

Then, the sliced 2-Wasserstein distance can be approximated by calculating the 

average distance between the sorted samples: 

𝑆𝑊𝐷2( , 𝒢  ) =
1

|𝒢|
∑‖𝜃𝜎𝑠(𝑖),𝜃𝒢𝜎𝑡(𝑖) ‖

2

2

||

𝑖=1

 (4-6) 
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4.4.4 Co-training and Maximum Classifier Discrepancy 

In co-training, the learners will be trained alternately to maximize the mutual 

agreement on two distinct views of unlabeled data, and it is closely related to unsupervised 

domain adaptation (UDA )applications [269]. Based on the co-training idea, Saito et al. 

proposed the Maximum Classifier Discrepancy adversarial training method to align the 

distributions of the target domain by considering task-specific decision boundaries [270]. 

They train a feature extractor 𝐺 and two classifiers 𝐶1 and 𝐶2 with different characteristics 

that produce corresponding logits 𝑝1(𝑦|𝒙), 𝑝2(𝑦|𝒙), for input 𝒙. Two classifiers try to find 

the target samples that cannot be supported by the source, and they are trained to classify 

the source samples, simultaneously. Hence, the feature extractor generates discriminative 

features for target samples by taking into account the relationship between the decision 

boundary and target samples.  

see Figure 4.4.1 [271]. The authors proposed using L1-distance as the discrepancy 

loss between two classifiers which is not helpful when the supports of two probability 

distributions do not overlap.  

Figure 4.4.1 Comparison of standard domain classifier method (left) and maximum 

classifier discrepancy method (right) [271]. 
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4.5 ARCHITECTURE 

The architecture of the proposed feature-level and task-specific distribution 

alignment multi-source domain adaptation (FTD-MSDA) framework is illustrated in 

0Figure 4.5.1. It is composed of a global feature extractor 𝐺, (𝑁) local feature extractors 

𝐹 = {𝐹1, …, ,𝐹𝑁} , 𝑁 task-specific classifier sets 𝐶 = {(𝐶1
1, 𝐶1

2), … , (𝐶𝑖
1, 𝐶𝑖

2)}, (𝑖 = 1, … 𝑁) , 

and the aggregation component which delivers the final prediction in the inference phase. 

𝑁 denotes the number of source domains.  

Given a batch of samples {𝐱𝑗, 𝐲𝑗}, 𝑗 = 𝒟1, 𝒟2, … , 𝒟𝑁 from source domains and {𝐱𝑡} 

from the target domain, the shared feature extractor maps the samples into a common 

feature space and globally aligns the features. Then, the local feature extractors map each 

pair of source and target domain data into a domain-specific feature space. The MMD loss 

is utilized to learn domain-invariant representations of the samples.  Each task-specific 

predictor set 𝐶𝑖 = (𝐶𝑖
1, 𝐶𝑖

2), is a pair of Softmax classifiers, that receives domain-invariant 

features 𝐹𝑖(𝐺(𝑥)) for 𝑖th source domain. The cross-entropy loss is used for each classifier. 

Following the co-training method, we define a discrepancy loss between the outputs of  𝐶𝑖
1 

and 𝐶𝑖
2. The reliability of the network is highly reliant on the discrepancy loss. As 

mentioned earlier, in comparison to many well-known metrics, the Wasserstein metric 

takes into account the properties of the underlying geometry and can compare the 

distributions that don’t share support [245].  Motivated by that, we propose to use a sliced 

Wasserstein discrepancy loss between the outputs of  𝐶𝑖
1 and 𝐶𝑖

2. In comparison to the 

original Wasserstein distance, SWD is more computationally efficient. In the inference 
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stage, we adapt an ensemble scheme to aggregate the classifier outputs. The final prediction 

is a weighted average of paired classifier predictions.  

Figure 4.5.2  demonstrates an intuitive example of representation scattering for the 

proposed adversarial approach with 𝑁 = 2. During the training process, the global feature 

extractor and local feature extractors try to align the marginal probability distributions of 

each source-target pair by minimizing the MMD loss. On the other hand, during adversarial 

task-level adaptation, 𝐶𝑖
1 and 𝐶𝑖

2  for each source act as discriminators to consider the 

relationship between class boundaries and target samples. The final goal is to find those 

target features that are far from the support of that certain source. [270]. To this end,  the 

adversarial training process utilizes the disagreement between  𝐶𝑖
1 and 𝐶𝑖

2 and  avoids 

generating target features in this disagreement region. Hence, the final target distribution 

is pushed close to source distributions (See Figure 4.5.2  Right). 

 

 

 

 

 

 

Figure 4.5.1 The proposed Feature-level and Task-specific distribution alignment 

multi-source domain adaptation 
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Figure 4.5.2 Analysis of adversarial training for the proposed method with two 

sources and binary classification.  

 

4.6 TRAINING OBJECTIVE 

The optimization procedure of the network consists of three steps: 

Step 1: Given 𝑋1, … , 𝑋𝑁 as collections of i.i.d labeled samples from 𝒟𝑠 =

{𝒟1, 𝒟2, … , 𝒟𝑁}, and  𝑋𝑡  as the collection of unlabeled samples from the target domain 𝒟𝑡 

, the MMD loss between 𝒟𝑠 and 𝒟𝑡 is defined as: 

ℒ 
𝑀𝑀𝐷2(𝐷𝑠, 𝐷𝑇) =

1

𝑁
∑‖𝐸(𝑋𝑖) − 𝐸(𝑋𝑡)‖2)

𝑁

𝑖=1

=
1

𝑁
∑‖𝐹𝑖(𝐺(𝑋𝑖)) − 𝐹𝑖(𝐺(𝑋𝑡))‖

2
)

𝑁

𝑖=1

 

(4-7) 

The multi-class cross-entropy loss can be derived as: 

 ℒ𝑐𝑙𝑠 = ∑  
1

𝑁𝑖
∑ ℒ𝐶

𝒟𝑖
[𝐶𝑖

𝑁𝑖

𝑗=1

𝑁

𝑖=1

(𝐹
𝑖
(𝐺(𝐱𝑖

𝑗
)), 𝑦𝑖

𝑗
] (4-8) 

Where 
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ℒ𝐶
𝒟𝑖

(X𝑖, Y𝑖) = −𝐸(𝒙𝒊,𝑦𝑖)~(X𝑖,Y𝑖) ∑ 1(𝑦
𝑖

= 𝑘). log  𝑝(𝑦|𝒙𝑖)

𝑐

𝑘=1

 (4-9) 

In this step, we train 𝐺, 𝐹 and 𝐶 to classify the multi-source samples. The objective is: 

min
𝐺,𝐹,𝐶

 ℒ𝑐𝑙𝑠 +min
𝐹

 ℒ𝑀𝑀𝐷2(𝐷𝑠, 𝐷𝑇) (4-10) 

 is a balancing factor. 

Step 2: The SWD discrepancy loss is defined as: 

 ℒ𝑆𝑊𝐷(𝑋𝑡) = ∑
1

𝑚𝑛

𝑁

𝑖=1

∑ ∑ ‖𝜃𝑗
(𝑃

𝐶𝑖
1)

𝜎𝑃
𝐶𝑖

1
(𝑘)

−𝜃𝑗
(𝑃

𝐶𝑖
2)

𝜎𝑃
𝐶𝑖

2
(𝑘)

‖

2

2
𝑛

𝑘=1

𝑚

𝑗=1

 (4-11) 

 

Where 𝑃𝐶𝑖
1 and 𝑃𝐶𝑖

2 are the outputs of 𝐶𝑖
1 and 𝐶𝑖

2. 𝑚 and 𝑛 denote the number of 

random projections and the batch size, respectively. 

In step 2, we freeze the parameters of 𝐺 and 𝐹, and maximize the SWD discrepancy 

between the outputs of two classifiers on target samples. The objective function is: 

min
𝐶

 ℒ𝑐𝑙𝑠 −  ℒ𝑆𝑊𝐷 (4-12) 

Step 3: In the last step, we freeze the parameters of the classifiers and update 𝐺 and 

𝐹 on target samples to minimize the SWD discrepancy between the classifiers: 

min
𝐺,𝐹

 ℒ𝑆𝑊𝐷(𝑋𝑡) (4-13) 

The last step makes the target feature space closer to the source. The steps above are 

periodically done until the network convergence is achieved. The whole process is 

demonstrated in Algorithm 1. 
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Algorithm 1 Feature-level and task-specific distribution 

alignment multi-source domain adaptation (FT-MSDA) 

Input: Labeled source domains data {𝒟1, 𝒟2, … , 𝒟𝑁}, unlabeled 

target data 𝒟𝑡, number of random projections 𝑚, batch size 𝑛, 

randomly initialized 𝐺, 𝐹 = {𝐹𝑖}𝑖=1
𝑁 , and 𝐶 = {(𝐶𝑖

1, 𝐶𝑖
2)}𝑖=1

𝑁  

 while 𝐺, 𝐹, and 𝐶 have not converged do 

 Step 1: Train 𝐺, 𝐹, and 𝐶 to classify the multi-source 

samples with equation (4-9)  

 Step 2: Freeze 𝐺  and 𝐹 parameters, train 𝐶 on unlabeled 

target samples to maximize SWD discrepancy (4-11) 

 Step 3: Train 𝐺  and 𝐹 on unlabeled target samples to 

minimize SWD discrepancy (4-12) 

 end while 

 

4.7 INFERENCE PHASE 

In the testing stage, we utilize the ensemble scheme to aggregate the classifier 

outputs. We define a weight vector 𝑊 = (𝑤1, 𝑤1, … , 𝑤𝑁), ∑ 𝑤𝑖 = 1𝑁
𝑖=1  , the final 

prediction is a weighted average of paired classifier predictions. As proposed in [271], we 

use source-only accuracies between 𝑖th domain and target domain to derive the weight 

vector, i.e. 𝑤𝑖 = 𝑎𝑐𝑐𝑖 ∑ 𝑎𝑐𝑐𝑗
𝑁
𝑗=1⁄ . 

4.8 EXPERIMENTS 

We evaluate the performance of the proposed MSDA framework for bearing fault 

diagnosis tasks and compare our proposed model with several state-of-the-art existing 

domain adaptation frameworks. We perform the evaluations on the well-known CWRU 

and KAT public datasets which have been introduced in chapter 3. 
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4.8.1 Datasets 

-  CWRU is introduced in chapter 3. It contains vibration measurements for two 

bearings, and the data is recorded under four various motor loads: 0, 1 hp, 2 hp, 3 hp. 

Changing the operating conditions will change the data distribution, and for that reason, 

the model which is trained on one motor load would perform poorly on the other motor 

load data. We use the drive-end bearing data. Datasets from motor load 0 hp, 1hp, 2hp, and 

3hp have been defined as dataset A, B, C, and D respectively. All four datasets include ten 

health condition classes of the drive-end bearing installed on the motor which are acquired 

at 48 kHz sampling frequency.  

- Paderborn University KAT bearing dataset is another well-known public dataset 

for bearing fault diagnosis [36].  The dataset is provided by KAT datacenter in Paderborn 

University [36]. It includes measured motor currents and vibration signals. Experiments 

were performed on 26 damaged bearing states and 6 undamaged states. Among the 

damaged bearings, 14 were naturally damaged by accelerated life tests, and 12 were 

artificially damaged by EMD or drilling.  

For both artificial and real damages (see Chapter 3), the faults at two locations (outer 

race and inner race) with 1~3 damage severity levels are available. For the current 

experiment, based on the location of the damage, three classes are defined for each dataset: 

Healthy, Inner race, and Outer Race which are collected under operating conditions 1, 2, 

and 3. The operating conditions are called KAT1, KAT2, and KAT3.  
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4.8.2 Components architectures 

As mentioned earlier, we evaluate the proposed model with raw vibration signals. 1-

dimensional CNNs have been used as feature extractor layers, see Figure 4.8.1. However, 

according to the task of interest and type of inputs, one can leverage various architectures 

for individual components, i.e. 2-D CNN, RNNs, etc. For each task-specific classifier, we 

used two fully connected layers in the combination of batch-normalization layers and the 

softmax prediction layer. Table 4.8.1 shows the architecture of network components. 

Table 4.8.1 Proposed architecture network layers: BN, MP, and D stand for batch 

normalization, Max Pooling, and Dropout layers respectively. The number preceding 

Conv1D shows the number of filters, and the number after Conv1D illustrates the filter size. 

C refers to the number of classes 

Component Network architecture 

Input Data layer (2048) 

Global feature extractor 

 

32Conv1D1(64*1), BN1(32), MP1(4*2),D1 (0.5), 

32Conv1D2(3*1), BN2(32), MP2(4*2),D2 (0.5) 

Local feature extractors  64Conv1D3(3*1), BN3(64), MP3(4*2),D3 (0.5), 

64Conv1D4(3*1), BN4(64), MP4(4*2),D4 (0.5) 

Task-specific classifiers 

 

FC1(320), BN4(320), FC2(200), FC3(c) 

 

Figure 4.8.1 Proposed framework components for bearing fault diagnosis task. 
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4.8.3 Experimental set-up 

To demonstrate the effectiveness of the proposed approach, we define three sets of 

experiments based on CWRU and KAT datasets. All the experiments are done using 

Pytorch 1.5 and were running on NVIDIA GTX 2060 GPU. The reported experimental 

results are averaged by 5 trials to reduce the effect of randomness, and the results are given 

in the form of 𝜇 ± 𝑠𝑑, where 𝜇 and 𝑠𝑑 stand for mean value and standard deviation of 5 

trials. For the sake of comparison. Some results are taken from the published paper. Hence, 

they are not in the form of 𝜇 ± 𝑠𝑑. All the experiments are trained on mini-batches of 128, 

and the learning rate was 1e-4. 

Experiment 1: CWRU datasets from motor loads 0 hp, 1hp, 2hp, and 3hp have been 

defined as dataset A, B, C, and D respectively. All four datasets include ten health condition 

classes of the drive-end bearing installed on the motor which are acquired at 48 kHz 

sampling frequency. Raw signals from 10 health conditions are segmented into samples of 

2048 points. A simple sample augmentation method with an overlap length of 128~200 

points is used to avoid losing information and to balance datasets across domains, see 

Figure 4.8.3. Hence, each dataset contains 3600 i.e. 360 samples for each class. We take 

2500 and 1100 samples of each domain as training and testing subsets respectively.  We 

then take turns to set one domain as the target domain and the rest as the source domains. 
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Figure 4.8.3 Sample preparation, the signals are segmented into samples of 2048 

with an overlap of 128~200 points. 

Experiment 2: For both artificial and real damages of the KAT dataset, the faults at 

two locations (outer race and inner race) with 1~3 damage severity levels are available. For 

the current experiment, based on the location of the damage, three classes are defined for 

each dataset: Healthy, Inner race, and Outer Race which are collected under operating 

conditions 1, 2, and 3, see Table 4.8.2. The operating conditions are called KAT1, KAT2, 

and KAT3. The data preparation step is similar to the previous experiment for CWRU 

datasets. We draw 7800 samples (2600 samples in each class) for each dataset. We take 

4950 and 2850 samples of each domain as training and testing subsets respectively.   

Experiment 3: CWRU dataset consists of nine faulty classes at the inner race, outer 

race, and ball with three different fault severity levels. KAT dataset does not have the 

measurement for fault at the ball element. Hence, we have combined three various fault 

severities at the inner race into one big class of inner race to match the number of classes 

with the KAT dataset for domain adaptation. Similarly, three various fault severities at the 

outer race are combined into one big class of outer race. With this new categorization, both 

KAT and CWRU datasets share the same label space of three classes: Healthy, Inner race, 
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and Outer race. This experiment evaluates the performance of the proposed approach for 

multi-source DA across various machinery. We draw 7800 samples (2600 samples in each 

class) for each dataset. We draw 5850 samples (1950 samples in each class) for each 

domain. We take 4500 and 1350 samples of each domain as training and testing subsets 

respectively.   

4.8.4 Comparative studies and Results 

In this section, we present the adaptation result on two benchmark fault diagnosis 

datasets to evaluate the proposed FTD-MSDA: CWRU and KAT. We compare the results 

with state-of-the-art single-source and multi-source unsupervised domain adaptation 

algorithms. To the best of our knowledge, this study is an early attempt at multi-source 

domain adaptation in the PHM field. Hence, for the sake of comparison, the authors utilized 

the existing state-of-the-art multi-source domain adaptation algorithms in other fields such 

as semantic segmentation and image classification. We used two standards for reporting 

the results: 1- Single-source best: which utilizes existing single-source domain adaptation 

methods on our experiment datasets and reports the best source transfer accuracy on the 

target set. 2- Multisource: Reports the performance of multi-source domain adaptation 

algorithms. Moreover, we compare the results with another version of our proposed model 

in which we replace SWD metric with standard L1-distance, to evaluate the effect of 

discrepancy distance on the maximum classifier discrepancy technique.  

For experiment #1, the proposed model achieves the average accuracy of 95.03%, 

outperforming other baselines, see Figure 4.8.4,  Figure 4.8.5, and Table 4.8.2. One 

interesting observation is the transfer performance for dataset A. For "𝑩, 𝑪, 𝑫 → 𝑨" transfer 
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scenario, the highest performance is achieved by the single-source UDA algorithm of 

CLAN [272] which carries out an adaptive class-level domain adaptation to mitigate the 

effect of global alignment in terms of intra-class compactness between the domains. The 

poor performance of multi-source domain adaptation algorithms for dataset A is probably 

due to the presence of “negative transfer”, which causes the samples from different 

domains but of the same class to be mapped farther away in the feature space [273]. 

 In Table 4.8.3, we compared the class-wise performance of  “without domain 

adaptation” and “Proposed multi-source domain adaptation” methods for the transfer 

scenario "𝑩, 𝑪, 𝑫 → 𝑨" . The individual class accuracies are obviousely improved for all 

classes except for C5. Although the overall performance of the model improved, the 

influence of negative transfer for this class is obvious and  explains why the highest 

accuracy (for this specific transfer scenario) is achieved by a class-wise domain adaptation 

algorithm (i.e. CLAN).  In the presence of negative transfer, the training of source leads to 

worse performance of the target. More the domains are different, more negative transfer is 

likely to occur.  In experiment#1 scenario, there is a huge domain shift between working 

condition A and working condition D, as the motor rotation speeds are highly different.  

The SWD metric handles larger domain discrepancies by obtaining more stable gradients. 

However, this observation emphasizes the importance of finding the related source 

domains for multi-source algorithms to avoid negative transfer phenomena by mitigating 

the effect of the unrelated source.  
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  For experiment #2 and experiment #3, we compared our proposed FTD-MSDA 

method with several well-known SDA and MSDA algorithms, see Table 4.8.4  and Table 

4.8.5. 

 For "𝐊𝐀𝐓𝟏, 𝐊𝐀𝐓𝟐 → 𝑲𝑨𝑻𝟑" transfer task, the highest performance of 98.9 is 

achieved with the proposed FTD-MSDA model (Figure 4.8.6). However, the highest 

accuracy of 99.0 for "𝐊𝐀𝐓𝟏, 𝐊𝐀𝐓𝟐 → 𝑲𝑨𝑻𝟑" is achieved by MDDA which utilizes a  

source distilling mechanism to select the source training samples that are closer to the target 

[273]. In experiment #3, the average lower accuracy compared with the previous two 

experiments confirms the larger domain shift across different machinery (see Figure  4.8.7). 

According to the results, the proposed method and M3SDA [259] deliver a comparable 

performance that is higher than other state-of-the-art algorithms. For all three experiments, 

using L1-distance in the proposed model gives a lower accuracy compared to SWD, which 

was expected. 

In addition to classification accuracy, we have compared the proposed algorithm with 

existing MSDA algorithms in terms of training time and inference time (See Table 4.8.6). 

According to the results, the computational cost of the model is comparable to state-of-the-

art algorithms. 
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Figure 4.8.4 (a) t-SNE feature visualization of the non-adapted model for experiment 

#1 (b) Feature-level and task-specific distribution alignment Multi-Source Domain 

Adaptation (FTD-MSDA): t-SNE feature visualization for experiment 1, target 

features are shown in orange. The models are trained using multiple sources. But for 

the sake of visualization, only the features of one source domain with the highest 

accuracy among all the sources have been shown in blue. 

Figure 4.8.5  Proposed Multi-source domain adaptation: test confusion matrices for 

experiment #1. 

 

 
Table 4.8.2 Classification accuracies (%) for experiment #1. 

Standards Model 
Number 

of classes 

A, B, C → 

D 

 

A, B, D → 

C 

 

B, C, D → 

A 

 

Average 

Single source 

best 

Source only 10 80.8 83.2 81.2 81.7 

Li et al. [242] 10 84.8 NA 84.4 84.6 

Cheng et al. [231] 10 92.9 91.5 93.3 92.6 

Sun et al. [233] 15 82.9 90.3 88.7 87.3 

TCA [274] 10 79.8±0.2 65.5±0.5 68.9±0.4 71.4 

DDC [275] 10 88.2±0.4 91.1±0.2 90.6±0.2 90.0 

WDGRL [276] 10 87.3±0.2 86.9±0.1 85.0±0.1 86.4 

DANN [277] 10 86.8±0.3 87.4±0.1 85.9±0.1 86.7 

CLAN [272] 10 94.9±0.1 95.2±0.0 93.7±0.1 94.6 

Multi-source 

DCTN [278] 10 93.5±0.1 93.9±0.0 81.3±0.2 89.6 

M3SDA [259] 10 96.1±0.0 95.4±0.0 86.3±0.1 92.6 

MDDA [273] 10 97.5±0.2 96.9±0.2 88.2±0.1 94.5 

FTD-MSDA(Ours with L1) 10 96.2±0.1 96.9±0.1 87.6±0.2 93.6 

FTD-MSDA(Ours) 10 97.9±0.4 97.3±0.1 89.9±0.4 95.03 
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Table 4.8.3 Class-wise accuracies (%) for experiment #1 (B, C, D → A transfer scenario). 

MSDA Scenario Class 𝐶0 𝐶1 𝐶2 𝐶3 𝐶4 𝐶5 𝐶6 𝐶7 𝐶8 𝐶9 

B, C, D → A 

Without DA 80.3 87.1 83.9 86.5 85.5 61.7 86.2 78.9 83.1 82.6 

FTD-MSDA(Ours) 100.0 100.0 99.1 100.0 100.0 0.0 100.0 94.5 100.0 100.0 

Improvement % 19.7 12.9 15.2 13.5 14.5 -61.7 13.2 15.6 16.9 17.4 

 

Figure 4.8.6 (a) t-SNE feature visualization of the non-adapted model for experiment 

#2 (left) (b) Feature-level and task-specific distribution alignment Multi-Source 

Domain Adaptation (FTD-MSDA): t-SNE feature visualization for experiment 2, 

target features are shown in orange. The models are trained using multiple sources. 

But for the sake of visualization, only the features of one source domain with the 

highest accuracy among all the sources have been shown in blue (middle). (c) test 

confusion matrix, experiment 2 (right). 

 

Table 4.8.4 Classification accuracies (%) for experiment #2. 

Standards Model 
Number of 

classes 

KAT1, KAT2 → 

KAT3 

 

KAT2, KAT3 → 

KAT1 

 

Average 

Single source 

best 

Source only 3 89.9±0.1 90.8±0.3 90.3 

DDC [275] 3 94.0±0.3 96.2±0.0 95.1 

WDGRL [276] 3 96.5±0.1 96.0±0.2 96.3 

DANN [277] 3 97.0±0.1 98.1±0.2 97.6 

CLAN [272] 3 98.3±0.0 98.0±0.1 98.1 

Multi-source 

DCTN [278] 3 97.9±0.1 96.9±0.0 97.4 

M3SDA [259] 3 98.1±0.0 95.4±0.0 96.8 

MDDA [273] 3 98.7±0.2 99.0±0.1 98.8 

FTD-MSDA(Ours with L1) 3 98.0±0.1 98.1±0.2 98.0 

FTD-MSDA(Ours) 3 98.9±0.0 98.3±0.1 98.6 
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 Figure 4.8.7 (a) t-SNE feature visualization of feature-level and task-specific 

distribution alignment Multi-Source Domain Adaptation (FTD-MSDA for 

experiment #3, target features are shown in orange. The models are trained using 

multiple sources. But for the sake of visualization, only the features of one source 

domain with the highest accuracy among all the sources have been shown in blue 

(left). (b) test confusion matrix, experiment 3 (right). 

 
Table 4.8.5 Classification accuracies (%) for experiment #3. 

Standards Model 
Number of 

classes 

B, C, D → KAT2 

 

KAT1, KAT2, 

KAT3 → B 

 

Average 

Single source 

best 

Source only 3 79.0±0.3 78.0±0.2 78.5 

DDC [275] 3 82.1±0.2 84.6±0.1 83.3 

WDGRL [276] 3 84.1±0.1 83.9±0.3 84.0 

DANN [277] 3 86.1±0.2 86.6±0.1 86.3 

CLAN [272] 3 86.5±0.0 88.0±0.2 87.0 

Multi-source 

DCTN [278] 3 88.7±0.2 87.9±0.1 88.3 

M3SDA [259] 3        91.0±0.1 89.4±0.0 90.2 

MDDA [273] 3 88.9±0.3 89.4±0.2 89.1 

FTD-MSDA(Ours with L1) 3 87.3±0.1 86.9±0.0 87.1 

FTD-MSDA(Ours) 3 91.1±0.1 89.3±0.2 90.2 

 
 

 

Table 4.8.6 Computational cost comparison (second) for experiment #1 . 

 DCTN [278] M3SDA [259] MDDA [273] FTD-MSDA (Ours 

with L1) 
FTD-MSDA 

(Ours) 
Training time (per iteration) 2.19 1.12 2.34 1.10 0.91 

Inference time 3.1 2.8 3.8 2.9 2.8 

 

4.9 SUMMARY 

In this chapter, we proposed a new FTD-MSDA deep learning framework to align 

multiple source domains with the target domain. The global feature extractor aligns the 
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lower-level features across the domains. Further, we incorporated the maximum mean 

discrepancy loss to map each pair of source and target domain data into a domain-specific 

feature space.  The task-specific classifier pairs act as a model discriminator to detect the 

samples that are far from the support of each source. We proposed a Sliced Wasserstein 

Distance discrepancy loss between the probabilistic outputs of each classifier set. The 

model is adversarially trained in an end-to-end fashion. The results are reported into single-

source best and multi-source standards. The former uses existing single-source domain 

adaptation methods on our experiment datasets and reports the best source transfer 

accuracy on the target set. The latter compares the results with existing state-of-the-art 

MSDA algorithms. Our experimental results show that the proposed model outperforms 

the state-of-the-art domain adaptation algorithms. Moreover, for "𝑩, 𝑪, 𝑫 → 𝑨" transfer 

task, the highest performance is achieved by the single-source domain adaptation. The poor 

performance of all multi-source domain adaptation algorithms for dataset A is due to 

negative transfer caused by the presence of an unrelated source domain in the multi-source 

domain adaptation algorithm. It emphasized the effect of source domain weighting in 

multi-source domain algorithms, which will be addressed in Chapter 5.  
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CHAPTER 5: PROPOSED FTD-MSDA WITH A NOVEL 

WEIGHTING STRATEGY 

In this chapter, we add a novel weighting strategy to our proposed FTD-MSDA 

framework to identify the most relevant sources and eliminate the influence of unrelated 

sources. The weight parameter is defined based on the conditional distribution discrepancy 

over the target domain and each source domain. The proposed weighting scheme considers 

the source domain relevance and intra-class alignment at the same time. The final predictor 

uses the weighted aggregation of source classifiers to perform a more accurate prediction.  

5.1 NOTATIONS AND PROBLEM SETTING 

Definition 1 (Domain) A domain 𝒟 is composed of a 𝑚-dimensional feature space 

𝒳 and the marginal probability distribution P(𝐱), i.e. 𝒟={ 𝒳, P(𝐱)}, where 𝐱 ∈  𝒳.  

Definition 2 (Task) Given specific domain 𝒟, task 𝒯 is composed of a label space  

𝒴 and the classifier function 𝑓(𝐱) where can be viewed as the conditional probability distribution 

P(𝑦|𝐱), i.e.  𝒯 = { 𝒴, P(𝑦|𝐱)}   where y ∈  𝒴. 

Problem  Suppose we have 𝑁 labeled source domains 𝒟1, 𝒟2, … , 𝒟𝑁, and one fully 

unlabeled target domain 𝒟𝑡. For the 𝑖th  source domain 𝒟𝑖, the observed samples and 

corresponding labels drawn from the source distribution 𝑃𝑖(𝐱𝒊, 𝑦
𝑖
) are 𝐗𝑖 = {𝐱𝑖

𝑗
}

𝑗=1
𝑁𝑖 ∈ 𝒳𝑖 and 

𝑌𝑖 = {𝑦𝑖
𝑗
}𝑗=1

𝑁𝑖 , where 𝑁𝑖 in the number of source samples, and 𝒳𝑖 denotes the source feature space. 

The unlabeled target samples are drawn from the target distribution 𝑃𝑡(𝐱𝒕, 𝑦
𝑡
), and are  𝐗𝑡 =

{𝐱𝑡
𝑗
}

𝑖=1
𝑁𝑡 ∈ 𝒳𝑡  , where 𝑁𝑡 in the number of target samples, and 𝒳𝑡 denotes the target feature space, 

and 𝑃𝑖(𝐱𝒊) ≠ 𝑃𝑡(𝐱𝒕) , 𝑃𝑖(𝑦𝑖|𝐱𝒊)  ≠ 𝑃𝑡(𝑦𝑡|𝐱𝒕). 
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In the current setup, we assume that the data from various domains are observed in the same 

feature space, i.e.  𝐱𝑖
𝑗

∈ 𝑑
, 𝐱𝑡

𝑗
∈ 𝑑

 (homogeneity condition). Also, we assume the closed-set 

scenario in which the source domains and the target domain share the same labels, i.e.  𝑦𝑡
𝑗

 ∈  𝒴 

and 𝑦𝑖
𝑗

∈  𝒴, where  𝒴 = {1, 2, … , 𝑐} is the label space, and  𝑐 is the number of possible health 

condition classes. We aim to build a domain adaptation model that learns the function  𝑓𝑡  which 

is trained based on {𝐗𝑖, 𝑌𝑖}𝑖=1
𝑁  and  {𝐗𝑡} , and can correctly predict the sample from the target 

domain.  

5.2 TRAINING OBJECTIVE 

In the current work, we propose to refine the proposed FTD-MSDA by adding a 

source weighting strategy based on the conditional probability distribution over each 

source domain and target domain. Since estimating the posterior conditional probability 

distribution, i.e. P(𝑦|𝐱) is nontrivial to compute, we explore class-conditional probability, i.e. 

P(𝐱|𝑦) in terms of the Bayesian formula [279].  

The MMD between source 𝑘 and target class-conditional probabilities is defined as:  

𝑀𝐶𝑘
=

1

𝐶
∑ ‖

1

𝑁𝑘
𝑐 ∑ 𝐹𝑘(𝐺(𝐱𝑖

𝑐))

𝐱𝑖
𝑐∈𝒟𝑘(𝑐)

−
1

𝑁𝑡
𝑐 ∑ 𝐹𝑘(𝐺(𝐱𝑡

𝑐)

𝑁𝑡
𝑐

𝐱𝑡
𝑐∈𝒟𝑡(𝑐)

‖

2

𝐶

𝑐=1

 (5-1) 

Where 𝒟𝑘(𝑐)
 is the set of samples belonging to class 𝑐 with labels 𝑦𝑖

𝑐. Correspondingly,  

𝒟𝑡(𝑐)
 represents the set of samples in class 𝑐 with pseudo labels �̃�𝑡

𝑐. Also, 𝑁𝑘
𝑐 and 𝑁𝑡

𝑐 denote 

the number of samples in class 𝑐 for source 𝑘 and target domain, respectively. Target pseudo 

labels �̃�𝑡 are estimated from the average prediction of source classifiers, and will be updated at each 

iteration. 
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we define the source vector as 𝝎 = {𝜔𝑖}𝑖=1
𝑁 , where 𝑁 denotes the number of source 

domains: 

𝝎𝑘 =
1

𝑁 − 1
∑(

2

1 + exp(−2𝑀𝐶𝑖
)

− 1)

𝑁

𝑖=1
𝑖≠𝑘

 (5-2) 

Which scales 𝑀𝐶𝑖
 to  [0, 1). Following what is suggested in [280], we define the 

weight of each source as a function of other sources’ divergence (not that of 𝑀𝐶𝑘
) from the 

target domain. This way, minimizing 𝝎𝑘 will not minimize 𝑀𝐶𝑘
 but leads to minimization 

of divergence for other more related sources which results in conditional distribution 

alignment as well.  

The modified cross-entropy loss is then defined as: 

 ℒ′
𝑐𝑙𝑠 = ∑  

𝜔𝑖

𝑁𝑖
∑ ℒ𝐶

𝒟𝑖
[𝐶𝑖

𝑁𝑖

𝑗=1

𝑁

𝑖=1

(𝐹
𝑖
(𝐺(𝐱𝑖

𝑗
)), 𝑦𝑖

𝑗
] (5-3) 

Where 

ℒ𝐶
𝒟𝑖

(X𝑖, Y𝑖) = −𝐸(𝒙𝒊,𝑦𝑖)~(X𝑖,Y𝑖) ∑ 1(𝑦
𝑖

= 𝑘). log  𝑝(𝑦|𝒙𝑖)

𝑐

𝑘=1

 (5-4) 

With the changes made above, the modified FTD-MSDA network i.e. weighted FTD-

MSDA is trained over the following three steps: 

Step 1: Given 𝑋1, … , 𝑋𝑁 as collections of i.i.d labeled samples from 𝒟𝑠 =

{𝒟1, 𝒟2, … , 𝒟𝑁}, and  𝑋𝑡  as the collection of unlabeled samples from the target domain 𝒟𝑡 

, the MMD loss between 𝒟𝑠 and 𝒟𝑡 is defined as: 
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ℒ 
𝑀𝑀𝐷2(𝐷𝑠, 𝐷𝑇) =

1

𝑁
∑‖𝐸(𝑋𝑖) − 𝐸(𝑋𝑡)‖2)

𝑁

𝑖=1

=
1

𝑁
∑‖𝐹𝑖(𝐺(𝑋𝑖)) − 𝐹𝑖(𝐺(𝑋𝑡))‖

2
)

𝑁

𝑖=1

 

(5-5) 

In this step, we train 𝐺, 𝐹 and 𝐶 to classify the multi-source samples. The objective is: 

min
𝐺,𝐹,𝐶

 ℒ′
𝑐𝑙𝑠 +min

𝐹
 ℒ𝑀𝑀𝐷2(𝐷𝑠, 𝐷𝑇) (5-6) 

 is a balancing factor. 

Step 2: The SWD discrepancy loss is defined as in chapter 4: 

 ℒ𝑆𝑊𝐷(𝑋𝑡) = ∑
1

𝑚𝑛

𝑁

𝑖=1

∑ ∑ ‖𝜃𝑗
(𝑃

𝐶𝑖
1)

𝜎𝑃
𝐶𝑖

1
(𝑘)

−𝜃𝑗
(𝑃

𝐶𝑖
2)

𝜎𝑃
𝐶𝑖

2
(𝑘)

‖

2

2
𝑛

𝑘=1

𝑚

𝑗=1

 (5-7) 

 

Where 𝑃𝐶𝑖
1 and 𝑃𝐶𝑖

2 are the outputs of 𝐶𝑖
1 and 𝐶𝑖

2. 𝑚 and 𝑛 denote the number of 

random projections and the batch size, respectively. 

In step 2, we freeze the parameters of 𝐺 and 𝐹, and maximize the SWD discrepancy 

between the outputs of two classifiers on target samples. The objective function is: 

min
𝐶

 ℒ′
𝑐𝑙𝑠 −  ℒ𝑆𝑊𝐷 (5-8) 

Step 3: In the last step, we freeze the parameters of the classifiers and update 𝐺 and 

𝐹 on target samples to minimize the SWD discrepancy between the classifiers (similar to 

the originally proposed network): 

min
𝐺,𝐹

 ℒ𝑆𝑊𝐷(𝑋𝑡) (5-9) 
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Algorithm 2 demonstrates the training process. 

Algorithm 2 Weighted Feature-level and task-specific 

distribution alignment multi-source domain adaptation 

(Weighted FT-MSDA) 

Input: Labeled source domains data {𝒟1, 𝒟2, … , 𝒟𝑁}, unlabeled 

target data 𝒟𝑡, number of random projections 𝑚, batch size 𝑛, 

randomly initialized 𝐺, 𝐹 = {𝐹𝑖}𝑖=1
𝑁 , and 𝐶 = {(𝐶𝑖

1, 𝐶𝑖
2)}𝑖=1

𝑁  

 while 𝐺, 𝐹, and 𝐶 have not converged do 

 Step 1: Train 𝐺, 𝐹, and 𝐶 to classify the multi-source 

samples with equation (5-6)  

 Step 2: Freeze 𝐺  and 𝐹 parameters, train 𝐶 on unlabeled 

target samples to maximize SWD discrepancy (5-8) 

 Step 3: Train 𝐺  and 𝐹 on unlabeled target samples to 

minimize SWD discrepancy (5-9) 

 end while 

 

The proposed weighting strategy is closely related to the scheme presented in [279]. 

However, their proposed weight for semi-supervised MSDA ranges between [0.5, 1), as 

opposed to our proposed weight which ranges between [0, 1) and discards the effect of 

totally irrelevant source domain to avoid negative transfer issue. Also, our proposed weight 

does not need any labeled target samples which suit better to more real-case MSDA 

scenarios. Moreover, it provides larger derivatives which may lead to faster convergence 

of the network. The averaged prediction of the classifiers is used for the inference stage. 

5.3 COMPARATIVE STUDIES AND RESULTS 

We evaluate the performance of the proposed MSDA framework for bearing fault 

diagnosis tasks and compare our proposed model with several state-of-the-art existing 

domain adaptation frameworks. We perform the evaluations on the well-known CWRU 

which has been introduced in Chapter 3. The data preparation step is similar to Experiment 
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1 in Chapter 4. Raw signals from 10 health conditions are segmented into samples of 2048 

points. A simple sample augmentation method with an overlap length of 128~200 points is 

used to avoid losing information and to balance datasets across domains. Hence, each 

dataset contains 3600 i.e. 360 samples for each class. We take 2500 and 1100 samples of 

each domain as training and testing subsets respectively.  

As seen in Table 5.3.1, the proposed weighted model achieves an average accuracy 

of 97.3%, not only outperforming other baselines, it is 2.3% better than the originally 

proposed framework. For "𝑩, 𝑪, 𝑫 → 𝑨" transfer scenario, our modified model gives 

93.9% accuracy which is slightly higher than the single-source CLAN baseline [272], see 

Figure 5.3.1. 

In Table 5.3.2, we compared the class-wise performance of  “without domain 

adaptation” and “Proposed weighted multi-source domain adaptation” methods for the 

transfer scenario "𝑩, 𝑪, 𝑫 → 𝑨". Similar to the original model, the individual class 

accuracies are improved for all classes, but for C5, a slightly negative transfer can be seen, 

i.e. -6.2%. However, compared to the original model the class-wise accuracy for C5 is 

increased by 55.5%, which shows the effect of class-conditional distribution alignment of 

the proposed weighting scheme.  

Figure 5.3.2  indicates the weight of sources concerning training epochs for A, B, C 

→ D adaptation scenario. As it can be seen, in the beginning, the weights are dropping 

drastically. After a while, the effect of classification loss surpasses which makes the 

conditional MMD larger, and makes the class-conditional distribution alignment harder. 
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After the classification gets stable, the samples become orderly, and the weights decrease. 

As expected, as domain A is the most irrelevant source, it converges to the lowest weight.  

Figure 5.3.1 Proposed weighted FTD-MSDA: test confusion matrices for CWRU 

dataset. 

 
Table 5.3.1 Classification accuracies (%) for CWRU dataset. 

Standards Model 
Number 

of classes 

A, B, C → 

D 
 

A, B, D → 

C 
 

B, C, D → 

A 
 

Average 

Single source 
best 

Source only 10 80.8 83.2 81.2 81.7 

Li et al. [242] 10 84.8 NA 84.4 84.6 

Cheng et al. [231] 10 92.9 91.5 93.3 92.6 

Sun et al. [233] 15 82.9 90.3 88.7 87.3 

TCA [274] 10 79.8±0.2 65.5±0.5 68.9±0.4 71.4 

DDC [275] 10 88.2±0.4 91.1±0.2 90.6±0.2 90.0 

WDGRL [276] 10 87.3±0.2 86.9±0.1 85.0±0.1 86.4 

DANN [277] 10 86.8±0.3 87.4±0.1 85.9±0.1 86.7 

CLAN [272] 10 94.9±0.1 95.2±0.0 93.7±0.1 94.6 

Multi-source 

DCTN [278] 10 93.5±0.1 93.9±0.0 81.3±0.2 89.6 

M3SDA [259] 10 96.1±0.0 95.4±0.0 86.3±0.1 92.6 

MDDA [273] 10 97.5±0.2 96.9±0.2 88.2±0.1 94.5 

FTD-MSDA(Ours with L1) 10 96.2±0.1 96.9±0.1 87.6±0.2 93.6 

FTD-MSDA(Ours) 10 97.9±0.4 97.3±0.1 89.9±0.4 95.03 

Weighted FTD-

MSDA(Ours) 

10 99.1±0.0 98.8±0.0 93.9±0.1 97.3 

 

Table 5.3.2 Class-wise accuracies (%) for CWRU dataset (B, C, D → A transfer scenario). 

Scenario Class 𝐶0 𝐶1 𝐶2 𝐶3 𝐶4 𝐶5 𝐶6 𝐶7 𝐶8 𝐶9 

B, C, D → 

A 

Without DA 80.3 87.1 83.9 86.5 85.5 61.7 86.2 78.9 83.1 82.6 

FTD-MSDA 100.0 100.0 99.1 100.0 100.0 0.0 100.0 94.5 100.0 100.0 

Weighted FTD-

MSDA 

100.0 95.4 100.0 100.0 98.2 55.5 98.2 96.4 100.0 100.0 

Improvement % 19.7 8.3 16.1 13.5 12.7 -6.2 12.0 17.5 16.9 17.4 
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 Figure 5.3.2 Source domain weight versus training epoch. 

5.4 SUMMARY 

In this chapter, we added a novel class-conditional weighting mechanism to our 

proposed FTD-MSDA framework. The weight is defined as a function of the maximum 

mean discrepancy between the conditional probability distribution of the source domain 

and target domain. The proposed weighting scheme also adjusts intra-class feature 

distribution that reduces the effect of class-wise negative transfer.  

The model is verified on CWRU dataset. Results are reported into single-source best 

and multi-source standards. The former uses existing single-source domain adaptation 

methods on our experiment datasets and reports the best source transfer accuracy on the 

target set. The latter compares the results with existing state-of-the-art MSDA algorithms. 

Our experimental results show that the proposed weighting scheme enhances the 

performance of the model, and outperforms the originally proposed model and the state-
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of-the-art domain adaptation algorithms. Moreover, for "𝑩, 𝑪, 𝑫 → 𝑨" transfer task, the 

effect of the negative transfer is considerably reduced. 
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CHAPTER 6: CONCLUSIONS AND RECOMMENDATION FOR 

FUTURE WORK 

In this research, a detailed systematic review has been carried out on various aspects 

of employing deep neural networks in the context of fault detection, diagnostics, and 

prognostics. To the best of our knowledge, this is the first systematic review of deep 

learning within the PHM paradigm that categorized the models into three classes of 

discriminative, generative, and hybrid to reflect the role of generative models in solving 

many existing challenges. All previous surveys just briefly mentioned GANs, transfer 

learning, and domain adaptation as new models and techniques in the context of deep 

learning for future opportunities. Besides, deep learning is a fast-growing area and new 

algorithms and solutions are rapidly proposed and applied by researchers across the world.  

Moreover, this study discusses the available datasets, hardware, platforms and libraries, 

and cloud solutions. Therefore, it can be used as a comprehensive reference for deep 

learning practitioners in PHM. 

Even though DL algorithms have brought new perspectives to data-driven methods 

in terms of model performance, learning complex representations, big data analysis, and 

handling the raw data with minimum preprocessing efforts.  However, it was seen that DL 

in the PHM field is still in the infancy stage, and it brings many opportunities and future 

research direction in terms of data scarcity, explainability, interpretability, model selection, 

benchmarking, and so on.  

We carried out an extensive empirical study on existing deep learning models for 

bearing fault diagnosis tasks. We explored various hyperparameter tunning techniques and 
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the impact of the choices on deep learning model performance. The comparisons were 

made based on classification accuracy, and training time. It was seen that CNNs provide 

the best accuracy in the least training time. The RNNs achieve a performance comparable 

to the CNNs. However, they are slow and time-consuming to be trained. To provide a better 

grasp and understanding in terms of model selection, it is recommended to extend the 

empirical studies on traditional machine learning fault classification methods such as 

Logistic regression, SVM, Decision trees, and ensemble methods. Also, it is worth 

exploring to see how signal processing and feature engineering techniques may improve 

the performance of the models. 

In literature, the majority of related studies are based upon the assumption that the 

training and test data are drawn from the same distributions. However, in the real industry, 

the data are collected under different operating and environmental conditions and during 

different time intervals, often resulting in feature space difference or distribution shift 

across training (source) and testing datasets (target) aka Domain shift issue. In this doctoral 

research, we proposed a novel deep multi-source domain adaptation framework for fault 

diagnosis of rotary machinery, which aligns the domains in both feature-level and task-

level. The proposed model achieves ~ 4.5% average accuracy higher than baseline 

multisource domain adaptation models. Also, it enhances the average classification 

accuracy by ~ 10 % compared to baseline single source domain adaptation models.  

Moreover, we added a novel source domain weighting scheme to the proposed model 

which is based on class-conditional distribution alignment of each source domain and 

target domain. Higher is the divergence between a certain source and target, that source 
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receives the lower weight. The proposed scheme reduces the negative transfer phenomenon 

by matching the distribution of inter-class features. The proposed weighting scheme 

improves the average accuracy by ~2.2 (as compared to the originally proposed model). 

Hence, in total the proposed weighted FTD-MSDA model enhances the average 

classification accuracy by  ~6.7%  (over baseline multi-source domain adaptation 

networks). 

It is recommended to extend the proposed model for the open-set domain adaptation 

task in which the target domain has private label sets besides the identical (shared) label 

sets. It would be also interesting to perform an ablation study to investigate the 

effectiveness of various parameters and loss terms on the convergence and performance of 

the proposed MSDA network.  

The results of this doctoral research have been published in the following references: 

• Rezaeianjouybari, Behnoush, and Yi Shang. "Deep learning for prognostics and 

health management: State of the art, challenges, and 

opportunities." Measurement 163 (2020): 107929. 

• Rezaeianjouybari, Behnoush, and Yi Shang. "A Novel Deep Multi-Source Domain 

Adaptation Framework for Bearing Fault Diagnosis Based on Feature-level and 

Task-specific Distribution Alignment." Measurement (2021): 109359. 
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• Rezaeianjouybari, Behnoush, and Yi Shang.” An Empirical Study of Machine 

learning and Deep Learning Algorithms on Bearing Fault diagnosis Benchmarks.” 

Under review for  IMECE2021. 
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