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Abstract

Predictive maintenance (PdM) is a prevailing maintenance strategy that aims to

minimize downtime, reduce maintenance costs, and increase machine reliability.

With the huge data availability in the era of Industry 4.0, data-driven predictive

maintenance leverages Artificial Intelligence (AI) and historical data to forecast po-

tential machine failure, enabling accurate in-advance maintenance schedules based

on the machine condition. Recently, deep learning has shown widely acclaimed

potential for data-driven predictive maintenance tasks. Nevertheless, deep learn-

ing only performs well under two main assumptions: (1) the availability of vast

amounts of labeled data; (2) the training phase and deployment phase share the

same data distribution or working condition. These constraints can significantly

hinder the deep learning applicability to real-world environments. On the one

hand, data labeling and annotation can be very laborious tasks, especially for sen-

sor data that encompass complex underlying patterns. Furthermore, running to

failure for vast and sophisticated machines can be costly and cause catastrophic

consequences. This imposes an additional challenge on obtaining labeled data that

identify the health status of the machine. On the other hand, under the premise

of the real-world manufacturing environment, variation in working environments

is inevitable. This can yield different sensor readings across the working environ-

ments even for the same industrial asset. As a result, the data generated from

each working condition may have different statistics (i.e., distributions). Under

those circumstances, a model that performs well under one working condition per-

forms poorly when tested on data from different working conditions. Therefore,

there is a need for more practical deep learning approaches that can handle the

aforementioned limitations.

This thesis aims to develop robust and generalizable deep learning approaches that

can work under real-world environments i.e., variability of working conditions and

lack of labeled data. The focus of this thesis is on two main tasks of predictive

maintenance: fault diagnosis and fault prognosis (i.e., Remaining Useful Life Esti-

mation (RUL)) tasks.

xv
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The thesis’ contributions are structured according to the predictive maintenance

tasks. Part I includes two pieces of work to address the real-world challenges

of the remaining useful life estimation task. First, an attention-based sequence-

to-sequence model is proposed to exploit historical information better, improving

robustness and generalization across different industrial assets. Second, a novel

contrastive adversarial domain adaptation (CADA) approach is proposed to ad-

dress the lack of labeled data coupled with the variability of working conditions.

The proposed approach aims to transfer the knowledge learned from one labeled op-

erating condition (source domain) to another operating condition (target domain)

with no available labels while preserving the target-specific information during the

adaptation process.

Part II focuses on the fault diagnosis task and includes three pieces of work that

have been developed to address the limitations of deep learning in real-world en-

vironments. The thesis first proposes a novel SeLf-supervised AutoRegressive

Domain Adaptation (SLARDA) to address the lack of labeled data while explic-

itly considering the dynamics of time series data during both feature learning and

domain alignment. Subsequently, towards a more scalable domain adaptation ap-

proach, a novel adversarial multiple domain adaptation (AMDA) method for single-

source multiple targets (1SmT) is proposed to handle multiple unlabeled working

conditions concurrently. Last, unlike previous domain adaptation approaches that

assume access to unlabeled data from the target working condition, a novel con-

trastive domain generalization (CDG) is designed to generalize to unseen working

conditions with no prior data available. The main goal of this thesis is to pave the

way of deep learning under real-world environments, towards practical data-driven

predictive maintenance.

Despite the significant thesis’s contributions, there remain some obstacles that hin-

der the applicability of data-driven predictive maintenance. These obstacles have

been regarded in the future works of the presented thesis, which can be briefed as

follows: considering the class-label shifts across different working environments; (2)

quantifying the uncertainty of the proposed data-driven approaches; (3) realizing

explainable deep learning approach that can provide reasons behind the decisions

and give descriptions to the end-users.
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Chapter 1

Introduction

1.1 Background

Industrial machines are ubiquitous in our daily life. It can be found in trains,

planes, ships, factories, and a wide range of manufacturing industries. The failure

of these machines can have catastrophic consequences in terms of revenue, pro-

ductivity, and safety. For instance, in automotive manufacturing, one minute of

unplanned downtime can cost up to $20k, while a whole downtime event can cost

around $2 Million [4]. Therefore, proper maintenance is a crucial step towards

reducing downtime, lowering economic loss, and increasing machines’ usability.

Three maintenance strategies have been commonly adopted to increase reliability

and reduce operational costs namely reactive maintenance (RM), preventive main-

tenance (PM), and predictive maintenance (PdM). In the reactive maintenance

approach, the machine is used until it reaches its maximum limits, while repairs

are performed only after failure. This approach can be affordable with simple and

cheap systems and machines, yet it can be costly and unsafe for complex industrial

assets. For instance, the failure of complex wind turbines not only requires ma-

jor efforts to be replaced but also imposes life-threatening consequences, leading

to losses in both economic and human resources [5]. The preventive maintenance

strategy tackles this issue by scheduling regular maintenance for industrial assents

to prevent machines from failure. However, regular maintenance imposes costs

1
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Reactive Maintenance 

Replace the damaged components after 
failure

Preventive Maintenance 

Regularly maintain the machines to 
prevent them from failure 

Predictive Maintenance  

Forecast when the machine will fail and 
maintain just before failure

Figure 1.1: Maintenance Strategies

overhead by increasing the machines’ downtime. Furthermore, with more conser-

vative maintenance schedules, components that are still usable can be replaced,

causing additional maintenance costs [6].

Recently, predictive maintenance (PdM) forecasts future failure events, enabling

prior maintenance planning, preventing catastrophic failures, and reducing ma-

chines’ downtime. PdM goes beyond fixed maintenance schedules by leveraging

historical sensor data and expert knowledge to forecast time and the location of

failure events. Figure 1.1 illustrates different maintenance strategies

Realization of predictive maintenance under realistic environments can be challeng-

ing as it requires accurate prediction of the incipient failure time. In particular,

over-early prediction of the failure time causes the removal of usable components,

imposing unnecessary costs on the maintenance process. In contrast, late predic-

tions of failure events can cause catastrophic accidents and losses due to unplanned

asset failures. Predictive maintenance mainly involves two essential tasks, namely,

the fault diagnosis and the fault prognosis tasks. Fault diagnosis is the process of

detecting, isolating, and identifying the current degradation of a specific compo-

nent or machine based on physical changes while fault prognosis is the process of

predicting the potential degradation or failure of certain equipment or machine.

Prognostics aim to complement the diagnostics capabilities by providing prior fail-

ure warnings enough to perform the appropriate action. Reliable prediction of the

remaining useful life (RUL) of equipment is a milestone for prognostics tasks.

Extensive research has been conducted on fault diagnosis and prognosis tasks dur-

ing the past years. Approaches for fault diagnosis and prognosis can be classified
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into two broad categories, namely, model-driven approaches [7], and data-driven

approaches [8]. Specifically, model-driven approaches rely on domain expertise to

model the physics of the monitored equipment/machine. Hence, it requires a strong

theoretical understanding to model the equipment behavior and its detailed degra-

dation process. These approaches operate by observing the behavior of the current

process and comparing it with a reference model provided by the system operation

under nominal conditions. A residual vector represents the difference between ob-

served measurements and normal behavior. This vector is employed to detect and

isolate faults. In particular, the generated residuals are examined to measure the

probability of failure given the residual vector, then a decision-making criterion

is followed to determine the final decision about failure. The main advantage of

these techniques is that they can detect unexpected faulty situations [9]. However,

as the complexity of the machine continues to evolve, it is becoming increasingly

challenging to get accurate physical models, even with domain expertise.

With the huge data availability in Industry 4.0 era, data-driven approaches have

shown great potential in modeling the dynamics of complex systems. For exam-

ple, it can help intelligently monitor machine health status, identify root causes of

failures, and make maintenance decisions. To do so, engineering domain expertise

has been employed to extract different prominent features from the data such as

frequency domain features, entropy-based features, and empirical modes features.

Then, different machine learning algorithms such as support vector machines [10],

artificial neural networks [11], and k-nearest neighbors [12] are used to rationally

map the different features to the corresponding fault modes. However, these ap-

proaches suffer from extensive efforts for feature engineering that requires advanced

domain knowledge. Moreover, the manually extracted features can be sensitive to

the variability of different working parameters, which are common in the real indus-

trial environment. Recently deep learning with automatic feature extraction ability

has been applied for fault diagnosis and prognosis. Deep learning approaches have

significantly outperformed traditional machine learning approaches. Various deep

learning methods have been used, e.g., convolutional neural network (CNN) [13],

autoencoder, [14] and recurrent neural network (RNN) [15].
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1.2 Research Questions

Deep learning has shown strong potential and achieved state-of-the-art performance

on predictive maintenance tasks. Nevertheless, only 15% of the manufacturing

industry is adopting the predictive maintenance strategy [16]. One reason for

this deficiency is the incapacity of existing deep learning approaches to handle

real-world and dynamic predictive maintenance environments. This thesis aims to

mitigate this issue and realize a more reliable deep learning approaches that can

handle real-world environments, towards expanding the applicability of predictive

maintenance in various manufacturing industries. To do so, this thesis aims to

address the following questions:

Q1: Deep learning methods usually focus on the latest information while ignoring

historical information of long sequence data to perform the predictive main-

tenance tasks. However, historical information can be critical for modeling

temporal dynamics. Under this context, how can the historical information

be better exploited to improve the robustness and reliability of the deep

learning model?

Q2: Deep learning only performs well under two main conditions: (1) the training

data and testing data are collected under the same working condition; (2)

the availability of a large amount of labeled data. However, in reality, the

variability of machines or working conditions between training and testing

is inevitable. Besides, data labeling can be laborious and time-consuming.

Thus, how can deep learning perform well under varying working conditions

with only unlabeled data available for the target working condition?

Q3: Real-world manufacturing environment usually involves various machines and

working conditions. Even with a more robust deep learning that can gener-

alize well to unlabeled data from different working conditions, a new model

needs to be trained for each new working condition. This shows limited scal-

ability in handling multiple working conditions since different models should

be trained for different target working conditions, which is not a viable solu-

tion in practice. Therefore, how can a more scalable deep learning approach

be realized to generalize to multiple working conditions concurrently?
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Q4: All the above situations assume access to either labeled or unlabeled data

from the target working condition. However, in reality, i the model can be

tested on an unknown working condition with no prior data available. Thus,

how can the deep learning model leverage historical data from other working

conditions to generalize well to new unseen working condition?

1.3 Research Objectives

The main purpose of this thesis is to address the above questions and develop deep

learning algorithms that can handle the dynamics of a real-world manufacturing

environment. Particularly, the variability of working conditions and the lack of suf-

ficient labeled data hinder the applicability of deep learning to real-world scenarios.

Therefore, this thesis aims to develop robust and generalizable deep learning mod-

els that can handle both variability of working environments and the lack of labeled

data. The thesis objectives are summarized as follows:

O1: To develop a deep learning model that can exploit historical infor-

mation to have more accurate and robust predictions. Capturing the

long-term dependency of the sequence data is a key to accurately predicting

the incipient failure time. However, existing deep learning approaches tend to

only focus on the latest information when modeling the input sensory data.

Therefore, there is a need to develop a deep learning methodology to bet-

ter exploit the hidden information in the sequence and capture the long-term

dependencies to improve the predictive capability of the deep learning model.

O2: To equip deep learning model with domain adaptation capability

to generalize well on the different working environments with no

labeled data available. Deep learning approaches work under the assump-

tion that the training phase and the deployment phase are conducted under

the same working environment, which does not hold in many practical sce-

narios. We consider two working environments A and B each with certain

parameters from different distributions. The model trained on working con-

dition A usually fails to generalize well to working condition B. In reality, this

situation is very likely to happen due to the varying environments. Besides,

as data annotation is laborious and time-consuming, only unlabeled data can
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be attainable for some working conditions. Thus, there is an urgent need for

adaptive deep learning models that can handle the scarcity of labeled data

problems. Therefore, there is an urgent need for a model that can handle a

new working environment with no labels available.

O3: To devise more scalable deep learning models that can generalize to

multiple working conditions simultaneously. Prior domain adaptation

models are designed to handle only a single working condition at a time.

Thus, a new model needs to be retrained for each new working condition.

This can have limited scalability and applicability in dynamic environments

with multiple working conditions. Hence, there is a need for a more scalable

solution to multiple working conditions simultaneously.

O4: To propose a ubiquitous deep learning model that perfectly lever-

ages historical data to generalize to new unseen environments with

no prior data available. In the realistic industrial environment, the deep

learning model can be tested on new unseen working conditions with no prior

data available for the training. In this situation, even a scalable domain adap-

tive model can be unfeasible as it mainly assumes access to unlabeled data

from the target working condition. Therefore, there is a need for a ubiqui-

tous model that performs well in new unseen working conditions on the fly

without any prior data available for the training.

1.4 Thesis Contributions

This thesis presents robust and generalizable deep learning models that can address

real-world manufacturing problems. The major contributions of this thesis are as

follows:

• A novel attention-based sequence-to-sequence model with an aux-

iliary task is developed to better handle longer sequences and em-

power the predictive capabilities of the model. In prognostics tasks,

longer sequences can be more informative to better improve the prediction

performance. Therefore, focusing on the most relevant information of the

long sequences can be critical to the model’s performance. In this thesis,
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an attention-based sequence model is proposed to better handle longer se-

quences while focusing on the most relevant parts of the sequence. First, the

proposed approach jointly optimizes a novel auxiliary reconstruction task

with the RUL prediction task to empower the prediction capability. Specifi-

cally, the model is optimized to predict the future sequences given the current

sequence; simultaneously, it is optimized to accurately predict the RUL val-

ues. Second, attention-based decoding is developed to focus on the most

relevant information of the sequence during the training process. Last, a new

dual latent feature representation is developed to integrate the encoder and

decoder features, enriching the feature representation.

• A novel domain adaptive deep learning method is proposed to gen-

eralize to different working conditions with no labeled data avail-

able for fault prognosis task. As annotating sensory data is very labori-

ous and time-consuming, scarcity of labeled data can be a serious problem.

However, labeled data can still be attainable from simulated situations or

historical data. Thus, this thesis aims to leverage readily labeled data from

one working condition (i.e., source domain) to improve the performance on

different unlabeled working conditions (i.e., target domain). To address this

issue, a novel contrastive adversarial domain adaptation approach is pro-

posed. First, an adversarial training technique is developed to find domain

invariant feature representation for the source and target domains, improv-

ing the performance on the target domain without access to labeled data.

However, forcing the target domain features to be invariant to source domain

features without any constraints can remove the target-specific information

and hinder the model performance on the target domain. To tackle this, a

contrastive adaptation module is proposed to preserve the target-specific in-

formation during the adversarial adaptation step. Specifically, the proposed

approach aims to maximize the mutual information between the input space

and the feature space of the target data, preserving the structure of target

features during the adaptation process.

• A novel self-supervised aggressive domain adaptive model is pro-

posed to improve the generalization on different unlabeled work-

ing conditions for fault diagnosis tasks. The temporal information of

time-series sensory signals can be critical when identifying different fault

types. Thus, this approach aims to consider the temporal information to
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improve features transferability, as well as, adaptation performance on un-

labeled working conditions. First, self-supervised pretraining is proposed to

improve the feature transferability of the source domain. Subsequently, an

autoregressive domain discriminator is proposed to consider the temporal di-

mension between the source and target features during the adversarial align-

ment step. Last, to further refine the adaptation process, a class-conditional

alignment technique is proposed to align the fine-grained distributions within

the source and target domains.

• A novel scalable multi-target domain adaptation approach is pro-

posed for the fault classification task. While adapting to single un-

labeled working conditions has been addressed, there is still a need for a

scalable solution that can handle multiple working conditions concurrently.

This thesis proposes a novel scalable single-source multiple-target domain

adaptation approach that can concurrently generalize to multiple working

environments. The proposed method leverages a shared network among the

multiple target domains while training an adversarial discriminator network

to align the features of the multiple target domains with the source domain.

• A novel contrastive domain generalization approach is proposed to

handle unseen working environments with no prior data. While all

the above-proposed approaches address practical scenarios, they all assume

that either labeled or unlabeled data from the target working condition is

readily available during the training process. However, this assumption may

not hold in practice as the model can encounter new working conditions with

no prior data available. This thesis proposes a novel domain generalization

approach that leverages historical data from other working conditions to re-

alize a ubiquitous deep learning model that generalizes to an unseen working

condition on the fly without requiring data availability or additional training.

Particularly, this approach leverages data from multiple historical domains

to learn environment-independent class representation, enabling better gen-

eralization on the new working environment.
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Problem 1: 
Representation Learning

Problem 2: 
Single Target Domain 
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Problem 3: 
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Problem 4: 
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Objective 2: 
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concurrently
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Towards Practical Data-driven Predictive Maintenance

Chapter 4

Chapter 5

Chapter 3 Chapter 6 Chapter 7

Figure 1.2: The overall aims and objectives of the thesis are summarized.
Chapter 3 presents the representation learning technique to improve the model’s
robustness. Chapters 4 and 5 realize domain adaptation approaches to handle
the lack of labeled data and the distribution shift problem. Chapter 6 presents a
scalable domain adaptation to handle the dynamic change in working conditions.
Last, Chapter 7 proposes a domain generalization approach that can handle to
new-unseen working conditions.

1.5 Thesis Organization

This thesis presents the above contributions to address the aforementioned chal-

lenges of real-world data-driven predictive maintenance. Fig. 1.2 summarizes the

research problems and objectives of each chapter in the thesis. The thesis is orga-

nized as follows:

• Chapter 2 provides a comprehensive overview of various machine learning

and deep learning for the predictive maintenance tasks i.e., fault diagnosis,

and prognosis tasks. Besides, the limitations and advantages of various ap-

proaches are also reviewed.

• Chapter 3 introduces an Attention-Based Sequence to Sequence Model for

Machine Remaining Useful Life Prediction that advances the existing state-of-

the-art methods. This model leverages attention-based decoding to focus on

the most relevant features of the input sequence. In addition, a novel auxiliary

task of predicting future sequences is presented to empower the predictive
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capability of the proposed model. Last, a dual-latent feature representation

approach is presented to enrich the feature representation of the proposed

model [17].

• Chapter 4 introduces an adversarial domain adaptation approach for remain-

ing useful life estimation. This model utilizes adversarial learning techniques

to bridge the domain gap between different working conditions. Further-

more, a contrastive domain adaptation module is developed to preserve the

target-specific structure and further improve stability and performance [18].

• Chapter 5 introduces a Self-supervised Autoregressive Domain Adaptation for

Fault Classification [19]. This chapter first demonstrates the effectiveness of

self-supervised learning in improving the transferability of source pretraining.

In addition, an Autoregressive domain discriminator is presented to consider

the temporal dimensions in the features during the domain alignment step.

Last, a class-conditional alignment technique is proposed to align the fine-

grained class distributions among different domains.

• Chapter 6 introduces an Adversarial Multiple-Target Domain Adaptation for

Fault Classification [20], a new model that addresses the limited scalability

of existing domain adaptation methods via generalizing to multiple target

domains concurrently. The key idea is to find feature representations of

multiple target domains that can be invariant from the source domain.

• Chapter 7 introduces a Conditional Contrastive Domain Generalization for

Fault Diagnosis, a more realistic solution that can generalize to unseen do-

mains (i.e., working conditions) with no prior data available [21]. This ap-

proach aims to leverage historical data from different working conditions and

learn an environment-independent class representation that can be robust to

any new working environment.

• Chapter 8 concludes the contributions of the thesis and draws the future

directions towards a practical deep learning model that can handle the chal-

lenges in the real-world manufacturing environment.



Chapter 2

Literature Review

This chapter examines existing literature and related works for data-driven pre-

dictive maintenance. First, the conventional model-driven predictive maintenance

is illustrated. Subsequently, the data-driven predictive maintenance and its gen-

eral framework are presented. Then, a background on the prevailing data-driven

approaches is provided to facilitate the concepts of the reviewed works in Section

2.3. After that, the existing literature for both fault diagnosis and fault prognosis

tasks is presented in Sections 2.4 and 2.5 respectively. Last, the key approaches

are summarized and the research gap is illustrated.

11
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2.1 Model-driven Predictive Maintenance

Model-driven approaches heavily rely on domain expertise to model the physics

of the monitored equipment/machine. Hence, it requires a strong theoretical un-

derstanding to model the machine’s behavior and its detailed degradation process.

Figure 2.1 shows the steps of the model-based approach to detect the incipient fault

[22]. The model-based approach operates by observing the behavior of the current

process and comparing it with a reference model provided by the system operation

under nominal conditions. Subsequently, the difference between observed measure-

ments and normal behavior is represented by a residual vector, which is employed

to detect and isolate faults. The generated residuals are then examined to measure

the probability of failure given the residual vector, then a decision-making criterion

is adopted to determine the final decision about failure. The main advantage of

these techniques is that they can detect unexpected faulty situations [9]. How-

ever, as the machine’s complexity continues to evolve, it is becoming increasingly

challenging to get accurate physical models, even with domain expertise.

Figure 2.1: A model-based approach for fault detection

2.2 Data-driven Predictive Maintenance

In the era of Industry 4.0, the huge availability of sensory data coupled with the

unprecedented advancement in data-driven approaches has evoked the dominance

of data-driven predictive maintenance approaches. As illustrated in Fig 2.2, the

life cycle of data-driven predictive maintenance can be represented by four main

stages namely data acquisition, data preprocessing, development of the data-driven

model, and deployment of the data-driven model. First, different types of sensors

(i.e., vibration, temperature, pressure, etc. are deployed in the machine or some
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sub-components. These sensors provide the required data to enable accurate mon-

itoring of machine health. In the second stage, data preparation and preprocessing

are conducted. This step involves smoothing the acquired signals, normalizing

ranges across different sensory data, removing irregular sensor readings, and sav-

ing the data in a format that can be suitable for the subsequent steps. In the third

stage, the data-driven model is developed to perform the key tasks for predictive

maintenance namely fault diagnosis and fault prognosis tasks. The data-driven

model can either be a conventional machine learning algorithm or a deep learn-

ing algorithm. Conventional machine learning requires more additional steps such

as feature extraction and selection. In contrast, deep learning can automatically

extract salient features that can be suitable for the target task. Development of

any data-driven model usually involves many internal steps including selecting the

suitable data-driven model, training and validating the model performance and

testing the model on the target task. In the last stage of the PdM cycle, the model

is deployed either on the edge device (i.e., the machine or the sub-component) or

on a cloud system that can provide additional computational power.

This thesis mainly focuses on the third stage of developing the data-driven model.

Particularly, the evolving complexity of industrial machines coupled with dynamic

environments of real-world industry imposes serious challenges on the reliability of

data-driven models and hinders their applicability under real-world scenarios.

Data Acquisition Data Processing

Machine

Data Acquisition

Vibration Sensor

Temperature Sensor

Pressure Sensor

Data-driven Model

Feature Extraction
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Wavelet Spectrum

Power Spectrum

Deep Learning

Feature Selection
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Machine Learning
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Edge Device Cloud
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Figure 2.2: The framework of data-driven predictive maintenance
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2.3 Background on Data-driven Approaches

In this section, we provide a detailed background for the data-driven approaches

that have been utilized in different predictive maintenance tasks. Two main paradigms

are illustrated namely deep learning and transfer learning. Different settings and

categories of each paradigm will be illustrated in the following subsections.

2.3.1 Terminologies and Problem Settings

Data-driven approaches include different settings according to the target problem.

In this section, we summarize the key terminologies that will be used in the current

chapter and the next few chapters. For any given dataset, we define the following:

• Domain: D = {X , P (X)} is represented by feature space X , which is the

space of all possible inputs, and the marginal probability distribution of data

in the given feature space P (X), with X = x1, . . . , xn ∈ X

• Task : T = {Y , f( · )} is represented by the space of all possible labels Y , and

the predictive function that maps the input samples to the corresponding

labels f( · ) : X → Y

• Deep Learning : Given a training domain Dtrain and a training task Ttrain
the main aim of the supervised learning task is to leverage the training data

learn a predictive function f( · ) that can generalize well on the testing data

from domain Dtest and with a task Ttest. For the supervised learning problem,

the train and test data has similar domains Dtrain = Dtest and similar tasks

Ttrain = Ttest.

• Transfer Learning : Given a source domain DS with task TS and target do-

main DT with task TT , the main goal of transfer learning is to leverage

the source knowledge to learn a predictive function f( · ) that works well on

the target domain, where either domains or tasks are different DS ̸= DT or

TS ̸= TT respectively.

• Domain Adaptation: A special sub-paradigm under transfer learning where

there is a distribution shift between the source and target domains DS ̸= DT
but the task is the common TS = TT . Domain adaptation settings can vary
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Table 2.1: Different problem settings of data-driven approaches

Scenario Source Data Target Data Distribution shift

Deep Learning Fully labeled Unavailable ✗

Supervised Domain Adaptation Fully labeled Labeled ✓

Semi-supervised Domain Adaptation Full labels Partially labeled & Unlabeled ✓

Unsupervised Domain Adaptation Full labels Unlabeled ✓

Domain Generalization Full labels Unavailable ✓

according to the amount of labeled data available on the target domain, which

can be supervised, semi-supervised, or unsupervised.

• Domain Generalization A special sub-paradigm under transfer learning where

the model is learned from multiple source domains {DS}Mi=1, and supposed to

generalize well to unseen target domain DT .

The different problem settings are summarized in Table 2.1

2.3.2 Deep Learning and Prevailing Architectures

Deep learning is a form of machine learning that has made significant advances

in recent years due to its increasing ability to solve complex problems effectively.

Unlike conventional machine learning that requires hand-crafted features, deep

learning can automatically extract salient features from complex signals, as shown

in figure 2.2. Deep learning is composed of a multi-layer hierarchical structure,

where each layer will pass its processed output to the subsequent layer. Differ-

ent layer architectures have been leveraged in the literature [23] including fully

connected neural network (FCNN), convolutional neural network (CNN), and re-

current neural network (RNN). Here we provide further details about each model

architecture.

Fully Connected Neural Network

Fully connected networks (FCNNs) were first proposed in 1986 [24]. These networks

are usually composed of the input layer, hidden layer, and output layer. Training

MLP with multiple layers has been cumbersome for a long time. Recently, the

modern activation layers for non-linearity, propagation, and advanced optimization

have enabled the training of a deeper FCNN with more layers. The diagram of

FCNN is shown in figure 2.3. Each layer is composed of multiple neurons, where
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Figure 2.3: Fully Connected Neural Network Schematic Diagram

Figure 2.4: Schematic diagram of Convolutional Neural Network

each neuron is considered a single computation unit. In particular, given an input

sample xi ∈ Rn, the sum of weighted inputs will be estimated and a bias value will

be added to each neuron. This can be formalized as follows:

oj = wT
j xi (2.1)

where wj and oj are the corresponding weights and output for neuron j. Sub-

sequently, the output of each neuron is passed through a non-linear activation

function. This process will be conducted for each layer and the output informa-

tion will be passed to the next layer till the final output layer. Then the error

function is applied between the predicted output of the neural network and the

ground truth labels. Updating the neural network weights across multiple layers to

minimize the error had also been challenging for a long time. To solve this issue,

a back-propagation algorithm has been proposed to be able to train deeper neural

networks efficiently [25].

Convolutional Neural Network (CNN) CNN is a deep learning architecture
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that focuses on addressing non-structured data including signals and images. CNN

has the ability to learn local features effectively. CNN has a long history as it has

been first introduced by Lecun et al. in 1995. The reemerge of CNN happened in

2012 when it achieved outstanding performance in ImageNet competition [26]. The

operation of CNN is mainly relying on the convolution theory in signal processing,

where a local kernel function is applied to each part of the input data. Besides

the convolution operation, the non-linear activation and pooling layers are key

pillars in the CNN architecture. The CNN architecture is shown in figure 2.4. The

information processing steps of the CNN network can be summarized as follows:

1) given an input signal or image, a single or multiple convolution kernels with

limited length are applied locally to each part of the input; 2) the output of each

convolutional kernel is represented in each feature map, where the number of feature

maps is equal to the number of applied kernels; 3) a pooling operation is applied to

the feature maps to reduce the dimensionality and select the prominent information

from the feature map; 4) this process repeated for each convolutional layer until we

reach to the final output feature maps; 5) the feature maps of the last layer are then

flattened in one vector and passed to an FCNN layer to perform the task [26]. One

key advantage of CNN over FCNN is the ability to address the local patterns while

being shift-invariance. More specifically, the parameters of each kernel are shared

across the whole input, enabling the representation of CNN to be equivariant [27].

The mathematical operation of the convolutional layer can be described as follows:

ϕ = σ(x⊛ k) = σ(
m∑
a=0

xi+aka) (2.2)

where ϕ is the output feature map for sample x, k is the one dimensional con-

volutional filter with length m, and σ is a nonlinear activation function. Each

convolutional layer usually followed a pooling layer to reduce the dimensionality.

Recurrent Neural Network (RNN) the recurrent neural network is a special

type of NNs that specializes in modeling sequential patterns. It can store infor-

mation over time, making them well-suited for modeling time series data. Unlike

traditional neural networks, which process one input at a time, RNNs analyze a

sequence of inputs concurrently. This enables RNNs to process data with temporal

dynamics. RNNs have a wide range of applications, including speech recognition,

machine translation, natural language processing, and market forecasting. The

operation process of RNN is illustrated in figure 2.5. In particular, given an input
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Figure 2.5: Schematic Diagram of recurrent neural network

sample with multiple time steps, RNN processes the input for each time step and

passed the processed output to the next step. It is worth noting that the param-

eters are shared across the whole time steps, enabling fixed model complexity for

any input length. Formally speaking, given a sample x = x1, x2, . . . , xT with T

time steps, for each time step input xt the activation at and the output can be

described as follows:

at = σ1(Waaat−1 + Wax + ba) (2.3)

yt = σ2(Wyaat + by)

where W∗ and b∗ represent the shared RNN parameters, and σ1, σ2 are the non-

linear activation functions.

2.3.3 Transfer Learning

Transfer learning (TL) aims to transfer knowledge from one source domain to a

different but related target domain. TL can be leveraged to either reduce the

amount of data or labels needed when adapting to the target domain. TL has

been used for a wide range of applications, including natural language processing,

computer vision, speech recognition, and time series applications [28]. Different

categories of transfer learning exist according to whether the task is different TS ̸=
TT or the domain is different DS ̸= DT . In this thesis, we focus on the latter where a

distribution shift exists between the source and target domains. Therefore, we focus

on the following categories: (1) Domain Adaptation; (2) Domain Generalization.

Domain Adaptation settings according to the label availability can be supervised,

semi-supervised, and unsupervised, as shown in table 2.1. Here we provide more

details about each category.
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2.3.3.1 Supervised Domain Adaptation (SDA)

Supervised Domain Adaptation, also named finetuning, assumes access to labeled

source data and very limited labeled target data. The procedure of supervised

domain adaptation can be illustrated as follows. First, the model is pretrained

on the labeled data from the source domain. Then, the weights of the source

pretrained model are transferred to the target model. Last, the target model is

fine-tuned with available labels from the target domain. One key parameter to

tune is to decide the number of layers to be frozen and fine-tuned, which can

vary according to the amount of labeled data available. Figure xx illustrates the

supervised domain adaptation scenario. While promising, this approach can only

work under the assumption that labeled data is available for the target domain.

However, in reality, obtaining labeled data can be laborious and time-consuming

how much layer to train and freeze depends on the amount of data available for

the target domain.

2.3.3.2 Semi-supervised Domain Adaptation (SSDA)

Semi-supervised domain adaptation assumes access to both limited labels and mas-

sive unlabeled data from the target domain. Therefore, the proposed model usually

aims to exploit both labeled and unlabeled data to improve the adaptation perfor-

mance on the target domain [29].

2.3.3.3 Unsupervised Domain Adaptation (UDA)

Unsupervised Domain Adaptation is the most prevalent domain adaptation set-

ting, where only unlabeled data are available for the target domain. While this

setting is more challenging, it can be more practical as labeled data can be expen-

sive and laborious for many applications. The mainstream of UDA algorithms is

to address the domain shift problem by finding domain invariant feature represen-

tation. In particular, given a labeled source domain and unlabeled target domain,

UDA algorithms are mainly aiming to find target domain features that are similar

to the source features such that the source classifier can work well on the adapted

target features. Formally speaking, given a feature extraction network fθ : X → Z,
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Figure 2.6: Domain Generalization scenario across different machines

which maps the input space to the feature space, the UDA algorithm mainly op-

timizes the feature extractor to minimize a domain alignment loss Lalign, aiming

to mitigate the distribution shift between the source and target domains such that

Ps(fθ(x)) = Pt(fθ(x)). The domain alignment loss can either be estimated from a

statistical distance measure [30] or an adversarial discriminator network [31], which

can be formalized as follows:

Lalign = min
fθ,hθ

ℓ(Zs, Zt), (2.4)

where ℓ can be a statistical distance or an adversarial loss. Concurrently, a classifier

network hθ is applied on top of the feature extractor network to map the encoded

features to the corresponding class probabilities. Particularly, given the source

domain features Zs generated from the feature extractor, we can calculate the

output probabilities ps = hθ(Zs)). Thus, the source classification loss can be

formalized as follows

Lscls = −E(xs,ys)∼Ps

K∑
k=1

1[ys=k] logpks , (2.5)

where 1 is the indicator function, which is set to be 1 when the condition is met, and

set to 0 otherwise. Both the source classification loss Lscls and the domain alignment

loss Lalign are jointly optimized to mitigate the domain shift while learning the

source classification task, which can be expressed as

min
fθ,hθ
Lscls + Lalign. (2.6)
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2.3.3.4 Domain Generalization

Domain adaptation methods usually assume that unlabeled data from the tar-

get domain is readily available during the training process. Yet, with continuous

changes in working conditions, access to data from new working conditions in ad-

vance can be infeasible. Therefore, domain generalization aims to address a more

realistic scenario where the target data are not readily available during the training.

The key idea behind domain generalization is to leverage the knowledge in multiple

source domains to improve the generalization ability to the new unseen target do-

main. Formally speaking, in the domain generalization problem, we are given mul-

tiple source domains (D1,D2, . . . ,DM}, where M is the total number of source do-

mains. Each domain Di = {xij, yij}
Ni
j=1 ∼ P i

XY has Ni number of samples. The joint

distributions vary among the multiple source domains, i.e., P 1
XY ̸= P 2

XY . . . ̸= PM
XY .

The objective of the domain generalization is to learn a model h : X → Y based

on all the source domains and generalize well to a new unseen target domain

Dtest = {xtestj , ytestj }Ntest
j=1 ∼ P test

XY , where P test
XY ̸= P i

XY for i ∈ {1, . . . ,M}. It is

worth emphasizing that we do not have any access to Dtest during the training

procedure. Figure 2.6 illustrates the scenario of domain generalization for predic-

tive maintenance application.

2.4 Data-driven Fault Diagnosis

Data-driven fault diagnosis methods have great potential in many real-world indus-

trial applications. For example, it can assist in monitoring machine health status,

identifying root causes of failures, and making maintenance decisions.

2.4.1 Traditional Machine Learning for Fault Diagnosis

Various machine learning approaches have been employed for fault diagnosis during

the past years including support vector machines (SVM), principle component

analysis (PCA), artificial neural networks (ANN), K-nearest neighbors (KNN),

and others. To apply these techniques, a typical procedure has been commonly

used in the literature. First, deep data exploration and analysis are performed to

extract relevant features, which require domain knowledge or specialized experts.
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This step is followed by extracting low-dimensional features is extracted from the

high-dimensional data using dimensional reduction techniques (e.g., PCA, etc.).

Subsequently, a feature selection step is performed to select the most representative

features which would be passed to the ML algorithm to perform the corresponding

task. PCA has shown great potential in revealing hidden structures in the data

and explaining its variability [32–34]. It has been used to ease manual feature

extraction and select the most informative features. Last, various machine learning

methods are used for the fault detection and classification step. For instance,

ANN-based approaches have been employed for fault diagnosis problems [11, 35],

where a nonlinear mapping of motor current signals is used to predict the damping

coefficient and detect the faults. The Nonparametric K-NN approach has also been

explored for the fault diagnosis problem [12, 36, 37]. Support vector machines

(SVM) have been used extensively for fault diagnosis and exhibited significant

improvement over all other approaches [10, 38–40]. In addition to the previous

methods, other ML approaches have also been used in the fault diagnosis problems

such as extreme-learning machines (ELM)[41] , linear discriminant analysis (LDA)

[42], random forest (RF) [43], particle filter (PF) [44], and ensemble algorithms

[45].

Despite the dense literature on traditional ML methods in fault diagnosis, they still

need manual feature extraction and feature selection, which can be labor-intensive

and problem-specific. For instance, among most ML approaches, the fault features

are mainly comprised of the characteristic frequencies that correspond to specific

motor speeds and feature geometry. However, the features of a characteristic fre-

quency are so vulnerable to dynamic industrial environments. For example, if

multiple faults occur concurrently, the characteristic frequency will not be repre-

sentative of the faults as it encounters some changes due to complex processes.

Moreover, the model can be trained under one working condition and tested in dif-

ferent environments; as a result, the extracted features during the training phase

will be less representative in the testing phase.

2.4.2 Deep Learning for Fault Diagnosis

During the past few years, deep learning, with its ability to automatically extract

salient features, has emerged as a promising alternative to traditional ML methods
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in many applications including computer vision, speech recognition, and natural

language processing [27]. Recently, deep learning has also been applied to fault

diagnosis. More specifically, Convolutional neural networks (CNNs) have been

widely adopted for the fault diagnosis problem. For instance, Chen et al. were the

first to employ CNN for fault diagnosis problems; however, they only used CNN in

the classification stage while relying on manual feature engineering to represent the

input features [46]. To remove the burden of manual feature extraction, Janssens

et al. leveraged CNN to learn representative features from raw input data [47].

Similarly, Wen et al. converted the time signals into two-dimensional signals and

leveraged CNN to automatically extract features [48]. Following the same direction,

[49] the raw time series data has been transformed into spectrograms before using a

fully convolutional neural network (FCNN) to perform the fault diagnosis task. In

[50], a CNN with an adaptive learning rate has been applied for fault classification

problems. Xia et al. proposed a feature fusion approach by merging temporal and

spatial information in the dataset to classify the faults accurately [51]. Zhang et

al., proposed another CNN with multi-scale kernels to extract features at different

resolutions [52].

In addition to CNN, autoencoder-based approaches (AE) have also been used

for fault diagnosis problems [14, 53–55]. Autoencoders can automatically extract

salient features in an unsupervised manner. Particularly, an encoder network first

maps the input signal to latent feature representation while a decoder network tries

to reconstruct the input signal from the latent features [56]. For example, Jia et

al., developed a deep neural network (DNN) based autoencoder to extract features

from spectral data [57]. Mao et al. combined an autoencoder with an extreme

learning machine for fault classification [58]. While Guo et al. used a stacked

denoising autoencoder (SDA) to handle environmental noise in the fault diagnosis

task [59]. Similarly, in [60], a stacked autoencoder is augmented with compressed

sensing to reduce the amount of measured data and automatically extract features

in a transform domain.

On the other hand, recurrent neural networks (RNN) have shown widely acclaimed

performance in modeling dynamic systems for many applications such as natu-

ral language processing (e.g., language modeling, neural machine translation, and

speech recognition), and time series modeling and forecasting. RNNs have been

also applied for the fault diagnosis problem. For example, Abed et al. extracted
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discrete wavelet features and passed them to the RNN to perform the fault clas-

sification task of the bearing machine [15]. While RNNs suffer from vanishing

gradient problems, long short-term memory (LSTM) is a strong variant of RNN

that can handle gradient vanishing and explosion problems. Pan et al., combined

the LSTM network with one dimensional CNN layer and a fully connected layer for

the classification of bearing faults [61]. While Jiang et al. used stacked LSTM units

to have better feature representation and achieve accurate fault classification [62].

Other approaches have been also adapted for fault diagnosis tasks such as deep

belief networks (DBN), restricted Boltzmann machines (RBM), deep Boltzmann

machines (DBM), extreme learning machines, etc [63].

Despite the wide adoption of deep learning for fault diagnosis tasks, it is only

applicable under certain conditions. First, deep learning requires access to a vast

amount of labeled data for model training. However, the prolonged time that

machines take to fail, coupled with the difficulty of annotating time series data

limits the availability of labeled data. Second, deep learning assumes that the

training data and testing data are collected from the same working condition.

Such assumptions can not hold under dynamic and highly varying environments.

Therefore, there is a need for a more practical way that can handle the variability

of working environments under the scarcity of labeled data.

2.4.3 Transfer Learning for Fault Diagnosis

2.4.3.1 Supervised Domain Adaptation for Fault Diagnosis

SDA also known as finetuning assume access to a large amount of labeled data

from the source domain and limited labels from the target domain. Only few

approaches tried to improve the target domain performance with only few labeled

data available on the fault diagnosis application. For instance, Shao et al. first

converted the signal data to a time-frequency graph to train the model on the source

domain. subsequently, the pretrained network is tuned on the target domain with

few labeled data available [64]. Kim et al. have introduced a novel approach to

freeze only the output-sensitive parameters in the source network while preventing

over-fitting on the few labeled target data [65].
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2.4.3.2 Semi-supervised Domain Adaptation for Fault Diagnosis

Unlike the supervised domain adaptation approach, the semi-supervised approach

assumes access to few labeled and massive unlabeled data from the target domain.

This approach can be more realistic as unlabeled data can be attainable for the

fault diagnosis task. However, little attention has been to SSDA in fault diagnosis

applications. For instance, Bin et al. first developed a CNN network to extract

features from both source and target domains. Subsequently, a regularization term

has been introduced to reduce the domain’s discrepancy coupled with target pseudo

labels to further improve the class separability of the target domain. Another

approach has leveraged the virtual adversarial training coupled with batch-norm

maximization to improve the model robustness on the target data[66].

2.4.3.3 Unsupervised Domain Adaptation for Fault Diagnosis

Unlike both SDA and SSDA, Unsupervised domain adaptation (UDA) is the most

prevalent paradigm of domain adaptation in fault diagnosis applications. UDA has

achieved noticeable success in addressing distribution shift problems under the lack

of labeled data for visual applications [67]. The UDA scenario assumes access to

labeled data from a source domain (i.e., publicly available or simulated data with

cheap labeling efforts), and unlabelled data from a target domain (i.e., the domain

of interest) that is sampled from different but related distribution. The main goal

of UDA is to leverage the labeled source domain to improve the performance of

the unlabeled target domain. Recently, unsupervised domain adaptation has been

widely explored for the fault diagnosis task to address the variability of the working

conditions under the lack of labeled data [68]. The scope of this section will be

limited to the Deep UDA methods that mainly build UDA methods on top of deep

learning models. The existing UDA methods for fault diagnosis can be classified

into two mainstream approaches namely the instance re-weighting approach and

the domain-invariant features approach.

On one hand, the instance re-weighting approach tries to attend more to the source

samples that are more related to the target domain while giving less attention to

the source samples that are distinct from the target domain [69]. One way to

automatically calculate the importance weights of the source samples is to leverage

statistical distance measures. Particularly, a statistical distance measure is first
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used to calculate the distance between the source and target samples. Then, higher

weights will be given to samples with smaller distances and lower weights will be

given to the distant samples. For instance, Zhang et al. employed the maximum

mean discrepancy (MMD) measure to measure the discrepancy between source and

target samples [70]. Differently, in [71], the signed-rank test and the Chi-square

test have been used as similarity measures between the source and target domains.

Despite the effectiveness of these approaches, their efficacy tends to decrease with

the larger discrepancy between the source and target domains.

On the other hand, obtaining domain invariant features is a prevailing paradigm

for addressing the domain shift problem. The key idea of this approach is to map

the target domain samples to a new feature representation that is invariant from

the source feature representation. By doing so, the classifier trained on the source

samples can work well on the newly adapted target sample. This approach can be

further categorized into three main approaches [72].

• Discrepancy-based methods: These methods leverage the popular domain

discrepancy metric Maximum Mean Discrepancy (MMD) [30] to measure the

discrepancy between the source and target distributions. Subsequently, the

deep learning model is trained to minimize the MMD distance between the

source and target domains to obtain domain-invariant feature representation.

The first attempt in this area has been realized by Lu et al. who utilized the

MMD distance to align the source and target features in addition to using

a weight regularization loss to enforce representative features [73]. Li et al.

leveraged 1D CNN to automatically extract features from the frequency do-

main input and employed MMD with a distance metric to align the source

and target domains [74]. In [75], a two-phase approach that has been devel-

oped, the 1D CNN model is first pretrained on the source domain; then, the

model is fine-tuned to minimize the MMD distance between the source and

target domains. Another approach used a sparse filtering approach coupled

with high-order Kullback-Leibler (KL) divergence to find domain invariant

features in an unsupervised manner [76].

• Adversarial-based methods: Inspired by the generative adversarial networks

(GANs) [77], these methods rely on adversarial training to align the source

and target domains. Particularly, given a feature extraction network (maps
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the input signals to the feature space) and a domain-classifier network (clas-

sifies between the source and target features). The main objective of ad-

versarial domain adaptation is to optimize the feature extractor network to

produce target features that can be invariant from the source features while

training the domain classifier network to distinguish between the source and

target features. The feature extraction network aims to make the source and

target features indistinguishable from the domain classifier network. At this

stage, a model that works well on the source features should generalize well

to the newly adapted target features. Several approaches have realized ad-

versarial domain adaptation for fault diagnosis. For instance, Guo et al. have

leveraged adversarial training coupled with MMD distance to adapt between

different machines [78]. Chen et al. proposed a domain adversarial train-

ing technique using the standard GAN loss with inverted labels to address

the domain shift problem across different working conditions [79]. Cheng et

al. addressed the instability of standard GAN loss by using Wesserestein

distance during the adversarial training process to address the distribution

shift between different working conditions [80]. Jiao et al. employed dual-

domain classifiers during the adversarial training to ensure class separability

while finding domain-invariant features [81]. Song et al., integrated adversar-

ial training with a novel retraining strategy to perform well across different

working conditions [82]. A different set of methods have leveraged GANs

network to first generate source-like data or target-like data, then train the

deep learning using the newly generated data to improve the performance on

the target domain [31, 83].

• Reconstruction-based methods: The key idea of this approach is using a nor-

mal autoencoder to reconstruct target samples from the source samples or

vice-versa. By doing so, the autoencoder network can reach an intermediate

feature representation that can be shared between the source and target do-

mains. For instance, Wen et al. proposed a sparse autoencoder to extract

features in an unsupervised manner while minimizing MMD between the ex-

tracted features to align the source and target domains [84]. Differently, Pang

et al. leveraged stacked denoising autoencoder coupled with manifold learn-

ing to align both the marginal distribution and the conditional distribution

across different working conditions [85].
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The above approaches have achieved wide success and paved the way for deep learn-

ing models to handle domain shift problems across different machines or working

conditions. Nevertheless, all existing methods work under single source single tar-

get settings (1S1T). As such, they need to re-train a new model for each working

condition/target domain, which is not a viable solution in practice. This approach

can have limited scalability under highly varying working environments, hindering

the applicability of these approaches under highly dynamic environments.

2.4.3.4 Domain Generalization for Fault Diagnosis

While domain adaptation has shown wide success in addressing the distribution

shift problem under dynamic environments, domain adaptation approaches assume

access to unlabeled data from the target domain (i.e., working conditions) during

the training stage. Such approaches cannot handle online prediction situations,

where the model is required to act on the fly without retraining. Besides, in

many real applications, data from target working conditions may not be readily

available beforehand. The above limitations urge for a more generalizable data-

driven approach that can handle new unseen working environments with no prior

data available. Recently, a promising paradigm named Domain Generalization

(DG) has emerged to improve the generalization ability of the data-driven approach

to new domains with no prior data. A considerable amount of DG approaches have

existed in Computer Vision Applications. Nevertheless, little attention has been

paid to Domain Generalization for fault diagnosis tasks. Very recently, few works

have realized domain generalization for fault diagnosis problems. For instance, Li

et al. proposed a gradient reversal layer and a domain augmentation to improve

generalization for machinery fault diagnosis [86]. While Liao et al. leveraged

Wasserstein’s generative adversarial network with gradient penalty to learn the

invariant features to generalize well to new working conditions [87]. Differently,

Zhang et al. relied on salience maps to remove superficial features and to improve

the performance of the fault diagnosis task [88]. Han et al. leveraged adversarial

learning and triplet loss to improve generalization performance on unseen target

domains [89].

Most of these approaches enforce invariance between the global distribution be-

tween domains to improve the generalization performance. However, in fault clas-

sification tasks, the global distribution of each working condition encloses multiple
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fine-grained distributions for each class. Furthermore, aligning the global distri-

bution between different working environments does not obligate the alignment of

these fine-grained class distributions within each domain. Consequently, the fine-

grained class distributions can still be misaligned even if the global distributions

are well-matched, yielding poor cross-domain performance for the trained model.

2.5 Data-driven Fault Prognosis

One key task in prognostics and health management (PHM) is the reliable pre-

diction of the remaining useful life (RUL) of equipment. With accurate RUL

estimation, industries can have predictive maintenance planning and thus prevent

catastrophic failures or faults from happening [90]. Data-driven approaches have

emerged for predicting the RUL of machines with increasing data availability in

the digital era.

2.5.1 Deep Learning for Prognosis

Various traditional machine learning models have been used to estimate the RUL

including the hidden Markov model [91], artificial neural network [92], and support

vector machines [93]. However, these approaches suffer from extensive efforts for

feature engineering. Deep learning with automatic feature extraction ability has

achieved wide success in many fields, including computer vision, natural language

processing, and speech recognition [27]. Various deep learning methods have re-

cently been proposed for fault prognosis tasks. Yet, the majority of methods either

used convolutional neural networks (CNNs) or recurrent neural networks (RNNs).

Convolutional neural network (CNN) has widely acclaimed performance for RUL

prediction. For instance, Li et al., proposed a CNN with 1-D filters to extract

features from input sensor data for RUL prediction and also used the window-

time approach to prepare data samples for improved feature extraction [94]. Yang

et al. developed a two-stage approach by using a CNN network to inspect the

fault points and another CNN to estimate the RUL [95]. Zhu et al., proposed a

multi-scale CNN to extract features and predict the degradation of bearing [96].

Zhang et al., combined multi-layer perception (MLP) and CNN to extract features

from vibration data and predict the health index of the machine [97]. As shown



30 2.5. Data-driven Fault Prognosis

in the above studies, CNN-based methods have achieved outstanding performance

for RUL prediction. However, they are still limited when dealing with the se-

quence data as they ignore the temporal dependency among data points in a given

input sequence. Therefore, it is motivated to explicitly handle the temporal de-

pendency of sequence data for RUL prediction. Recurrent neural networks (RNN)

have been shown wide success in modeling dynamic systems and learning tempo-

ral dependency in the data. In particular, Long Short-Term Memory (LSTM), is

a special type of recurrent model that can model the dynamics of sequences by

introducing long short-term memory cells [98]. LSTM has become increasingly

popular for RUL prediction. For instance, Zheng et al., have used two layers of

the LSTM network to predict the RUL of turbofan engines [99]. Huang et al.,

employed stacked-bidirectional LSTM with auxiliary inputs to model sensor data

under multiple operating conditions [100]. Miao et al. designed a deep LSTM

framework to jointly perform degradation assessment and RUL prediction [101].

Other recent approaches have combined LSTM networks with CNN networks for

RUL prediction. Al-Dulaimi et al., proposed a two-parallel path approach with

one for LSTM and one for CNN [102], while Liu et al., combined CNN with

LSTM in a series manner, by feeding the output convolutional features to a Bi-

directional LSTM network aiming to improve the latent representation of the input

sequence [103]. In addition to CNN and LSTM-based methods, other deep learning

algorithms have also been developed for RUL prediction. For instance, Min et al.,

presented denoising autoencoder-based deep neural networks (DNNs) with a two-

stage approach to estimate the RUL of bearings [104]. Ma et al., used a coupling

autoencoder model on multimodal sensor data to perform the fault diagnosis task

[105]. Encoder-decoder networks have been employed for health index prediction

and RUL estimation [106, 107]. On the other hand, a deep belief network (DBN)

has also been proposed together with ensemble techniques for RUL prediction [108].

While the aforementioned approaches have performed well on the RUL prediction

tasks, they are not flawless for the following reasons. First, most of these ap-

proaches are only relying on a single supervised objective of a single-valued RUL

label to extract the features and predict the RUL values. This can make the learned

features very specific to the training data, reducing its generalization to the test

data. Second, these approaches mainly attend to the latest information, while giv-

ing less importance to the historical data. Therefore, there is a need for a more

general approach that can focus on the relative information in the long sequences.
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2.5.2 Transfer Learning for Fault Prognosis

The above Deep learning approaches only work under two main assumptions. First,

they assume the availability of a large amount of labeled data. This may not be

attainable for many real applications due to the prolonged failure time of com-

plex machines. Second, they usually assume training data and testing data are

drawn from the same distribution. Yet, this assumption may not hold in many dy-

namic environments, where the variability of working environments is inevitable.

Therefore, there is a need for more realistic approaches that work under dynamic

environments with less labeled data. Domain Adaptation (DA) is a promising

paradigm that can address the distribution shift problem with scarce labels. While

dozens of works have addressed domain adaptation fault classification problems,

only a few approaches have realized domain adaptation for remaining useful life es-

timation. For instance, Zhang et al. proposed a transfer learning approach for the

RUL problem, where they trained the model on the source dataset and fine-tuned

the model on target working conditions [109]. Yet, they assumed accessibility to

labeled data for the target domain, which cannot hold for real-world scenarios.

Recently, Costa et al. proposed a deep domain adaptation (DDA) method for the

RUL prediction problem using unlabeled target domain data. The DDA applied

the LSTM network to extract features and the reverse gradient approach to alle-

viate the domain shift problem [110]. Zhang et al., developed a transfer learning

approach to an incomplete target dataset based on a deep regularization technique

[111]. Very recently, Siahpour et al. have used adversarial domain adaptation with

consistency regularization to address the domain shift problem for RUL [112].

Nevertheless, most of these approaches leverage adversarial training to find domain-

invariant features between the source and target domains. But simply enforcing

the target features to be similar to the source with no constraints may remove

useful target-specific information in the target domain, i.e., the mutual information

between the target data and the target extracted feature. This can limit the

performance of domain adaptation for the RUL prediction task
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2.6 Summary

This chapter reviewed the existing literature on data-driven fault diagnosis and

prognosis. Sections 2.4 and 2.5 surveyed different approaches for fault diagno-

sis including conventional machine learning, deep learning, and transfer learning.

Particularly, while deep learning has outstanding performance for the fault clas-

sification task, it can only work under two main assumptions: (1) availability of

a massive amount of labeled data; (2) stationarity of working environments. Yet,

these assumptions may not hold in many practical situations. Domain adapta-

tion can tackle these issues by transferring knowledge from rich-labeled domains

to different unlabeled domains. Various domain adaptation techniques for fault

diagnosis and prognosis have been investigated, including supervised domain adap-

tation, semi-supervised domain adaptation, and unsupervised domain adaptation,

in Sections ?? and 2.5.2 respectively. Despite the efficacy of domain adaptation

paradigm approaches, it mainly assumes access to unlabeled data from tasks of in-

terest beforehand. This assumption limits the applicability of domain adaptation

in a highly varying environment that requires on-the-fly predictions. Therefore,

Section 2.4.3.4 reviewed a more challenging yet practical domain generalization

approach, which can generalize to unseen domains with no prior data available.

Table 2.2 summarizes the related works and their key limitations.

Table 2.2: Summary of related works and their key limitations

Category Approaches Methods Limitations

Deep Learning

Convolutional Neural Networks [46–52, 75, 96, 97, 113]

Vast amount of labeled data
Limited with long sequences
Prone to distribution shift

Autoencoders [14, 53–55, 57, 58, 73, 104, 114, 115]

Vast amount of labeled data
Limited with long sequences
Prone to distribution shift

Recurrent Neural Networks [15, 61, 62, 98, 99, 101–103, 107, 116, 117]

Vast amount of labeled data
Computational Complexity
Prone to distribution shift

Domain Adaptation

Instance Re-weighting [69–71] Degrade with large domain shifts

Discrepancy Based Approach [30, 73–76]

Computational Complexity
Limited scalability

Ignore Temporal Dependency

Adversarial-Based Approach [78, 80–82, 118]
Limited scalability

Ignore Temporal Dependency

Generative Approach [31, 83–85]

Unstable training
Limited scalability

Computational Complexity
eliminate domain-specifc features

Domain Generalization Adversarial Approach [86–89] Prone to Class-conditional shift
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The next few chapters will address the aforementioned unsolved challenges towards

realizing reliable and realistic data-driven predictive maintenance. Starting with

the fault prognosis task, Chapter 3 aims to tackle the limited feature representation

and the disregard of the historical information over long sequences by proposing

a dual-objective attention-based sequence-to-sequence approach. In Chapter 4, we

address the lack of labeled data and variability of working conditions by propos-

ing a novel adversarial domain adaptation for remaining useful life estimation.

Moving to the fault diagnosis task, Chapter 5 tackles the domain shift problem

under the lack of labeled data for the fault diagnosis task by proposing a novel

self-supervised autoregressive domain adaptation approach. Chapter 6 addresses

the limited scalability problem of the existing domain adaptation approaches by

proposing a single-source multiple-target domain adaptation approach that can

handle multiple working conditions concurrently. Last, in Chapter 7, we address

the generalization to unknown working conditions with no prior data available by

proposing a novel contrastive domain generalization approach that can generalize

to new unseen working conditions.





Part I

Fault Prognosis Task

Prognosis originated from the Greek word Prognostikos which means

foreseeing or forecasting. Fault prognosis is the process of predicting

the potential degradation or failure of certain equipment or machine.

By providing prior failure warning, fault prognosis enables remedial

maintenance in advance. One key task in Prognostics is the reliable

prediction of remaining useful life (RUL) of equipment. With accurate

RUL estimation, industries can have prior maintenance planning and

thus prevent catastrophic failures [119]. Albeit critical, precise predic-

tion of the remaining useful life is becoming increasingly challenging

especially with the evolving complexity of industrial machines.
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Chapter 3

Attention-Based Sequence to

Sequence Model for Machine

Remaining Useful Life Prediction

In recent years, with the surge of computational power and the data volume, deep

learning, with its hierarchical representative power and its ability to extract salient

features, has shown strong potential for the RUL prediction task. Various deep

learning methods, including convolutional neural networks (CNN) and recurrent

neural networks (RNN), have been developed for the RUL prediction task [120,

121]. However, CNN-based approaches may not be able to capture long-range

sequential dependencies in sensory data, resulting in a limited capability for RUL

prediction. Meanwhile, recurrent neural networks including conventional RNNs,

gated RNNs, and long short-term memory (LSTM) were developed to capture the

temporal dependency among time series data [99, 100, 122–125]. However, LSTM-

based methods only focus on the latest sequence information when mapping the

whole input sequence into a fixed-length vector representation. As a result, they

tend to lose relevant and important historical information when dealing with very

long sequences [126]. In addition, all the aforementioned approaches including both

CNN and LSTM-based methods only used a single objective, i.e., minimizing the

mean square error (MSE) between the predicted and true values to train the model.

The work in this chapter has been published in Neurocomputing 466 (2021): 58-68.
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I argue that using a single objective can limit the generalization performance of

the model on unseen test data [127, 128].

To tackle the above limitations, this chapter presents a dual-objective sequence-to-

sequence model named ATS2S for accurate RUL prediction. First, to address the

shortage of LSTM with long sequences, attention-based decoding is proposed to

focus on the important parts of the input sequence (instead of the latest information

in LSTM) that can maximize the decoding performance without losing relevant

information. Besides, the last hidden state of the decoder with the encoder’s hidden

features is integrated as a comprehensive dual-latent feature representation for the

RUL predictor. Second, inspired by the success of auxiliary tasks in improving

the generalization performance [127, 128] in computer vision applications, a novel

auxiliary task is designed to further improve the prediction capability on unseen

test data. Particularly, given the current input sequence, the model is trained to

reconstruct the future input sequence in an unsupervised manner. Concurrently, a

supervised mean square error (MSE) loss is adopted between the true RUL labels

and the predicted ones.

Encoder
Features

Decoder
Features

Input Sequence

Reconstruction Loss

Prediction loss

LSTM LSTM LSTM LSTM LSTM LSTM LSTM LSTM
Encoder Attention Based Decoding

LSTM LSTM

RUL Predictor

Figure 3.1: Attention-based sequence-to-sequence model for RUL prediction

Overall, this chapter provides the following contributions:

• A novel auxiliary task is proposed to predict the future sequence from the

current input sequence, empowering the model predictive capabilities.

• An attention mechanism is built on top of the encoder-decoder network to

handle the long sequences. As such, our model can focus on the most relevant

information of the input sequences for the RUL prediction task.
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• A dual-latent feature representation is introduced via integrating the encoder

features and decoder hidden states to capture rich semantic information in

the data for RUL prediction.

• Extensive experiments are conducted on four benchmark datasets to evaluate

our proposed approach. The results show that the proposed approach can

significantly improve RUL prediction over 13 state-of-the-art methods.

3.1 Attention Based sequence to sequence model

with Auxiliary Task

This section provides a detailed explanation of the proposed model. Particularly,

the LSTM encoder model and the attention-based decoding are first illustrated.

Subsequently, the novel reconstruction-based auxiliary task and the RUL predictor

model are described. Last, the joint optimization of the multi-objective loss is

presented.

3.1.1 Overview of ATS2S

The proposed ATS2S is composed of three main components, namely, encoder,

decoder, and RUL predictor, as shown in Fig. 3.1. First, the encoder maps the

whole input sequence into a sequence of hidden states. Unlike conventional encoder-

decoder models that compress all the input information into a single fixed-length

vector (i.e., the encoder’s last hidden state), we design an attention layer to select

the hidden states that are relevant and important for the decoding. Then, we

pass the weighted sum of the encoder’s hidden states (i.e., attention outputs) as

encoder features to the decoder. The decoder is then trained to forecast the next

input sequence given the current input sequence, in order to give our model more

predictive power. Finally, the RUL prediction network (a fully connected neural

network) takes dual-latent feature representation via integrating both the encoder

and decoder’s hidden states/features for RUL prediction. The predictor maps from

the feature dimension space to a single value, i.e., predicted RUL.
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Note that our ATS2S method jointly optimizes the RUL prediction loss, which is

the difference between the predicted RUL label and ground-truth label, as well as

the reconstruction loss, which is the difference between the predicted and actual

sequence. Next, we will introduce each of the three components of ATS2S in detail.

3.1.2 LSTM Based Encoder

In order to model the input dynamics of sensor signals, we employ the LSTM model

as our backbone architecture in the sequence-to-sequence model. Given an input

sample X = (x1,x2, . . . ,xT ) ∈ Rn×T , xt ∈ Rn is n-dimensional input vector at

each time step t (1 ≤ t ≤ T ) from n sensors. At each time step t, LSTM takes the

input vector xt and previous hidden state ht−1 to produce current hidden state ht,

current long term memory cell ct and output ot, as shown in Fig.3.2. The following

equations demonstrate the detailed process in the LSTM cell.

it = σ(Wixt + Uiht−1 + bi), (3.1)

ft = σ(Wfxt + Ufht−1 + bf ), (3.2)

ot = σ(Woxt + Uoht−1 + bo), (3.3)

gt = δ(Wgxt + Ught−1 + bg), (3.4)

ct = ot ⊙ ct−1 + it ⊙ gt, (3.5)

ht = ft ⊙ δ(ct), (3.6)

where σ is nonlinear sigmoid function, ⊙ is an element-wise multiplication operator,

W∗ ∈ Rn×p (i.e., Wi, Wf , Wo and Wg) are the model parameters that map from

input dimension n to hidden dimension p, U∗ ∈ Rp×p map from the previous hidden

state to the current hidden state, and b∗ ∈ Rp are bias vectors. It is worth noting

that the parameters are shared across all the time steps.

The Encoder model fenc takes the input sequence (x1,x2, . . . ,xT ) and produces a

sequence of hidden states (h1,h2, . . . ,hT ) and a sequence of cell states (c1, c2, . . . , cT )

in Equation (3.7).

[(h1, . . . ,hT ), (c1, . . . , cT )] = fenc(x1,x2, . . . ,xT ;θenc), (3.7)

where θenc = [Wenc,Uenc,benc] are the parameters of the Encoder model.
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Figure 3.2: Structure of LSTM cell

3.1.3 Decoding

The main idea of attention is inspired by human visual systems where humans can

focus on the relevant part of a scene and ignore irrelevant parts. Similarly, we

design an attention mechanism in our sequence-to-sequence model for the whole

sequence of hidden states. In particular, we focus on all the important hidden

states of the encoder for decoding, while the standard sequence-to-sequence model

relies solely on the last hidden state and thus loses valuable information.

3.1.3.1 Calculation of attention weights

For the decoding process, we employ the hidden states from both the encoder and

decoder to produce the attention weights. Note that each decoding time step will

have different attention weights. For instance, in the decoding time step i, the

attention weights ai = [ai1, ai2, . . . , aiT ] can be calculated by the attention module

fattn( · ), which can be expressed as

ai = fattn(si−1,H), (3.8)

where H = [h1,h2, . . . ,hT ] ∈ Rp×T represents the encoder hidden states, and

si−1 ∈ Rp is the previous decoder hidden state which is initialized by the last

encoder hidden state at the very beginning of the decoding process. Here, p is the
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dimension of each hidden state and T is the total number of time steps for one

sample. Fig. 3.3 shows the detailed structure of the attention module fattn( · ).

Specifically, the decoder hidden state si−1 will be concatenated with each encoder

hidden state and then passed through a fully connected layer FC : R2p → R. The

outputs of the fully connected layer will be fed into a softmax layer which produces

the final attention weights ai.

Encoder hidden states 

FC FC FC FC

Softmax

Attention Weights 

Figure 3.3: The detailed structure of the attention module.

3.1.3.2 Attention based decoding

For each time step i in the decoding process, we employ the attention weights ai

and the encoder hidden states H to calculate the context vector zi as follows:

zi =
T∑
j=1

aijhj, (3.9)

where Z = [zi, zi+1, . . . ,zi+T−1] is a collection of context vectors for all the time

steps. For the i-th time step, the context vector zi will be concatenated with the
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current input ŷi which is the prediction of the previous step. Then, the concate-

nated vector and the previous hidden state si−1 will be passed through the decoder

cell, which can be formalized as:

si = fdec((ŷi, zi, si−1);θdec). (3.10)

where θdec represents the parameters of the decoder network. Then, we map from

si to the next step of the target ŷi+1 in Equation (3.11):

ŷi+1 = fFC(si;θFC), (3.11)

where fFC is a fully connected layer that maps from the hidden dimension to

the output dimension, and θFC represents the parameters of the fully connected

network. It is worth noting that we pass the output of the last time step as the next

input. Hence, the decoder is trained to predict the future step given the current

input which can be valuable for the RUL prediction.

3.1.4 RUL Predictor

The objective of the RUL predictor is to accurately predict the corresponding RUL

value for each input sequence (sensor signals). We first integrate the last hidden

state of the decoder with the encoder’s hidden features, as a comprehensive dual-

latent feature representation, and then design a function that maps the dual-latent

feature representation to a single RUL value. We denote the RUL predictor as

fpred : RD → R in Equation (3.12), where D is the dimension of dual-latent feature

representation.

R̂UL = fpred((hT , sT );θpred), (3.12)

where R̂UL ∈ R is the predicted label, hT and sT are the features of encoder and

decoder respectively. Fig. 3.4 shows the diagram of the RUL predictor, which is a

multi-layer feed-forward network followed by a non-linear activation function (i.e.,

ReLU).



44 3.1. Attention Based sequence to sequence model with Auxiliary Task

Fully Connected 

ReLU
Dropout

Fully Connected 

ReLU
Dropout

Fully
Connected 

���ˆ

Encoder
Features

Decoder
Features

Figure 3.4: The architecture of RUL predictor network

3.1.5 Multi-objective Optimization

3.1.5.1 Reconstruction Loss

In our ATS2S, we aim to forecast the next input sequence given the current in-

put sequence so that our model has predictive power. Fig. 3.5 shows the de-

tailed process of the forecasting-based reconstruction loss. Given a predicted

sequence by the decoder Ŷi = (ŷ1, ŷ2, · · · , ŷT ) ∈ Rn×T , and a target sequence

Yi = (y1,y2, · · · ,yT ) ∈ Rn×T where yt = xt+1 ∈ Rn, T is the length of the

sequence, and n is the number of sensors. We define the reconstruction loss as

the mean square error between the target output and predicted output. Equation

(3.13) shows the formulation of the reconstruction loss.

Lrec(θ) =
1

N

N∑
i=1

||Ŷi −Yi||22, (3.13)

where θ is the model parameters, and N is the total number of samples.

3.1.5.2 RUL Prediction Loss

The RUL prediction loss is defined as the mean square error between the true RUL

label and the predicted RUL label for each input sequence. The RUL loss can be
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Figure 3.5: Details of the forecasting-based reconstruction task

defined as follows:

Lrul(θ) =
1

N

N∑
i=1

(R̂ULi −RULi)
2 (3.14)

where R̂ULi is the predicted label and RULi is the true label.

3.1.5.3 Joint Loss

The proposed model aims to optimize both reconstruction and prediction losses

concurrently. We argue that jointly optimizing both losses can not only provide a

good and rich latent representation but also improve the accuracy of RUL predic-

tion. The joint loss can be formulated as follows

L(θ) = αLrec(θ) + Lrul(θ), (3.15)

where α is a tunable parameter to control the contribution of the reconstruction

loss. It can control the contribution from reconstruction loss while maintaining the

prediction loss (the major loss for RUL prediction).
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3.2 Experiments and Results

3.2.1 Experimental Data

Figure 3.6: Diagram of the engines in C-MAPSS data [1].

We evaluate our proposed ATS2S method on C-MAPSS (Commercial Modular

Aero-Propulsion System Simulation) data [1]. C-MAPSS data describes the degra-

dation process of aircraft engines as shown in Fig. 3.6. It consists of four benchmark

datasets with different numbers of training/testing engines, operating conditions,

and fault types. The details about these four datasets are summarized in Table 3.1.

Table 3.1: Properties of C-MAPSS Dataset

Dataset FD001 FD002 FD003 FD004

# Training engines 100 260 100 249

# Testing engines 100 259 100 248

# Operating conditions 1 6 1 6

# Fault types 1 1 2 2

3.2.1.1 Sensor Data Selection

Twenty-one sensors are deployed in different locations of the engine to measure

temperature, pressure, and speed. To select the most informative sensors, we

visualize the sensor readings of randomly selected engines. Fig. 3.7 and Fig. 3.8

show the sensor readings from FD001 and FD002 subsets respectively. Clearly,

some sensors are almost constant during the whole degradation, which can hinder

the model from correctly modeling the deterioration process. While the informative
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sensors are those sensors that can show a clear degradation trend from run to

failure. Therefore, 14 sensors, namely sensors S2, S3, S4, S7, S8, S9, S11, S12, S13,

S14, S15, S17, S20, and S21, are used for RUL prediction. We used the same set

of sensors for the FD003 data set as it follows the same degradation patterns as

FD001. A similar procedure has been done for FD002 and FD004. Eventually, we

adopt 9 sensors [100], namely sensors 3, 4, 9, 11, 14, 15, 17, 20, and 21 for RUL

prediction on FD002 and FD004.
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Figure 3.7: The readings of 21 sensors for a randomly selected engine in the
FD001 dataset

3.2.1.2 Data Segmentation and Processing

We follow the sliding window method [129, 130] for data segmentation. Fig. 3.9

shows the process of data segmentation with a sliding window, where W is the

window size, n is the number of sensors, and s is the shifting size. Given that the

total number of cycles is T , the RULs for the first and second windows/samples

are thus T −W and T −W − s, respectively. In our experiments, W and s are set

to be 30 and 1, respectively.
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Figure 3.8: The readings of 21 sensors for a randomly selected engine in the
FD002 dataset

Moreover, we adopt the piece-wise linear degradation model [100] for the RUL

labels. In case a sample has an RUL value greater than a pre-defined threshold,

we reset the RUL value as the threshold for this sample. In particular, we follow

the previous studies [100] and set the threshold as 125 for FD001/FD003 and 130

for FD002/FD004.

Figure 3.9: Data segmentation using the sliding window for RUL prediction
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3.2.1.3 Data Normalization

The prognostic problem of real systems involves different types of sensors and

different operating conditions. Directly feeding the raw sensor readings with high

variance to the machine learning models may hinder the learning process and affect

the model performance. To remedy this issue, we use min-max normalization for

each sensor to restrict the values within [0, 1]. For datasets with multiple working

conditions, we normalize the sensor readings with respect to their corresponding

working condition. In particular, we first group the sensors by their corresponding

working conditions, then we apply normalization to each cluster independently.

To formulate the scaling function, let a vector Qrm contain all the data points

of the r-th sensor under m-th working conditions. The normalized vector Q̂rm is

calculated as follows:

Q̂rm =
Qrm −min(Qrm)

max(Qrm)−min(Qrm)
. (3.16)

3.2.2 Experimental Settings and Evaluation Metrics

3.2.2.1 Experimental Settings

Our architecture is composed of three main parts, namely, the encoder network,

decoder network, and RUL predictor network. Both encoder and decoder net-

works rely on the LSTM model. To reconstruct the next input sample, the decoder

network is followed by a single layer fully connected (FC) network to map from

the hidden dimension to the output dimension. The attention mechanism is im-

plemented by two FC networks, i.e., one network computes the attention weights

with a dimension of n × 30, while the other network generates a weighted sum

of the encoder hidden states using attention weights. Finally, the RUL predictor

network consists of three FC layers, and each layer is followed by a rectified lin-

ear unit (ReLU) to increase complexity. Adam optimizer is used to optimize the

overall model with a learning rate of 3e − 4. Moreover, a dropout regularization

algorithm is employed to relieve the over-fitting problem. Table 3.2 summarizes

all the hyper-parameters in our ATS2S model. All the experiments have been

conducted using PyTorch 1.7 on NVIDIA GeForce RTX 2080 Ti GPU.
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Table 3.2: Hyper-parameters of the proposed approach

Hyper-parameters Range

Batch size {10}

Learning rate {0.0003}

Training epochs {10, 20}

Dropout rate {0.2, 0.5}

Sequence length {30}

α {1}

Number of layers (Encoder and Decoder) {1}

Number of hidden units (Encoder and Decoder) {18, 32}

Number of layers (Attention Model) {2}

Number of hidden units (Attention Model) L1{30}, L2{9, 14}

Number of layers (RUL predictor) {2, 3}

Number of hidden units (RUL predictor) L1{18,32}, L2{18,1}, L3{1}

3.2.2.2 Performance Metrics

We employ two standard metrics, namely, root mean square error (RMSE) and the

Score, to evaluate the performance of various methods for RUL prediction. RMSE

is defined following Equation:

RMSE =

√√√√ 1

N

N∑
i=1

(R̂ULi −RULi)2 (3.17)

where R̂ULi and RULi are the predicted RUL and true RUL respectively, and N

is the total number of samples. For machine prognosis and RUL prediction, late

prediction of RUL (e.g., the predicted RUL is longer than the actual RUL) can

lead to catastrophic consequences compared to early prediction. However, RMSE

is not able to distinguish between early and late predictions. Hence, it requires

an asymmetric evaluation function to give a larger penalty for overestimation. To

address this issue, a score metric has been developed, which was firstly proposed

by the PHM community during the 2008 PHM data challenge competition [1].

Recently, much-related research has adopted the scoring metric to evaluate the
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performance of a model on the RUL prediction task [100], [130]. The scoring

metric can be formalized as follows:

Score =


∑N

i=1(e
− errori

13 − 1), if (errori ≤ 0)

∑N
i=1(e

errori
10 − 1), if (errori > 0)

(3.18)

where errori = (R̂ULi − RULi) is the difference between the predicted value (i.e.

R̂ULi) and the true value (i.e. RULi.)

3.2.3 Comparison Against State-of-the-arts

Table 3.3: Comparison among various methods in terms of RMSE and Score

Category RMSE Score

Method FD001 FD002 FD003 FD004 FD001 FD002 FD003 FD004

Traditional ML
SVM [129, 130] 40.72 52.99 46.32 59.96 7703 316483 22542 141122
RF [129] 17.91 29.59 20.27 31.12 480 70457 711 46568
GB [129, 130] 15.67 29.09 16.84 29.01 474 87280 577 17818

CNN methods
2D CNN [129] 18.45 30.29 19.82 29.16 1287 13570 1596 7886
1D CNN [120] 12.61 22.36 12.64 23.31 274 10412 284 12466

LSTM methods
D-LSTM [99] 16.14 24.49 16.81 28.17 338 4450 852 5550
LSTMBS [116] 14.89 26.86 15.11 27.11 481 7982 493 5200
BLSTM [100] N/A 25.11 N/A 26.61 N/A 4793 N/A 4971

Ensemble methods MODBNE [130] 15.04 25.05 12.51 28.66 334 5585 422 6558

Encoder-decoder methods BiLSTM-ED [107] 14.74 22.07 17.48 23.49 273 3099 574 3202

Hybrid CNN-LSTM methods
CNN-LSTM [131] 14.4 27.23 14.32 26.69 290 9869 316 6594
BLCNN [132] 13.18 19.09 16.76 20.97 302 1558 381 3859
HDNN [102] 13.02 15.24 12.22 18.16 245 1282 288 1527

Proposed ATS2S 12.63 14.65 11.44 16.66 243 876 263 1074

IMP -0.15% 3.87% 6.4% 8.3% 0.82% 31.6% 8.7% 29.7%

In this section, to comprehensively evaluate our proposed ATS2S method, we com-

pare it against 13 state-of-the-art methods, which can be classified into 6 categories

as follows.

• Traditional machine learning (ML) methods. Three shallow models are em-

ployed in the comparison, including support vector machine (SVM) [130],

random forest (RF) [130], and gradient boosting (GB) [130].

• CNN-based methods. A 2D CNN network was used in [129] to predict

the RUL for turbofan engines, while Li et. al, used 1D CNN with multiple

channels for RUL prediction [120].
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• LSTM-based methods. A standard LSTM network [99] and a bi-directional

LSTM [100] were developed for RUL prediction. In [116], LSTM is augmented

with a bootstrap algorithm to predict the RUL values.

• Ensemble methods. A deep belief network (DBN) is used together with

ensemble techniques for the RUL prediction task [130].

• Hybrid CNN-LSTM-based methods. A combination of CNN and LSTM mod-

els has been used for RUL prediction. CNN and LSTM can be cascaded in a

sequential manner, e.g., CNN-LSTM [131] put CNN in the first stage, while

BLCNN [132] reversed the order. In addition, HDNN [102] combined both

the features from CNN and LSTM to generate the final predictions.

• Encoder-decoder-based methods. BiLSTM-ED [107] first extracts the health

index and then estimates the health index curves using a linear regression

model. Finally, it uses curve-similarity matching to estimate the RUL.

Table 3.3 shows the comparison among the above methods for RUL prediction.

Note that the highest score in each column is in bold, while the second-best score

is underlined. We have used the same datasets and experimental settings of the

compared approaches to ensure a fair comparison. Hence, in Table 3.3, we have

directly reported their published results.

We can observe that our proposed ATS2S outperforms all the other methods con-

sistently, except that it achieves a comparable RMSE with 1D CNN [120] on the

FD001 dataset. In particular, our ATS2S achieves significant improvement over

the state-of-the-art on FD002 and FD004, which are two complex datasets with

multiple working conditions and thus indicate more practical scenarios. For ex-

ample, ATS2S is able to achieve improvements over the second-best performer on

FD004 by 8.3% and 29.7% in terms of RMSE and Score, respectively. Such im-

provements on FD002 and FD004 demonstrate that ATS2S has clear advantages

over the competing methods to handle complex datasets. In addition, compared

with the RMSE metric, our ATS2S achieves even better improvements in terms of

the Score metric, indicating that we can better address the issue of late predictions.

To further evaluate the complexity of our proposed model, we have compared

it with some state-of-the-art methods for RUL prediction, i.e., BLSTM, HDNN,
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BLCNN, BiLSTM-ED, and D-LSTM, in terms of the number of model parame-

ters. The results are shown in Table3.4. It can be clearly seen that our model

requires fewer parameters, which indicates its efficiency. In a nutshell, our ATS2S

outperforms existing state-of-the-art for RUL prediction in terms of RMSE and

Score without requiring an additional computational burden.

To further show the efficacy of our proposed approach, we have visualized the

predicted RUL against the true RUL for test engines among four different datasets,

as shown in Fig.3.10 It is worth noting that we have sorted the RUL values of the

test engines in descending order for clearer visualization. It can be clearly seen

that our predicted RUL values are well aligned with the true RUL values for all

four datasets.

Figure 3.10: Comparison between predicted RULs of the proposed model and
the actual RULs. Each point represents a test engine and its corresponding RUL.
The test engines are sorted in descending order based on their RUL values.

Table 3.4: Comparison of the number of parameters between the proposed
method and some state-of-the-art methods.

Model ATS2S BLSTM HDNN BLCNN BiLSTM-ED D-LSTM
Number of model Parameters 13628 29053 54766 16196 345600 14865
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3.2.4 Model Analysis

3.2.4.1 Ablation Study

In this section, we disentangle the contribution of each part of the ATS2S model. In

addition to the ATS2S model, we further derive three variants: (1) Basic sequence

to sequence model without reconstruction or attention, (2) Basic model with recon-

struction, (3) Basic model with attention. Fig. 3.11 shows the comparison between

these 3 variants and the proposed ATS2S model. Based on the comparison shown

in Fig. 3.11, we can further draw two conclusions.
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Figure 3.11: Ablation study for the proposed ATS2S method

First, our proposed ATS2S model with both attention mechanism and reconstruc-

tion architecture achieves the best performance over 4 datasets in terms of both

metrics, showing that it is indeed more effective for RUL prediction than the ba-

sic sequence-to-sequence model. This demonstrates that learning from the most

relevant information from long signals by attention mechanism, not just focusing

on the latest information, as well as enabling predictive power and capturing tem-

poral dependencies by reconstruction architecture, are critical for improving RUL

prediction.

Second, the model with attention mechanism outperforms the model with recon-

struction architecture, indicating that the attention mechanism has a larger impact

than the reconstruction task in our ATS2S model. Without the attention mech-

anism, we squash the whole input sequence into a single hidden vector (i.e., the

last hidden state of the encoder). Instead, the attention mechanism can consider
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all the hidden states with different weights and help to learn better comprehen-

sive dual-latent feature representation from both the encoder and decoder for RUL

prediction.
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Figure 3.12: Study of feature importance of the proposed method

3.2.4.2 Feature Importance Analysis

As shown in Fig.3.4, we use the dual-latent feature representation to integrate

features from both the encoder and decoder for RUL prediction. To study the

importance of the features used in our ATS2S, we conduct experiments using three

different feature sets, namely, encoder features (i.e., encoder hidden states), decoder

features, and integrated features, i.e., encoder-decoder features (dual-latent feature

representation). Fig. 3.12 shows the detailed model performance with three differ-

ent feature sets. We can observe that dual-latent feature representation achieves

the best performance overall in four data subsets consistently, indicating the im-

portance of a comprehensive representation with rich semantics from both encoder

and decoder features.

3.2.4.3 Sensitivity Analysis

As shown in Equation (3.15), the parameter α controls the contribution of re-

construction loss in the final joint loss. In this section, we perform the sensitivity
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analysis for this parameter α. Fig. 3.13 shows the performance of the ATS2S model

across four datasets with different values for α. Overall, it can be clearly observed

that equal contribution from both reconstruction and prediction loss (i.e., α = 1)

achieves the best performance, demonstrating that both of them are critical for

accurate RUL predictions.

Figure 3.13: Sensitivity analysis of reconstruction weight

3.2.4.4 Attention weights

To demonstrate our model’s capability of capturing long-term dependencies, we

have visualized the attention weights among different time steps. Fig. 3.14 shows

the attention weights of a randomly selected sample at one decoding time step.

It can be found that the model pays more attention to previous time steps. This

indicates that the attention mechanism helps the model to capture the long-term

dependencies of the data.
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Figure 3.14: Illustration of attention weights for a randomly selected sample.

3.3 Summary

In this work, we presented a novel attention-based sequence-to-sequence model

ATS2S to accurately predict equipment RUL. In particular, we designed a novel

framework that learns to reconstruct the next sequence and predict the RUL labels

concurrently. In addition, we showed that our attention mechanism can better cap-

ture all the relevant historical information from long sensor sequences compared

to the standard LSTM approach that focuses only on the latest information only.

Finally, our dual-latent feature representation which integrates both the encoder

and decoder features is very effective for RUL prediction. Our extensive exper-

imental results demonstrate that our proposed ATS2S significantly outperforms

13 state-of-the-art for RUL predictions across 4 benchmark datasets consistently.

One limitation of the work in this chapter is the assumption that a large amount of

labeled data are always available. This assumption may not be feasible for many

real applications. As annotating time series data can be very labor intensive even

for experts. Therefore, the next chapter will be addressing the lack of labeled data

under variable working conditions.





Chapter 4

Contrastive Adversarial Domain

Adaptation for Machine

Remaining Useful Life Prediction

The development of ATS2S has paved a way for deep learning models to accurately

estimate the remaining useful life of machines. Nevertheless, ATS2S only works

well under two main assumptions: (1) training and testing data are collected un-

der the same operating condition; (2) rich-labeled data are available for the RUL

prediction task. These assumptions can be impractical for many real-world ap-

plications for the following reasons. First, the collection of labeled data (failures)

is expensive. For some complex and critical machines, running to failure can be

costly and cause catastrophic consequences [133, 134]. Second, the labeled data

may only be available under a specific working condition, which can be leveraged to

build a model for RUL prediction. However, when the working condition changes,

the previously trained model often cannot work well, due to the distinct data dis-

tributions for different working conditions [67, 133, 135]. With the aforementioned

problems, the RUL prediction for scarce-labeled machines/working conditions can

be very challenging. Therefore, there is an urgent need for a prognostic model

that is able to estimate the RUL of new working conditions with no labeled data

The work in this chapter has been published in 2020 IEEE International Conference on
Prognostics and Health Management (ICPHM), 2020, and in IEEE Transactions on Industrial
Informatics, vol. 17, no. 8, pp. 5239-5249, Aug. 2021, and

59
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available. Domain adaptation (DA) enables knowledge transfer from a rich-labeled

domain to a different but related scarce-labeled domain [67], providing a promis-

ing solution for this problem. Most of the existing DA algorithms are designed

for image-related tasks [136]. Recently, some approaches extended DA for fault

diagnosis problems (classification problems) to classify faults among different ma-

chines or working conditions [137, 138]. However, less attention has been paid to

domain adaptation for the RUL prediction which is a typical time-series regression

problem.

To mitigate this gap, this chapter presents a novel contrastive adversarial domain

adaptation (CADA) approach for machine RUL prediction across different work-

ing conditions. CADA aims to transfer the knowledge learned from one working

condition to solve the RUL prediction problem in another working condition. Gen-

erally, adversarial adaptation approaches aim to find a feature representation of

the target domain that can be invariant from the source domain. Existing deep

feature extractors with their large complexity can find the arbitrary transformation

of the target domain that can be similar to the source. However, only finding do-

main invariant features does not guarantee good performance on the target domain

[139, 140]. Specifically, forcing target domain features to be similar to source do-

main features with no constraints can remove the target-specific information, i.e.,

the mutual information between the target data and the target extracted features,

which could hinder the model performance. To handle this issue, inspired by noise

contrastive estimation (NCE), we propose a novel approach that leverages the In-

foNCE loss [141] to preserve the structure of the target domain features during the

domain adaptation process. We jointly optimize the target feature extractor to

minimize both the domain adaptation loss and the InfoNCE loss. Specifically, the

domain adaptation loss guides the target feature extractor to produce source-like

features, and the InfoNCE loss preserves the target-specific features by maximiz-

ing the mutual information between the target input data and the target features.

Maximizing the mutual information between the input space and the feature space

can preserve the intrinsic structure of the target data during the domain align-

ment process, which can boost the performance of domain adaptation. We have

performed extensive experiments to verify the performance of the proposed CADA

method on machine RUL prediction across different working conditions.

The main contributions of this chapter are summarized as follows:
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• A novel contrastive domain adaptation approach is proposed for challenging

yet practical machine RUL prediction. This approach successfully transfers

knowledge for RUL prediction from one condition (distribution/domain) to

another.

• A novel solution based on the InfoNCE loss is designed to learn the invariant

representation and preserve the original structure for the target domain. As

such, satisfactory performance for RUL prediction can be achieved.

4.1 Contrastive Adversarial Domain Adaptation

4.1.1 Problem Formulation and Notations

To clearly formulate the problem, we introduce the basic standard notations of

domain adaptation [67]. Let a domain D = {X , P (X)}, where X is the feature

space, X ∈ X , and P (X) is the marginal distribution of data in this feature space.

Given a labeled source domain DS = {XS, PS(X)} and unlabeled target domain

DT = {XT , PT (X)}, the unsupervised domain adaptation problem aims to transfer

knowledge from the labeled source to improve the performance on the unlabeled

target. In our problem, DS and DT are both multivariate time-series data of

aircraft engines under different working/fault conditions. Particularly, we have

labeled data from aircraft engines with a specific working/fault condition, and we

aim to improve the RUL prediction of unlabeled data with different working/fault

conditions. We denote the source domain DS = {X i
S, y

i
S}

nS
i=1, with nS the total

number of samples, where X i
S ∈ RM×K is the input source sample with M sensors

and K time steps, yiS ∈ R is the corresponding RUL label. Similarly, the unlabeled

target domain DT = {Xj
T}

nT
j=1, where Xj

T ∈ RM×K and nT is the number of target

domain samples.

4.1.2 Overview

Domain adaptation for multivariate time-series regression can be a very challenging

task. Therefore, only few works have been presented for RUL estimation problems

across domains [134]. In this paper, we develop a novel contrastive adversarial
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domain adaptation (CADA) approach for machine RUL prediction. Specifically,

the proposed CADA can find domain invariant representations of the target do-

main data while preserving their intrinsic structure which is crucial to achieving

satisfactory performance in the target domain.
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Figure 4.1: The proposed CADA approach is composed of three main stages:
data preparation, contrastive domain alignment, and testing on the unlabeled
target data.

Fig. 4.1 shows the overall framework that presents the detailed steps of the learning

procedure of the CADA model. The first stage involves data preparation for both

source and target domains. In the second stage, the source and target features

are extracted by the source and target encoders respectively. Given the target

features, the target encoder ET is updated to optimize both the adversarial loss

and the InfoNCE loss. In the last stage, the trained target feature extractor and

the trained source RUL predictor are combined to predict the RULs for the target

domain data. We will provide a detailed explanation of each module in the following

subsections.

4.1.3 Supervised Pre-training on the Source Domain

In this section, we will present our approach that models the dynamics of mul-

tivariate time series and automatically extracts salient features. In addition, we
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will provide details about the RUL prediction network that maps from the latest

features to the RUL.

4.1.3.1 Recurrent Multivariate Modeling

Recurrent-based approaches are widely adopted for modeling temporal dependen-

cies of time-series data. But RNNs often suffer from the problem of vanishing gra-

dient with long-term sequences [142]. Alternatively, the LSTM which is a strong

variant of RNN can handle long-term dependencies and tackle the vanishing gra-

dient problem. In this work, we design a very deep bi-directional LSTM network

with 5 successive layers for automatic and representative feature extraction. The

LSTM feature extractor represents the multivariate time series to a single-vector

hidden representation as shown in Fig. 4.2. Specifically, the LSTM network can
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Figure 4.2: Deep BiLSTM feature extractor
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be represented as multiple sequential feed-forward layers. The transition function

between these layers is a key function to model the temporal dependency along

with the data, which can be formulated as follows:

hk, ck = Hcell(xk,hk−1, ck−1) (4.1)

where Hcell receives the current input xk, the previous hidden hk−1, and the previ-

ous memory cell ck−1. A detailed explanation of the process of an LSTM cell can

be found in 3.1.2

4.1.3.2 RUL Prediction Network

Given the extracted features from the LSTM feature extractor fS = ES(XS). The

RUL predictor is a multi-layer network R : Rd → R that maps the latent features

into the corresponding RUL value. The RUL predictor R and the feature extractor

ES are trained in an end-to-end manner using the mean square error loss between

the predicted RULs and the true RULs, which can be formalized as follows:

Lmse =
1

nS

nS∑
i=1

(ŷ
(i)
S − y

(i)
S )2 (4.2)

where ŷS = R(ES(XS) is the predicted RUL label, yS is the ground-truth RUL

values, and nS is the number of source samples.

4.1.4 Contrastive Adversarial Domain Alignment

The contrastive adversarial adaption module consists of a domain discriminator

D and the InfoNCE module as shown in Fig. 4.3. Firstly, the weights of the

trained source feature extractor are adopted to initialize the target feature ex-

tractor. The output features from both the source and target domains are fed

into an adversarial discriminator network to minimize the discrepancy. Concur-

rently, the target features are fed into the InfoNCE loss module to preserve the

target-specific features during the alignment process. In particular, the InfoNCE

loss maximizes the mutual information between the target domain inputs and the
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Figure 4.3: Proposed CADA Approach

target domain features to preserve task-specific information. Algorithm 1. shows

the formal procedure of our contrastive adversarial domain adaptation approach.

While the domain discriminator encourages the source and target features to be

invariant, the contrastive estimation module preserves the target-specific features

bia maximizing the mutual information between the input space and feature space

of the target data.

4.1.4.1 Adversarial Adaptation Module

Let ES and RS be the source-trained LSTM feature extractor and the RUL predic-

tor respectively. To predict the RUL labels of the unlabeled target domain data,

we can naively initialize our target model (i.e., ET and RT ) with pre-trained source

models. However, due to the large discrepancy among the data from different work-

ing/fault conditions, the model can fail to predict RUL accurately. To tackle this

domain discrepancy problem, we adversarially train the LSTM feature extractor

against a domain discriminator network to minimize the distribution differences

between the source features and the target features. Specifically, the domain dis-

criminator network D is trained to discern between the source and target features.

Concurrently, we train the target feature extractor ET to produce target features

such that the domain discriminator network cannot distinguish them from the



66 4.1. Contrastive Adversarial Domain Adaptation

Algorithm 1: Contrastive Adversarial Domain Adaptation

Input: Source domain: DS = {Xi
S , y

i
S}

nS
i=1

Target domain:DT = {Xi
T }

nT
i=1

Output: Trained target encoder ET
ES ← Trained source encoder
ET ← Initialize with Es parameters
D ← Domain Discriminator
for number of iterations do

1. Sample mini-batch of m source samples XS ∼ PS

2. Sample mini-batch of m target samples XT ∼ PT

3. Extract source features: fS = ES(XS)

4. Extract target features: fT = ET (XT )

5. Feed fS and fT to D

6. Compute adversarial loss Ladv by Eq. 4.3

7. Update D by Ladv

8. Compute InfoNCE loss LInfoNCE based on Algorithm 2

9. Update ET by L = LE + λLInfoNCE

end

source features. The adversarial training between the discriminator network D and

the target ET can be expressed as follows:

min
ET

max
D
Ladv =EXs∼PS

[
logD(ES(XS))

]
+EXT∼PT

[
log(1−D(ET (XT )))

]
. (4.3)

where XS and XT are the sources and target samples respectively. The target

feature extractor ET is updated to minimize Ladv, and the discriminator network

D is adversarially trained to maximize Ladv. Eventually, the trained target feature

extractor ET will be able to extract features fT that have minimum discrepancy

from the source features.

4.1.4.2 Contrastive Estimation Module

Adversarial domain adaptation can successfully find target domain features that are

invariant from the source features. However, it can remove task-specific information
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Algorithm 2: Contrastive Loss

Input: XT = {x1, . . . ,xK}, fT = ET (XT )

Output: Contrastive Loss LInfoNCE

Θk ← Linear layer at timestep k

for K timesteps do

1. qk ← ΘkfT

2. Apply ϕk(xk,q
⊺
k ) as in Eq. 4.5

3. Compute LInfoNCE using Eq. 4.6

end

return LInfoNCE

from the target features to minimize the adversarial loss, which can deteriorate the

performance on the target domain – even with perfect domain alignment. Hence,

it is required to preserve target-specific features during the domain alignment task.

To achieve that, we rely on InfoNCE loss [141] to maximize the mutual information

between the encoded representations of the target domain and the original inputs,

as shown in the Algorithm 2. Given a sample XT ∼ XT , where XT ∈ RM×K , we

apply the target encoder ET on XT to obtain its corresponding feature representa-

tion fT = ET (XT ). To model the mutual information between xk, and fT , following

the previous studies [143], we define a density ratio function ϕk at each time step,

which is formalized as follows.

ϕk(xk; fT ) ∝ p(xk|fT )

p(xk)
(4.4)

By maximizing the mutual between the latent target features fT and the input xk,

we can preserve the common latent variables between the target features fT and

the input xk. To compute ϕk, the latent features fT and the input xk should be

mapped to the same dimension. To achieve that, we use a fully connected network

Θ : Rd → RM that maps feature dimension d to input dimension M . Thereafter,

the density ratio ϕk is estimated by a dot product between the transformed features

qk = Θk(fT ) and the original input xk, which can be compactly represented as

follows:

ϕk(xk, fT ) = x⊺
kqk (4.5)
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where Θk = {θ1, ..., θM} are the weights of a fully connected layer at time step k.

Note that Θk is different among the time steps. To maximize the density ratio
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Computation of InfoNCE loss at time step k=1
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Negative Pairs

Figure 4.4: Computation of InfoNCE loss at time step k=1

function, we jointly optimize the target feature extractor ET and the fully connected

layers Θ using the contrastive estimation loss. The InfoNCE loss maximizes the

mutual information by contrasting the positive and negative samples. Fig. 4.4

illustrates the positive and negative samples for time step k = 1. The overall

InfoNCE loss can be formulated as

min
ET ,Θ
LInfoNCE = − E

XT

[
log

eϕk(xk,fT )∑
xj∈XT

eϕk(xj ,fT )

]
(4.6)

The optimal probability of the NCE loss p(d = k|XT , fT ) can be formulated as:

p (d = k|XT , fT ) =
p (xk|fT )

∏
l ̸=k p (xl)∑K

j=1 p (xj|fT )
∏

l ̸=j p (xl)
(4.7)

=

p(xk| fT )
p(xk)∑K

j=1
p(xj | fT )

p(xj)

(4.8)

By substituting Eq. 4.6 into the above equations, we can formalize the mutual

information in terms of the InfoNCE loss LInfoNCE, detailed derivation can be found

in [143]. The resulting formula can be written as:

I(xk, fT ) = log(K)− LInfoNCE (4.9)
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where I( · ) represents the mutual information between xk and fT . Clearly, minimiz-

ing InfoNCE loss maximizes the lower bound of I(xk, fT ), which in turn maximizes

the mutual information.

4.1.4.3 Overall Loss Function

In this chapter, the adversarial adaptation loss and contrastive estimation loss are

jointly optimized in an end-to-end manner. The total domain alignment loss can

be summarized as follows:

min
ET ,Θ

max
D

V (D,ET ,Θ)

= Ladv + λLInfoNCE

= EXS∼pS [logD (fS)] +

EXT∼pT

[
log (1−D (fT ))− λ log

eϕk (xk, fT )∑
xj∈XT

eϕk(xj ,fT )

]
(4.10)

where Ladv is the adversarial loss, LNCE is the contrastive estimation loss, and λ is

a weight parameter that controls the proportion of the learning domain invariant

features and preserving task-specific information.

4.2 Experiments and Results

To evaluate the performance of our approach, the C-MAPSS [1] benchmark dataset

has been employed. The C-MAPSS dataset is mainly composed of four different

subsets, namely FD001, FD002, FD003, and FD004, which differ in terms of work-

ing conditions, fault modes, and life spans. Further details about the C-MAPSS

dataset and its preprocessing techniques can be found in Chapter 3. In the cross-

domain problem, labeled data from the source working condition and unlabeled

data from the target working condition are used for the model training. Consider

the scenario of FD001→FD002 as an example, we intend to transfer the knowl-

edge from the labeled samples in FD001 to the unlabeled target samples in FD002.

Thus, to ensure the same feature space during the knowledge transfer, we only

select the common sensors among source and target domains that are the most

informative. In our experiments, we selected the following sensors: S2, S3, S4,
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S7, S8, S9, S11, S12, S13, S14, S15, S17, S20, and S21. A detailed explanation of

sensor selection criteria can be found in Subsection 3.2.1.1.

4.2.1 Experimental Settings

The CADA approach consists of five main models: Source feature extractor (ES),

target feature extractor (ET ), RUL predictor (R), domain discriminator (D), and

InfoNCE module. The detailed structure of each model has been shown in Fig. 4.3.

Specifically, the source and target feature extractors are deep BiLSTM networks

with 5 layers, where each layer has 32 neurons. The Discriminator is composed

of three fully connected (FC) layers with 64, 32, and 1 hidden neuron. The RUL

predictor also consists of three FC layers, i.e., hidden layer 1 with 32 neurons,

hidden layer 2 with 16 neurons, and an output layer with a single neuron. Each layer

is followed by a nonlinear activation function called rectified linear unit (ReLU)

and the dropout regularization technique to relieve the over-fitting problem. The

detailed architecture of the RUL predictor is shown in Fig. 4.5. All experiments

have been conducted using PyTorch 1.7 on NVIDIA GeForce RTX 2080 Ti GPU.
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Figure 4.5: Detailed architecture of the RUL predictor network.

To train the CADA model, a mini-batch training with a batch size of 256 is adopted.

To reduce overfitting, dropout regularization is also used across the whole structure

and the dropout ratio is set to 0.5. Adam optimizer has been used to minimize the

joint loss with a learning rate of 0.5e-4 for the feature extractor and the domain
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discriminator. As the InfoNCE module is trained from scratch during the alignment

process, a larger learning rate of 1e-2 is leveraged. The training epochs range from

20 to 150 epochs. The weight of the InfoNCE loss λ can vary across different cross-

domain scenarios and later its effect on the prediction performance will be shown

through a sensitivity analysis.

To quantify the performance of models, two evaluation metrics have been adopted,

i.e., root mean square error (RMSE) and score metric, as in [100, 134]. The RMSE

metric is defined as follows:

RMSE =

√√√√ 1

N

N∑
i=1

(ŷi − yi), (4.11)

where ŷi and yi represent the predicted RUL and ground-truth RUL respectively.

The RMSE metric treats the early and late RUL predictions equally. For prognostic

applications, late RUL prediction can be more harmful to the systems. To handle

this issue, the scoring metric is used to impose a bitter penalty for late RUL

predictions. It can be formalized as follows:

Score =

{
1
N

∑N
i=1(e

ŷi−yi
13

−1), if (ŷi < yi)
1
N

∑N
i=1(e

ŷi−yi
10

−1), if (ŷi > yi)
(4.12)

4.2.2 Comparison with State-of-the-art Methods

To evaluate our approach in cross-domain scenarios, we train the model using a

labeled source domain (e.g, FD001) and evaluate it on an unlabeled target domain

(e.g., FD002, FD003, or FD004). As we have 4 sub-datasets (i.e., domains), we

thus have 12 cross-domain scenarios. In this paper, we implement five state-of-the-

art approaches as follows. In addition, we report the average performance (i.e.,

RMSE and Score) over 5 consecutive runs with different random seeds.

• Correlation alignment (CORAL)[144]: CORAL minimizes the covariance

shift between the source and target features to align the distribution.
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Table 4.1: Comparison of the proposed method against state-of-the-art ap-
proaches

Metric RMSE

Method CORAL [144] WDGRL [145] DDC [146] ADDA [147] RULDDA [134] CADA

FD001→FD002 22.85 21.46 44.05 31.26 24.08 19.52

FD001→FD003 44.21 71.7 39.62 57.09 43.08 39.58

FD001→FD004 50.03 57.24 44.35 56.66 45.7 31.23

FD002→FD001 24.43 15.24 46.96 19.73 23.91 13.88

FD002→FD003 42.66 41.45 39.87 37.22 47.26 33.53

FD002→FD004 52.12 37.62 43.99 37.64 45.17 33.71

FD003→FD001 40.33 36.05 39.95 40.41 27.15 19.54

FD003→FD002 56.67 40.11 44.07 42.53 30.42 19.33

FD003→FD004 38.16 29.98 47.46 31.88 31.82 20.61

FD004→FD001 51.44 42.01 41.55 37.81 32.37 20.10

FD004→FD002 31.61 35.88 43.99 36.67 27.54 18.5

FD004→FD003 30.44 18.18 44.47 23.59 23.31 14.49

Metric Score

FD001→FD002 2798 33160 5958 4865 2684 2122

FD001→FD003 56991 15936 288061 32472 10259 8415

FD001→FD004 52053 86139 156224 68859 26981 11577

FD002→FD001 3590 157672 640 689 2430 351

FD002→FD003 23071 19053 62823 11029 12756 5213

FD002→FD004 62852 52372 44872 16856 25738 15106

FD003→FD001 4581 18307 25826 32451 2931 1451

FD003→FD002 73026 32112 1012978 459911 6754 5257

FD003→FD004 11407 296061 275665 82520 5775 3219

FD004→FD001 154842 45394 162100 43794 13377 1840

FD004→FD002 38095 38221 179243 23822 4937 4460

FD004→FD003 6919 77977 1623 1117 1679 682

• Deep domain confusion (DDC)[146]: DDC employs a distance metric called

MMD to confuse the source and target features.

• Wasserstein distance guided representation learning (WDGRL)[145]: WD-

GRL employs a neural network to measure the empirical Wasserstein dis-

tance while utilizing the feature extractor network to minimize this distance

between the source and target domain.

• Adversarial discriminative domain adaption (ADDA)[147]: ADDA uses a

typical GAN loss to find target domain features that can be similar to the

source features.
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• Deep domain adaptation (DDARUL)[134]: In DDARUL, an LSTM feature

extractor is trained to confuse the source and target domains, while a domain

classifier network is trained to classify between the source and target features.

Table 4.1 shows the experimental results. the CADA outperforms all the com-

peting approaches across the 12 cross-domain scenarios in terms of both RMSE

and Score. In addition, we observe that knowledge transfer between simple and

complex datasets is challenging due to the large domain shift, yet our CADA can

successfully align the two distant domains. For example, FD001 and FD004 are the

simplest and most complex data subsets respectively. As shown in Table4.1, simply

forcing the features to be similar among these two datasets can significantly harm

the performance. Overall, we achieve significant improvement over the second-best

approach (underlined) in each scenario with an average of more than 21% and

38% for RMSE and Score respectively. Our domain adaptation strategy can pre-

serve task-specific information, leading to the superior performance of our proposed

CADA.

4.2.3 Model Ablation Study

Here, we perform our ablation study to verify the contribution of individual compo-

nents in our CADA approach. We derive two variants of CADA, namely, “Source-

Only” and “w/o InfoNCE”. In particular, “Source-Only” refers to the non-adapted

version of our model, whereas the “w/o InfoNCE” is our adversarial adaptation

approach without using the contrastive estimation loss.

Table 4.2 shows the comparison between the CADA and its two variants. We

observe that the “Source-Only” has the worst performance, indicating the big gap

between the source and target domain data distributions. The proposed CADA

method outperforms the one without the InfoNCE loss in most cases, which signifies

the effectiveness of the InfoNCE loss on domain adaptation based RUL prediction.
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Table 4.2: Ablation study of the proposed approach

Metric RMSE Score

Method Source-Only w/o InfoNCE CADA Source-Only w/o InfoNCE CADA

FD001→FD002 20.62 20.48 19.52 5448 4600 2122

FD001→FD003 55.09 39.33 39.58 31062 11866 8415

FD001→FD004 36.81 31.19 31.23 20786 11713 11577

FD002→FD001 15.29 13.82 13.88 543 342 351

FD002→FD003 35.46 33.65 33.53 5339 5350 5213

FD002→FD004 37.66 33.82 33.71 19807 15070 15106

FD003→FD001 39.03 24.66 19.54 5700 6469 1451

FD003→FD002 46.11 24.84 19.33 72405 35036 5257

FD003→FD004 31.44 21.94 20.61 40772 8873 3219

FD004→FD001 37.90 26.34 20.10 99597 14985 1840

FD004→FD002 32.98 28.73 18.50 62345 48726 4460

FD004→FD003 19.47 14.38 14.49 2470 793 682

Table 4.3: The values of λ and the number of LSTM layers for different sce-
narios.

Scenario λ Number of Layers

FD001→FD002 0.2 5

FD001→FD003 0.2 3

FD001→FD004 0.001 5

FD002→FD001 0.001 5

FD002→FD003 0.001 5

FD002→FD004 0.001 5

FD003→FD001 0.5 5

FD003→FD002 0.5 5

FD003→FD004 0.2 3

FD004→FD001 0.2 3

FD004→FD002 0.2 5

FD004→FD003 0.001 1
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4.2.4 Sensitivity Analysis

4.2.4.1 Coefficient of the InfoNCE loss

In this section, we investigate the sensitivity of the proposed CADA with respect

to the coefficient of the InfoNCE loss λ. We have conducted experiments with

λ varying from 0.001 to 1.0 for the 12 cross-domain scenarios. The results are

shown in Fig. 4.6. It can be found that different scenarios may require different λ

to boost the performance. Table 4.3 summarizes the selected λ values for the 12

cross-domain scenarios in experiments.

Figure 4.6: The experimental results with different λ values for 12 cross-domain
scenarios
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Figure 4.7: The experimental results with different numbers of LSTM layers
for 12 cross-domain scenarios

4.2.4.2 The number of LSTM Layers

Another important hyperparameter for the proposed method is the number of

LSTM layers. We have investigated the model performance with different numbers

of LSTM layers, i.e., 1, 3, 5, and 7, in order to find a balance between the model

performance and the training time. Fig.4.7 shows the experimental results. We

can find that the proposed method with 5 layers can achieve the best performance

in most of the scenarios. However, some scenarios require fewer layers to obtain a

better or comparable performance. For example, for the scenario FD004→FD003,

the method with 7 LSTM layers performs the best. However, the performance

of the method with 1 LSTM layer is comparable to the best performance but

much more efficient. In this case, using a single LSTM layer is more reasonable

when considering the balance between the performance and the efficiency of the
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algorithm. Table 4.3 shows the selected number of LSTM layers for each cross-

domain scenario.

4.3 Summary

This chapter presented a novel contrastive adversarial domain adaptation (CADA)

approach to automatically adapt the features between different working conditions

while preserving domain-specific information for machine RUL prediction tasks.

Extensive experiments have been conducted to verify the effectiveness of the CADA

method. The experimental results show that the proposed CADA method signifi-

cantly outperforms all the state-of-the-art. Moreover, the conducted ablation study

demonstrates the effectiveness of the InfoNCE loss when performing domain adap-

tation. One limitation of the work on this chapter is that the current InfoNCE

loss is only applicable to multivariate time-series problems, limiting its extension

to univariate time-series applications. Chapters 3 and 4 have focused on the fault

prognosis task, in the subsequent chapters, we will address the deep learning limi-

tations for the fault diagnosis task under real-world environments.





Part II

Fault Diagnosis Task

Fault diagnosis is the process of detecting, isolating, and identifying

the current degradation of a specific component or machine based on

physical changes. Fault diagnosis can encompass three basic tasks:

• Fault detection: Discover the presence of faults by detecting anomaly

behaviors of the monitored systems.

• Fault isolation: Pinpoint the exact location of faults or identify

failing components or subsystems.

• Fault identification: Determine the degradation level of the ma-

chine component and the fault extent.
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Chapter 5

Self-supervised Autoregressive

Domain Adaptation for Machine

Fault Diagnosis

In the previous chapters, we have addressed robustness and domain shift problems

for the RUL prediction task via developing the ATS2S approach and CADA ap-

proach respectively. In this chapter, we aim to address the variability of working

conditions under the scarcity of labeled data for fault diagnosis tasks. Several at-

tempts have been developed to address the variability of working conditions with

no labeled data available for diagnosis tasks. Several attempts have been made to

address the domain shift problem in data-driven fault diagnosis [68, 74, 83, 148].

One key scheme for domain adaptation is to find domain invariant features that

can be transferable between the source and target domains such that the model

trained on the source domain can generalize well to the target domain. Most of

these approaches aim to find domain invariant features by adversarially training

a feature extractor network to deceive a domain discriminator, inspired by Gen-

erative Adversarial Networks (GANs) [77]. However, the discriminator networks

in such approaches are mainly designed for image applications and are incapable

of regarding the temporal dependency of time series sensory data. Furthermore,

adversarial training schemes are mainly aiming to align the global distributions

The work in this chapter has been accepted for publication in IEEE Transactions on Neural
Networks and Learning Systems, 2022
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Figure 5.1: Illustration of different domain alignment approaches. (A) The
global distributions of the source and target domains are aligned, but the classes
are misclassified between the source and target. (B) In our proposed approach,
both global feature alignment and class-conditional alignment are considered
during the adaptation process to align the domains in the feature and class
levels.

between different domains, disregarding the fine-grained class distribution within

each domain. As a result, classes among different working environments can be mis-

aligned, even with perfect matching of global distributions, leading to sub-optimal

performance, as shown in Fig. 5.1

To address all the aforementioned limitations, we propose a novel SeLf-supervised

AutoRegressive Domain Adaptation (SLARDA) framework to boost the per-

formance of time series UDA. First, unlike existing approaches that utilize self-

supervised learning for unsupervised representation learning [149, 150], we design

a self-supervised pretraining approach to improve the transferability and general-

ization of the learned features in the source domain. With the lack of an ImageNet-

like dataset for time series pretraining, we are the first to propose self-supervised

pretraining as a strong alternative for time series domain adaptation. Second,

to incorporate the temporal dependency of time series data during feature align-

ment, we propose a novel autoregressive domain adaptation approach. Particularly,

an autoregressive domain discriminator is developed to consider the temporal di-

mension when classifying between the source and target features, which helps the

feature extractor to learn better features. Last, to mitigate the class-conditional

shift between the source and target domains, a teacher-based approach with con-

fident pseudo labels is proposed to guide the target model and correctly align the

fine-grained source and target classes.
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Figure 5.2: Overall framework of the proposed SLARDA.

The main contributions of this chapter can be summarized as follows:

• self-supervised pretraining approach is developed for the source domain via a

contrastive predictive loss to improve the representation learning and trans-

ferability of the learned features. To the best of our knowledge, we are the

first to propose self-supervised pretraining for time series domain adaptation.

• To consider the temporal dependency among source and target features dur-

ing domain alignment, an autoregressive domain discriminator is designed.

• An ensemble teacher model confident pseudo labeling is developed to generate

reliable pseudo labels in the target domain for domain alignment, which can

mitigate the class-conditional shift between the source and target domains.
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5.1 Self-supervised Autoregressive Domain Adap-

tation

5.1.1 Problem Formulation

In this chapter, we address the problem of UDA for time series data. Given a

labelled source domain DS = {X i
S,y

i
S}

nS
i=1 with nS samples, and an unlabeled tar-

get domain DT = {Xj
T}

nT
j=1, with nT samples. The source and target domains

are sampled from different distributions PS(X) and PT (X) respectively, where

PS(X) ̸= PT (X). The samples of the source and target domains can be either

uni-variate or multi-variate time series. Formally, we have input source sample

X i
S ∈ RM×K with M channels and K time steps, and its corresponding label

yiS ∈ RC , where C is the number of classes. Our main goal is to design a predic-

tive model that can accurately predict the label yiT of the unlabeled target sample

X i
T ∈ RM×K .

5.1.2 Overview of SLARDA

Fig. 5.2 shows the proposed SLARDA framework, which is composed of three main

components: (1) a self-supervised pretraining module to improve the transferabil-

ity of the learned source features; (2) an autoregressive discriminator model to

explicitly consider the temporal dependency among the source and target features

during domain alignment; (3) a class-conditional alignment module to address the

class-conditional shift and adapt the fine-grained distribution of different categories

for the unlabeled target domain. We will elaborate on each component in more

detail in the following subsections.

5.1.3 Self-supervised Learning for Source Pretraining

Most of the existing UDA approaches initialize the target domain model by a super-

vised pre-trained model on the labeled source domain. We argue that the learned

representation from supervised objectives tends to be more specific towards a sin-

gle domain and may have limited transferability to out-of-distribution domains.
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Autoregressive Model

 Source Encoder

Figure 5.3: Self-supervised learning in the source domain.

Inspired by [149], we propose a novel self-supervised auxiliary task to improve the

transferability of the learned representations in the source domain. Specifically,

given the encoded latent features, we pick a time step t and train the model to

predict the future time steps given the past ones, as shown in Fig. 5.3. Thus,

the model will learn more general features that encompass the shared information

among multiple time steps.

To map the input data into a latent space, we first design a 1D-CNN encoder model.

Then, we leverage an autoregressive model to summarize the latent features into a

context vector. Formally, given the output latent features from the encoder E≤t =

{h0, . . . ,ht}, they are fed into an autoregressive model to obtain the context vector

rt. Subsequently, we pass the context vector to a parameterized fully connected

mapping layer P2Ck to predict the future latent feature zt+k = FCk(rt). To

measure the similarity between ht+k and zt+k, we leverage a dot product similarity

measure between the predicted vector and the true latent future. The similarity

matching function can be formulated as follows:

ϕk(ht+k, zt+k) = exp (h⊺
t+kzt+k), (5.1)

where ϕk is a log bi-linear model. Here, we jointly optimize the encoder model, the

autoregressive model, and the log bi-linear model via the contrastive objective to
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maximize the similarity between the predicted future zt+k and its corresponding

true future latent feature ht+k. While the true latent feature changes during the

training, the predicted vector varies correspondingly to preserve their relationship

and stabilize the training process.

This auxiliary task of predicting the future time steps via self-supervised learning

helps to better model the temporal dependency of the input samples and produce

more transferable features from the source domain. We formulate the problem as a

binary classification problem between positive and negative samples. In our case,

the future latent of the same sample is considered as a positive pair while the future

latent of all other samples in the mini-batch are considered negative pairs. This

can be formalized as follows:

LSL = −E
Hb

[
log

ϕk (ht+k, FCk(rt))∑
hj∈Hb

ϕk (hj , FCk(rt))

]
, (5.2)

where Hb represents a mini-batch of samples.

We design the aforementioned self-supervised loss to optimize the source encoder

ES on the source domain data. Concurrently, we train the encoder model ES to

perform well on the main classification task via cross-entropy loss on the labeled

source domain data, shown as follows:

Lcls = −EXS∼PS
[y⊺
S log(CS(ES(XS)))]. (5.3)

Finally, we jointly train the source encoder ES with the self-supervised task along

with the supervised objective to produce more transferable features as follows:

min
ES

Lcls + LSL. (5.4)

5.1.4 Autoregressive Domain Adaptation

Adversarial domain adaptation has achieved remarkable performance for visual

applications. However, the design of discriminator networks in existing methods

does not consider temporal dependency in the feature space of the time series

data, resulting in a limited performance for domain alignment. To address this

critical issue, we propose an autoregressive domain discriminator to exhibit the
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temporal dynamic behavior of time series data during domain alignment, as shown

in Fig. 5.4.

The autoregressive discriminator DAR consists of two main components. First, an

autoregressive network fAR that encodes the temporal dependencies among both

source and target features into vector representations, shown as follows:

fAR(h0, . . . ,hK) = p(hK | h<K), (5.5)

where p(hK | h<K) is the conditional distribution among different time steps of

the sequential features. Second, a binary classification network fD is applied to

the summarised feature vectors to classify between the source and target features.

Thus, the autoregressive discriminator can be represented as DAR = fD(fAR( · )).

A detailed explanation of the autoregressive discriminator and its architecture are

discussed in Section 5.2.2. To align the source and target domains, we first freeze

the self-supervised pre-trained source model and transfer its weights to the tar-

get model. Then, we adversarially train the autoregressive domain discriminator

against the target model to produce domain-invariant features. The autoregressive

discriminator is optimized to discern between the source and target features, which

can be formalized as:

min
DAR

LD =− EXS∼PS

[
logDAR(HS)

]
− EXT∼PT

[
log(1−DAR(HT ))

]
, (5.6)

where ES = ES(XS) and ET = ET (XT ) are the temporal output features from

the source and target encoders respectively, and DAR represents the autoregressive

discriminator network. Concurrently, we train the target encoder to confuse the

discriminator by mapping the target features to be similar to the source ones. The

target encoder loss can be formalized as:

min
ET

Ladv =EXT∼PT

[
log(1−DAR(HT ))

]
. (5.7)
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Source Encoder Target Encoder
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Weight
Transfer

Figure 5.4: Autoregressive discriminator.

5.1.5 Class-conditional Alignment via Teacher Model

Autoregressive domain adaptation can successfully align the marginal distribution

of the source and target temporal features. However, it can still misalign the dif-

ferent classes among source and target domains due to class-conditional shifts. To

overcome this issue, we develop a teacher-based confident pseudo-labeling approach

to adapt the fine-grained distribution of different categories among the source and

target domains.

5.1.5.1 Teacher Model

Inspired by the mean teacher for semi-supervised learning [151], we design an en-

semble teacher model fψ to produce robust pseudo labels for the unlabeled target

Unlabeled 
Target Samples

Target Model

Teacher Model

EMA

Confident Pseudo Labels

Figure 5.5: Class-conditional alignment via teacher model.
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The a

Figure 5.6: Architecture of the autoregressive discriminator.
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Figure 5.7: Architecture of feature extraction network.

domain, as shown in Fig. 5.5. We obtain the weights of the teacher model Wψ by

applying the exponential moving average (EMA) over the target model parameters

WθT across successive training steps. The momentum updates of the teacher model

parameters can be represented as follows:

Wψ = αWψ + (1− α)WθT , (5.8)

where α is a momentum parameter that controls the speed of the weight updates of

the teacher model. Given the teacher model fψ, we obtain the output predictions

as follows:

pψ = fψ(XT ), (5.9)

ŷψ = softmax(pψ), (5.10)

where pψ is the output predictions of the teacher model, and ŷψ are the corre-

sponding probabilities.
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5.1.5.2 Confident Pseudo Labels

To further refine the predicted labels of the teacher model, we only preserve the

confident labels that are above a predefined confidence threshold ζ. This can be

formalized as follows:

ŷps = ŷψ[max(pψ) > ζ], (5.11)

where ŷps are the retained confident pseudo labels. To align the class-conditional

distribution, we leverage the obtained confident pseudo labels to train the target

model by a cross-entropy loss:

Lca = −EXT∼PT

[ K∑
k=1

1[yps=k] log(ŷkT )
]
, (5.12)

where Lca is the class-conditional alignment loss, and ŷT = CT (ET (XT )) are the

predicted labels by the target classifier CT .

5.1.6 Overall Objective Function

In our approach, we jointly optimize the target encoder ET to minimize both the

autoregressive domain adaptation loss and class-conditional alignment loss in an

end-to-end learning manner. Our overall objective can be formalized as follows:

Loverall = Ladv + λLca (5.13)

= min
ET

EXT∼PT

[
log(1−DAR(ET (XT )))

− λŷ⊺
ps log(CT (ET (XT )))

]
,

where λ is the weight of the class-conditional loss. Algorithm 3shows the detailed

procedures of our autoregressive adaptation approach.
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Algorithm 3: Autoregressive Domain Adaptation

Input: Source domain: DS = {Xi
S , y

i
S}

nS
i=1

Target domain:DT = {Xi
T }

nT
i=1

Output: Trained target encoder ET
ES ← Pre-trained source encoder
ET ← Initialize with Es parameters
fψ ← Teacher model
DAR ← Autoregressive Domain Discriminator
for number of iterations do

1. Sample mini-batch of m source samples XS ∼ PS

2. Sample mini-batch of m target samples XT ∼ PT

3. Extract source features: HS = ES(XS)

4. Extract target features: HT = ET (XT )

5. Feed HS and HT to DAR

6. Assign labels of ones to HS and zeros to HT

7. Compute discriminator loss LD by Eq. 4.3

8. Update DAR by LD

9. Invert the labels of HT

10. Compute Ladv with the inverted labels by Eq. 5.7

11. Pass XT to the Teacher model fψ

12. Obtain the confident pseudo labels by Eq. 5.11

13. Compute the class conditional loss LCA by Eq. 5.12

14. Update ET using both Ladv and LCA via Eq. 5.13

end

5.1.7 Testing on the target domain

In the testing phase, we only use the pretrained target encoder ET and target classi-

fier CT while ablating both the transformer model and the autoregressive network,

ensuring consistency of the backbone network when evaluating against other UDA

algorithms. Given the test data from the target domain, the encoder model ET

will extract the target-adapted features. Subsequently, the target classifier CT will

predict corresponding class predictions.
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p̂test = EXtest∼Ptest

[
σ(CT (ET (Xtest)))

]
, (5.14)

ŷtest = argmax(p̂test), (5.15)

where σ(a)i = eai∑k
j=1 e

aj
represents the the softmax function, p̂test is the output

probability vector, and ŷtest is the predicted label.

5.2 Experimental Setup

5.2.1 Paderborn Dataset

We evaluate our SLARDA on the Paderborn Fault Diagnosis dataset, which was

collected using the modular rig tester as shown in Fig. ?? [152]. The tester consists

of several components: (1) an electric motor, (2) a torque-measurement shaft, (3)

a rolling bearing test module, (4) a flywheel, and (5) a load motor. More details

about the modular tester for data collection can be found in [152]. In this dataset,

32 experiments for rolling bearing elements were conducted to collect 3 types of

data, namely, undamaged bearing data, artificially damaged bearing data, and real

damaged bearing data. In particular, the bearing data in each experiment has 20

files and each file was collected for 4 seconds with a sampling rate of 64 kHz.

Figure 5.8: Modular test rig for collecting the Paderborn dataset [2]

To generate the data samples, we also used overlapping sliding windows to segment

the time series data, where we set the window size as 5120, as in [153]. As mentioned

above, the Paderborn dataset has 3 classes - 1 normal class (undamaged) and

2 faulty classes including inner faults and outer faults, which can be caused by
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either artificial or real damages. In this chapter, we focused on the faults from

real damages and generated 4900, 6200, and 6200 samples for normal class, inner

faults, and outer faults, respectively.

In addition, Paderborn bearing data was collected under 4 different working con-

ditions, denoted as P1, P2, P3, and P4. Table 5.1 shows the parameter settings

(i.e., rotational speed, load torque, and radial force) for each working condition.

Table 5.1: Different Working Conditions

Working
Condi-
tion

Rotational
Speed
[rpm]

Load
Torque
[Nm]

Radial
Force [N]

P1 900 0.7 1000

P2 1500 0.1 1000

P3 1500 0.7 400

P4 1500 0.7 1000

The second dataset was generated by the KAT data center at Paderborn University

with a sampling rate of 64 kHz [154]. The test rig of the Paderborn dataset is shown

in Fig 5.8. The damages were generated using both artificial and natural ways.

More specifically, an electric discharge machine (EDM), a drilling, and an electric

engraving were used to manually produce the artificial faults. While the natural

damages were caused by using accelerated run-to-failure tests. The data collection

process for both types of damages, i.e., artificial and real, was exposed under

working conditions with different operating parameters such as loading torque,

rotational speed, and radial force. In total, the Paderborn datasets were collected

under 6 different operating conditions including 3 conditions with artificial damages

(denoted as domains I, J, and K) and 3 conditions with real damages (denoted as

domains L, M, and N). Table 7.2 demonstrates the detailed specifications of each

working condition. For example, the loading torque varies from 0.1 to 0.7 Nm and

the radial force varies from 400 to 1000 N, while the rotational speed is fixed at

1500 RPM. Each operating condition (i.e., domain) contains three classes, namely,

healthy class, inner fault (IF) class, and outer fault (OF) class. To prepare the

data samples for the Paderborn dataset, we adopted sliding windows with a fixed

length of 5,120 and a shifting size of 4,096 [20]. As such, we generated 12,340 for

each artificial domain (i.e., I, J, and K) and 13,640 samples for each real domain

(i.e., L, M, and N) respectively.



94 5.2. Experimental Setup

Table 5.2: Parameter setting for the CNN encoder and the autoregressive
feature extractor.

Parameters MFD Dataset

Encoder model :
# of Layers 5
# of Channels (c) 8
Kernel size (k) 32
# stride (s) 2

Transformer (Adaptation):
FC Layer 128
Input Channels 8
# of Layers 4
# Num of Heads 4

GRU (Pretraining):
Hidden Dimension 64
Input Dimension 8
# of Layers 1

5.2.2 Model Architectures

Our algorithm has two main models, namely the feature extractor model and the

autoregressive discriminator model. We provide further details about the architec-

ture of each model in the following subsections.

5.2.2.1 Feature Extractor

We adopt the 1D-CNN architecture to extract features, as shown in Fig.5.7.Table

5.2 shows the detailed encoder parameters for the Paderborn dataset. We adopted

the commonly used architecture in the literature for each application. Particularly,

we used a 5-layer 1D-CNN with a kernel size of 32.

5.2.2.2 Autoregressive Discriminator

We employ the transformer model [162] to model the temporal dependency among

time steps for both source and target domains. The transformer model uses self-

attention, which has an advantage over recurrent neural networks in terms of effi-

ciency and speed [163]. The model architecture is shown in Fig. 5.6. First, a linear
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Table 5.3: Experimental results on Fault Diagnosis dataset Among 12 cross-
domain scenario (Accuracy %).

Method Source Only Deep Coral [155] DAN [156] WDGRL [157] MDDA [158] HoMM [159] CDAN [160] DIRT [161] SLARDA

P1→P2 25.70 38.05 50.86 40.67 38.15 46.78 52.95 47.21 84.38

P1→P3 36.18 47.07 53.57 51.70 48.65 45.47 61.38 54.13 75.70

P1→P4 25.81 45.37 56.30 52.02 49.14 51.28 53.55 51.46 96.04

P2→P1 36.62 41.30 38.86 51.37 35.35 41.15 31.64 45.71 86.60

P2→P3 71.74 66.98 65.16 72.56 72.28 75.19 74.25 85.91 79.47

P2→P4 99.89 92.63 98.82 94.89 97.79 98.43 99.66 98.26 99.68

P3→P1 32.26 36.92 26.13 52.73 23.56 34.17 55.20 31.06 75.59

P3→P2 90.91 82.31 91.09 67.73 85.53 84.97 91.98 99.28 90.10

P3→P4 93.81 81.60 87.97 76.74 81.61 83.35 93.14 99.14 92.94

P4→P1 38.09 42.80 45.31 51.28 39.60 44.82 42.08 45.64 91.17

P4→P2 98.90 96.29 98.27 97.98 99.42 98.99 98.71 99.23 97.40

P4→P3 78.23 69.48 69.71 65.79 70.86 75.43 72.90 84.66 80.69

Average 60.68 61.73 65.17 64.62 61.83 65.00 68.95 70.14 87.48

P-Value 1.6E-07 9.8E-07 1.1E-04 2.6E-07 1.9E-04 4.9E-07 1.8E-04 2.3E-04 -

projection layer is utilized to map from the input dimension to the hidden dimen-

sion of the transformer model. Then, layer normalization is applied to the input

features. After that, a multi-head self-attention is employed for the normalized

features. Table 5.2 shows the detailed parameters for the autoregressive discrimi-

nator. As each dataset has different characteristics, we adopt different parameters

for each dataset.

5.2.2.3 Autoregressive Network (Pretraining)

In our pretraining step, we leverage Gated Recurrent Network (GRU) to summarize

the latent features into a context vector. Particularly, we used a single-layer GRU

network for all the datasets, while input and hidden dimensions vary according to

each dataset. Table 5.2 illustrates the detailed architectures of the GRU network

on each dataset.

5.2.3 Implementation Details

In our experiments, we use labeled data from the source domain and unlabeled data

from the target domain, following the standard protocol of unsupervised domain

adaptation [160, 161]. All experiments have been conducted using PyTorch 1.7

on NVIDIA GeForce RTX 2080 Ti GPU. We use a batch size of 512. We adopt

Adam optimizer with a learning rate of 1e-4, and a weight decay of 3e-4, as in
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[164]. For the teacher model, the conditional alignment weight λ is set to 0.005,

the momentum of updating the teacher model α is set to 0.996, and the confidence

threshold ζ for pseudo labels is set to 0.9. For all the datasets, we randomly split

the data into 60% for training, 20% for validation, and 20% for testing. We report

the mean value of 5 consecutive runs with different random seeds.

5.3 Results and Discussions

5.3.1 Baselines

To evaluate the performance of the proposed SLARDA, we have compared it

against multiple strong baseline methods. As most of the state-of-the-art ap-

proaches are implemented for image-related datasets, we re-implemented 9 state-

of-the-art methods to fit our time-series datasets. Additionally, to promote fair

evaluation, we adopt our backbone architecture which works well on time series for

all the baseline methods. In particular, we compare our SLARDA with the follow-

ing state-of-the-art methods: Deep Adaptation Networks (DAN) [156], Wasser-

stein Distance Guided Representation Learning (WDGRL) [157], Deep CORAL

[155], Minimum Discrepancy Domain Adaptation (MDDA) [158], HoMM [159],

Domain Adversarial Neural Networks (DANN) [165], Conditional Adversarial Do-

main Adaptation (CDAN) [160], and Virtual Adversarial Domain Adaptation

(VADA) [161]. It is worth noting that some baselines failed to outperform Source

Only on some datasets as they are not specifically designed for time-series data.

Hence, we only reported the methods that outperform the Source Only for each

dataset. In Table 5.3, the best performance is bolded while the second best is

underlined.

5.3.2 Cross-domain Performance

The Paderborn dataset has four different working conditions, denoted as H, I, J,

and K. Table. 5.3 shows the results of the 12 cross-condition scenarios. Similarly,

our proposed approach outperforms baselines in 6 out of 12 cross-domain scenarios

with an average improvement of 17.34% over the second-best method, i.e., VADA.
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The SLARDA outperforms the benchmark methods on the challenging transfer

tasks with large domain shifts, e.g., P1→P2, P1→P3, and P1→P4.

5.3.3 Statistical Significance

We performed a comparative analysis of the statistical significance of our SLARDA

approach against all the other baselines. Specifically, we leveraged Wilcoxon signed-

rank test to measure the P-Value of our SLARDA against other baseline methods

[38]. Tables 5.3show the P-value of our SLARDA against other baselines. Clearly,

for all the baseline methods, our SLARDA achieves P-value <0.05 and is signif-

icantly better than other approaches on all the datasets with a 95% confidence

level.

5.3.4 Ablation Study and Sensitivity Analysis

5.3.4.1 Ablation Study

To show the contribution of each component in our proposed method, we conduct

an ablation study on the Paderborn dataset. The model variants are defined as

follows:

• SLARDA(w/o SL): we replace the self-supervised pretraining with con-

ventional supervised pretraining.

• SLARDA(w/o AR): we replace the autoregressive domain discriminator

with a conventional fully connected discriminator network trained with stan-

dard GAN loss.

• SLARDA(w/o Teacher): we remove the conditional alignment component

from the SLARDA model.

• SLARDA(full): we include all the model’s components.

Fig. 5.9 shows the average results of different variants for the 12 cross-domain

scenarios. It can be seen that removing self-supervised (SL) pretraining can be

detrimental to the performance with more than 8% degradation. This is because
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Figure 5.9: Ablation Study on the Paderborn dataset.

removing SL can reduce the feature’s transferability between domains, which can

also affect the efficacy of our remaining modules (i.e., AR and Teacher). Similarly,

removing the class-conditional alignment (i.e., Teacher) also has a significant im-

pact on the model performance. Last, adding the autoregressive component by

addressing the temporal features can improve the overall performance by about

3%. To sum up, this ablation clearly shows the effectiveness of each component in

our SLARDA model.

Table 5.4: Shows the total training time of each approach on the Fault Diag-
nosis dataset (Seconds)

Method DAN Deep Coral HoMM MMDA DANN CDAN WDGRL DIRT SLARDA

Computational Time 1,125 1,411 1,793 1,427 1,467 1,862 2,736 2,929 1,765

5.3.4.2 Sensitivity Analysis of the class conditional loss

There are some key parameters in the proposed approach, which may have a sig-

nificant impact on model performance. One of the key parameters is λ in Eq.

(12), which indicates the contribution of the class-conditional loss. Here, we in-

vestigate the impact of this key parameter on model performance. We conduct

experiments on the Paderborn dataset and report the average performance of 12

cross-domain scenarios. We vary the weight parameter λ from 0.0001 to 1. Fig.

5.10 shows the results of our proposed SLARDA with different values of λ. Grad-

ually increasing λ improves the performance of our SLARDA. Yet, over-weighting
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Figure 5.10: Sensitivity analysis of class-conditional loss in Eq. (12).

the class-conditional loss deteriorates the performance as the predicted pseudo la-

bels can still be noisy. In a nutshell, our SLARDA approach performs best with λ

values between 0.001 and 0.005.
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Figure 5.11: Sensitivity analysis of confidence threshold parameter ζ

.

5.3.4.3 Sensitivity Analysis of the Confidence Threshold

We conducted a sensitivity analysis experiment to measure the sensitivity of our

approach to the confidence threshold parameter. Fig. 5.11 shows the evaluation

performance on four randomly selected cross-domain scenarios for the Paderborn

Dataset. We varied the confidence threshold from 0.1 to 0.99 and reported the

corresponding performance. Clearly, lower values of the confidence threshold can

degrade the generalization performance across domains as noisy pseudo labels can

be utilized to train the target model. In comparison, higher confidence thresholds
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consistently yield better performance across the four experimented cross-domain

scenarios. However, a very large confidence threshold, e.g., 0.99, can deteriorate the

performance on cross-domain scenarios, as we may not be able to find a sufficient

amount of pseudo labels that satisfy this large threshold.

5.3.5 Computational Complexity

To evaluate the time complexity of our proposed approach against other baseline

methods, we calculated the total running time over all the cross-domain scenarios

on the Fault Diagnosis dataset, as shown in Table 5.4. Generally, discrepancy-

based approaches (i.e., DAN, Deep Coral, HoMM, and MMDA) have lower com-

putational complexity, when compared to adversarial-based methods. Among all

the adversarial-based methods, our SLARDA approach has the second-lowest com-

putational cost with a total computational time of 1,765 seconds.

5.4 Summary

In this chapter, we realized a domain adaptation algorithm that can generalize to

different working with no labeled data for fault diagnosis tasks. As time-series

sensory reading is predominant for fault diagnosis tasks, the proposed SLARDA is

designed to explicitly consider the temporal relationship during both the feature

learning step and domain alignment step. Moreover, we demonstrated that pro-

viding confident pseudo labels can successfully address the class-conditional shift

between classes of different working environments. By successfully faults from

different unlabeled working environments, SLARDA is addressing the second and

third objectives of our thesis. Albeit promising, SLARDA can only work under

single source single target settings (1S1T). As a result, a new model needs to be

trained independently for each new working condition. This can be an unscalable

approach under highly varying environments. In the next chapter, we explore a

more scalable approach that can handle multiple working conditions concurrently.
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Adversarial Multiple Target

Domain Adaptation for Fault

Diagnosis

In the previous chapter, SLARDA has shown outstanding performance in diag-

nosing faults from different unlabeled working conditions. However, SLARDA can

only work under single-source single-target settings, which can only handle a single

working condition at a time. Similarly, earlier approaches attempted to address

the domain shift problem to transfer the model from the source domain (one work-

ing condition) to the target domain (different working conditions) in intelligent

fault diagnosis and prognosis problems [74, 83, 118, 166–168]. However, all exist-

ing methods work under single source single target settings (1S1T), which is not

feasible as the working conditions can be varying to satisfy different manufacturing

needs. As such, if the target domain has changed, we need to train a new model

independently as shown in Fig. 6.1, which is not a viable solution in practice. On

the other hand, näıvely merging multiple target domains into a single target will

not work either, as data from multiple target domains typically have different data

distributions and unique data characteristics.

In this chapter, we build upon the work done by Tzeng et al.[147], who proposed an

adversarial domain adaptation approach with (1S1T) to obtain domain invariant

features for image-related problems. We extend this work in two directions. First,

The work in this chapter has been published in IEEE Transactions on Instrumentation and
Measurement, vol. 70, pp. 1-11, 2021
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Figure 6.1: Existing approaches vs our scalable multi-target approach

we realize the adversarial domain approach for time series data. Second, we tackle a

more challenging and practical domain adaptation problem under the single source

and multiple targets (1SmT) setting for fault diagnosis purposes. For instance,

we assume that a machine can work under four different loads, i.e., A, B, C,

and D. Some data have been collected to train a fault diagnostic model when

the machine is working under load A. In our 1SmT setting, the model can adapt

to multiple different loads concurrently, i.e., B, C, and D. We propose a novel

deep learning architecture for adversarial unsupervised domain adaptation for the

1SmT problem. As shown in Fig. 6.2, we first train the source feature extractor

to obtain class discriminative features using the labeled source domain. Then,

the target feature extractors are initialized by the weights of the source feature

extractor and thus inherit the class-discriminative property. On the other hand,

a discriminator network is trained to distinguish between the source and multiple

target features. To obtain domain invariant features among different targets, we

adversarially update multiple target feature extractors to generate features that

can be indistinguishable for the discriminator. During testing, our scalable model

can take any of the target domains and generate source-like features, where the

trained source classifier can generalize well to any of the targets.
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Figure 6.2: Proposed adversarial multiple target domain adaptation for fault
diagnosis.

The main contributions of this chapter can be summarized as follows.

• We formulate a more realistic 1SmT problem that is particularly used for

real-world fault diagnostic problems.

• We propose a novel multiple adversarial domain adaptation (AMDA) method,

which designs a deep learning architecture for adversarial unsupervised do-

main adaptation to address the 1SmT problem. To the best of our knowledge,

it is the first attempt in this area.

• We addressed the limited scalability of existing approaches by proposing a

general model that can generalize to multiple targets concurrently.

• Extensive experimental results demonstrate that our proposed AMDA model

can generalize to multiple target domains simultaneously and achieve signif-

icantly better results than the state-of-the-art methods consistently.
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6.1 Adversarial Multiple-Target Domain Adap-

tation

In this section, we first present our problem formulation for single-source multiple

targets (1SmT) and then provide technical details on addressing the 1SmT problem

with an application to time series data for fault diagnosis. The proposed framework

as shown in Fig. 6.3 is composed of three main architectures, namely, Feature

Extractor E, Classifier C, and Discriminator CW4. Specifically, we used E to

construct single source feature extractor Es, and multiple target feature extractors

Et(N) with tied weights.

Different from existing approaches, we tie the weights of the feature extractors of

the multiple target domains, inspired by multi-task learning [169]. This enables a

single feature extractor to generalize to multiple target domains during the testing

stage. In addition, it helps to reduce the capacity of the model and acts as a

regularizer to avoid overfitting. To this end, unlike all existing approaches, which

can generalize to a single target at a time, our model can be more scalable and

have a generalization ability that can handle multiple targets concurrently.

In general, our proposed method contains three main steps: (1) supervised learn-

ing using source domain labels; (2) adversarial adaptation of N target domains

to single-source domain; (3) testing the domain adapted model on all N target

domains. The goal of this paper is to construct a network that can find a shared

latent space between the source and multiple target domains, such that the dis-

crepancy between the source domain and target domains is minimized. As such,

the model can be better generalized to multiple target domains concurrently. In

the following subsections, we will explain each step in more detail.

6.1.1 Problem Formulation

The domain adaptation involves a domain D and task T [170], where the domain

D consists of two components: a feature space X and marginal distribution P (x),

where D =
{
X , P (x)

}
, x ∈ X , where x is the data sample. Correspondingly, the

task T consists of two components: a label space Y and mapping function f(x),
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Figure 6.3: Adversarial single source multiple target domain adaptation
(AMDA) model for fault diagnosis with three main architectures: feature ex-
tractors (e.g., Es for source domain and Et for target domains), classifier C, and
discriminator CW4.

where T =
{
Y , f(x)

}
.

Our 1SmT problem can be formulated as follows:

• We have a labelled single source domain Ds = {xis, yis}ns
i=1 of ns samples, where

xis ∈ Xs is the data sample and yis ∈ Ys is the corresponding label. Similarly,

we have unlabeled multiple target domains {Dt(1), . . . ,Dt(N)}, where N is the

number of target domains and Dt(j) = {xit(j)}
nt
i=1 represents the total samples

of domain j. More specifically, xit(j) ∈ Xt(j) is the ith sample of the target

domain j, where Xt(j) is feature space and nt is the number of unlabeled

samples for the corresponding target domain.

• The feature space of the single source and multiple target domains is the

same, i.e., Xs = Xt(1) = Xt(2) = ... = Xt(N), where N is the number of target

domains.

• The marginal distribution between the source domain and target domains

is different due to variation on multiple target domains (e.g. with different

working conditions), i.e., Ps(x) ̸= Pt(j)(x) (j = 1, 2, ..., N). In addition,
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marginal distributions among different target domains are also different, i.e.,

Pt(j)(x) ̸= Pt(k)(x), where j ̸= k.

• Label space of the single source domain and multiple target domains is the

same, i.e. Ys = Yt(1) = Yt(2) = ... = Yt(N)

6.1.2 Supervised Learning with Labelled Source Domain

Data

Our first step employs the labelled source domain data Ds = {xis, yis}ns
i=1 , where

yis ∈ {1, ..., k} and k is the number of classes, to learn a feature extractor Es

and classifier C in a supervised learning manner by minimizing the cross-entropy

loss between the predicted labels and ground-truth labels which is shown in the

following equation.

Lce = − 1

ns

ns∑
i=1

1{yis = j} logC(Es(x
i
s)) (6.1)

Where Lce is the cross-entropy loss, yi ∈ Ys, and 1 is an indicator function that

returns 1 when the argument is true.

The parameters of the feature extractor will be used in the next step for two

purposes: 1) initialize the target domain feature extractors Et(N) to be inherently

class discriminative, and 2) be used as a reference model during adversarial training.

Algorithm 1 provides the pseudo-code, including the details of training source

feature extractor Es under the supervision of source domain labels, by employing

Ds to learn the parameters of Es that can minimize the classification loss in Eq.6.1.

6.1.3 Adversarial Training of Multiple Target Feature Ex-

tractors

The key idea of adversarial training is based on the min-max game between the

target feature extractor and the domain discriminator. More specifically, the dis-

criminator network is trained to distinguish between the source and target features,
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Algorithm 4: Supervised Learning Using Labelled Data from Source Domain

Input: Single source domain: Ds = {xis, yis}
ns
i=1, and batch size is m

Output: Trained source feature extractor Es and classifier C
Es ← Convolutional neural network
C ← Fully connected neural network
for number of samples do

1. Xs ← {x1
s, . . . ,x

m
s }, mini-batch of source samples

2. Ys ← {y1s , . . . , yms }, mini-batch of source labels

3. Preds← C(Es(Xs))

4. Train Es and C using Eq. 1

5. Update the weights using Adam optimizer

end

while the target feature extractor is trained to maximize the discriminator loss by

producing target features that are invariant from the source domain features [77].

Hence, the classifier trained on the source domain features can generalize well on

the target domain features. Nevertheless, this approach can generalize well to only

a single domain at a time and for any change, in the target or the source domain,

you need to train a new model independently. As such, to handle k working con-

ditions you need to train k different models which is not a viable solution. In our

work, we propose a scalable model that can handle multiple working conditions

concurrently. We find a new shared feature representation among the multiple tar-

get domains that can be invariant from the source domain features in one training

phase. Thus, the trained source classifier can generalize to the domain invariant

features of the target domains. To do so, we tie the weights of all the target feature

extractors during the training phase. As a result, we can use the common weights

of target feature extractors to map any of the target domains to be invariant from

the source domain features. In this section, we provide the detailed training process

of our proposed approach

Our key idea is to provide an efficient framework to handle N target domains in

one training phase, by training a discriminator against N target feature extractors

simultaneously. Particularly, we pass {Xt(1), . . . ,Xt(N)} to N feature extractors

with tied weights to produce {ht(1), . . . ,ht(N)}. Then the discriminator network

D will perform domain classification between the source domain features hs and

the target domain features. However, initially, the target domains features (e.g.,
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{ht(1), . . . ,ht(N)}) are very distinguishable from source domain features (e.g., hs).

Thus the discriminator loss can vanish and limit the domain alignment process.

To tackle this issue, the discriminator is trained every N iteration of training tar-

get feature extractors. Hence, the discriminator can push the N target feature

extractors to map all the target domains to shared latent space, where the discrep-

ancy between the source domain and these N target domains is minimized. The

discriminator and multiple target feature extractors are trained with generative

adversarial networks (GAN) loss [? ]. In particular, the discriminator is trained

using a logistic function by assigning 1 to the source domain data, and 0 to the data

in N target domains. The discriminator classifies each input sample and decides

whether it belongs to the source domain or the target domains, under standard

supervised learning fashion, where the loss is denoted as LD.

min
D
LD =− Exs∼Ps

[
logD(Es(xs))

]
−

N∑
j=1

Ext(j)∼Pt(j)

[
log(1−D(Et(j)(xt(j))))

]
. (6.2)

Where xs is source domain sample , xt(j) are the target domains samples with

(1 ≤ j ≤ N).

The objective function of the target feature extractors is defined as follows:

min
Et(1),...Et(N)

LE = −
N∑
j=1

Ext(j)∼Pt(j)

[
logD(Et(j)(xt(j)))

]
. (6.3)

where Et(i) is the feature extractor for the ith target domain (1 ≤ i ≤ N). By

minimizing the loss function LE, the target feature extractors will map the tar-

get domain features to a shared latent space where the discrepancy between the

centroid of all target distributions and source domain distribution is minimized.

Detailed steps for the fine-tuning phase are presented in Algorithm 2, where the

parameters of Et(N) are derived such that the output features are domain invariant

and class discriminative. Adversarial training is employed between N target feature

extractors with tied layers and discriminator CW4 to minimize LCW4 and LE.
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Algorithm 5: Adversarial Training for Multiple Targets

Input: Single source domain : Ds = {xis, yis}
ns
i=1, Multiple target domains:

{Dt(1), . . . ,Dt(N)}, where with Dt(j) = {x
j
t}
nt
i=1, N is number of target

domains, and m is the batch size.
Output: Trained multiple target feature extractors Et(1), . . . , Et(N)

Es ← Pretrained source feature extractor
Et(N) ← Initialize with source parameters Es
D ← Discriminator network
for number of iterations do

1. Sample mini-batch of m source samples Xs ∼ Ps

2. Sample mini-batch of m from each target domain:
{Xt(1), . . . ,Xt(N)} ∼ {Pt(1), . . . Pt(N)}

3. Extract source domain features: Es(Xs)

4. Extract features from N target domains concurrently:
{Et(1)(Xt(1)), . . . , Et(N)(Xt(N))}

5. Update D by Eq. 2 // Train Discriminator

for M steps do // Train Et M times

6. Extract features from N target domains: {Et(1)(Xt(1)), . . . , Et(N)(Xt(N))}

7. Update the target feature extractor Et by Eq. 3

end

end

6.1.4 Testing on the Target Domain

To justify our contribution by formulating the DA problem as 1SmT, we test the

trained Et to samples from any of N target domains, and then pass the output

features to the pre-trained classifier C to predict the class of the corresponding

sample. Eq. 6.4 shows the usage of softmax to compute the probability of each

class given the input instance from any target domains:

p(yi = k|C) =
exp(Ck(Ft))∑
k′ exp(Ck′(Ft))

(6.4)

where Ft is latent representation of the corresponding target domain, Ck′( · ) de-

notes the output of kth class resulted from softmax.
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6.2 Experiments

In this section, we evaluate the performance of our proposed AMDA model on fault

diagnosis that needs to classify machine-bearing health status into either normal

or different classes of faults.

6.2.1 Implementation Details

In our model, we employed a five-layer 1D CNN as a feature extractor and used a

wide input kernel for longer dependencies. A fully connected neural network with

a softmax layer was used for fault classification, while a two-layer fully connected

network was used to discriminate between the source domain and target domain

data. Fig.6.3 illustrates the detailed implementation of both the feature extractor

and classifier. The learning rate of the feature extractor and discriminator is set

to be 1e-4, which is small enough to avoid overshooting valley or minimum in the

error surface and thus yields the maximum generalization accuracy.

6.2.2 Case 1: Case Western Reserve University Dataset

6.2.2.1 Dataset Description

The Case Western Reserve University (CWRU) dataset is a widely adopted dataset

for rolling bearing elements [171]. Fig ?? shows the test rig for the CWRU dataset.

Accelerometer sensors were deployed at both the drive-end and fan-end of the

housing motors. Vibration signals were collected with a 12 kHz sampling rate under

eight different operating conditions. Particularly, we have four different operating

conditions with different loading torques collected from the drive-end, denoted as

domain CW1, CW2, CW3, and CW4. For each operating condition, there is one

healthy state and three faulty states, namely, inner fault (IF), outer fault (OF), and

bearing fault (BF). Each faulty state has three levels of severity with dimensions

of 7, 14, and 21 mils. In total, we have 10 classes with 1 healthy class and 9 faulty

classes. Table 7.1shows a detailed description of the CWRU dataset. To prepare the

data for our experiments, we partitioned the sensor readings into smaller samples

using sliding windows with a fixed length of 4,096 and a shifting step of 290, which
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is widely used in previous studies [172]. Overall, we can generate 4,000 samples for

each domain.

Table 6.1: CWRU bearing dataset description [3]

Working Condition Loading Torque Fault Type Fault Size (inches)

CW1 0 hp Normal, IF, OF, BF 0, 007,0.014, 0.021

CW2 1 hp Normal, IF, OF, BF 0, 007,0.014, 0.021

CW3 2 hp Normal, IF, OF, BF 0, 007,0.014, 0.021

CW4 3 hp Normal, IF, OF, BF 0, 007,0.014, 0.021

6.2.2.2 Experimental Results

We denote four working conditions as CW1, CW2, CW3, and CW4, which corre-

spond to load 0, 1, 2, and 3 respectively. To comprehensively evaluate the perfor-

mance of our proposed AMDA model, we conducted 12 cross-domain experiments

as shown in Fig. 6.4. For the first 3 experiments (CW1→CW2, CW1→CW3,

CW1→CW4), we used working condition CW1 as the source domain, and CW2,

CW3, and CW4 as multiple target domains to learn the feature extractors, clas-

sifier, and discriminator. Then, we tested the learned feature extractor on each

target domain CW2, CW3, and CW4 to generate the results for CW1→CW2,

CW1→CW3, and CW1→CW4, respectively. Similarly, we also used CW2, CW3,

and CW4 as our source domains for cross-domain experiments.

Fig. 6.4 shows the performance of our proposed AMDA model over 12 cross-domain

experiments. Note that without DA in Fig. 6.4 refers to our AMDA model with-

out the discriminator, i.e., directly using the source feature extractor for the target

domain. Overall, our AMDA achieves an average accuracy of 99.13% over 12 ex-

periments, which is 6.04% higher than without DA. These results demonstrate the

effectiveness of domain adaptation in our model for cross-domain fault diagnosis.

Note that we use a 1-layer classifier C (see Fig. 6.3) in this work. Our empirical

test demonstrates that if we use more layers for classifier C, the AMDA without

DA will perform even worse (i.e., the gap between AMDA with and without DA

becomes larger) due to the general issue of overfitting.

In addition, there are some easy transfer cases, such as CW1→CW2 and CW2→CW1

scenarios, for which without DA can achieve an accuracy of 96.02% and 97.18%
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as shown in Fig. 6.4. Meanwhile, CW4→CW1 and CW4→CW2 scenarios are

hard to transfer, with the performance of 89.97% and 86.24% respectively. With

our proposed AMDA model, we can achieve improvement for both easy and hard

transfer cases, e.g., 3.33% for CW1→CW2 and 11.34% for CW4→CW2. Hence,

AMDA can play a more important role and achieve better performance when do-

main discrepancies become larger and harder to transfer.
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Figure 6.4: Evaluation of AMDA with and without domain adaptation on the
CWRU dataset using 12 cross-domain scenarios

6.2.2.3 Comparison to Domain adaptation baselines

To demonstrate the superiority of the proposed AMDA, we implemented four do-

main adaptation baselines: Transfer Component Analysis (TCA) [173], Joint Dis-

tribution Adaptation (JDA) [174], Correlation Alignment (CORAL) [175], Deep

Domain Confusion (DDC) [146], Deep Maximum Mean Discrepancy (MMD) [176],

and Deep CORAL [177]

Table 6.2 shows the results of different domain adaptation techniques using the

CWRU dataset. It can be found that the DDC achieves the best performance

among baselines with an overall accuracy of 96.25%. The proposed AMDA outper-

forms all the baseline techniques on 12 domain adaptation scenarios with an overall

accuracy of 99.13%, which indicates the effectiveness of the proposed AMDA for

this domain adaptation task.
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Table 6.2: Evaluation of AMDA on CWRU dataset against domain adaptation
baselines using 12 cross-domain scenarios

Shallow Deep

Scenario CORAL TCA JDA DDC Deep MMD Deep CORAL AMDA

CW1→CW2 53.73 64.06 71.35 95.62 97.27 88.73 99.35

CW1→CW3 49.29 64.4 66.25 98.42 90.60 87.13 99.70

CW1→CW4 49.21 76.94 82.23 95.04 94.69 97.52 99.52

CW2→CW1 79.74 66.94 67.69 95.56 96.23 97.58 98.56

CW2→CW3 74.72 75.92 73.68 98.33 98.88 98.75 99.95

CW2→CW4 78.76 82.96 83.76 99.06 97.90 98.38 99.31

CW3→CW1 71.41 56.06 54.49 95.83 94.60 94.54 99.10

CW3→CW2 62.55 67.34 66.10 97.17 96.63 96.04 98.62

CW3→CW4 62.19 30.4 60.32 97.29 93.6 97.21 99.65

CW4→CW1 75.48 74.86 75.86 86.42 95.25 96.10 98.27

CW4→CW2 73.17 44.79 80.25 96.62 95.50 96.52 97.58

CW4→CW3 68.25 70.05 70.61 99.62 99.06 98.19 99.97

AVG 66.55 64.56 71.05 96.25 95.85 95.56 99.13

Table 6.3: Comparison with related works on 6 Transfer Scenarios

Method CW1→CW2 CW1→CW3 CW2→CW1 CW2→CW3 CW3→CW1 CW3→CW2 AVG

DNN 82.2 92.6 72.3 77.0 76.9 77.0 79.60

WDCNN 99.2 91.0 95.1 91.5 78.1 85.1 90.00

TICNN 99.1 90.7 97.4 98.8 89.2 97.6 95.47

AMDA 99.4 99.7 98.6 99.9 99.1 98.6 99.21

6.2.2.4 Comparison to State-of-the-arts

To better evaluate the performance of our proposed AMDA model, we have also

conducted experiments to compare it with 3 different state-of-the-art baselines,

which are summarized as follows.

• The first approach is fault diagnosis using a deep neural network (DNN) [178],

which consists of pre-training the stacked autoencoder in an unsupervised

manner and fine-tuning the network under the supervision of source labels.
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• The second approach is a 5-layer CNN with a wide input kernel which was

demonstrated to achieve high accuracy (WDCNN) [179].

• The last method is transfer inference with a convolutional neural network

(CNN) with a 6-layer CNN and introduces dropout in the first input layer.

Additionally, ensemble learning has been employed to stabilize the perfor-

mance of their model [180].

Table 6.3shows the performance comparison between the proposed AMDA model

with three state-of-the-art methods. For these three competing methods, they only

reported their results on 6 cross-domain experiments. Therefore, we also conducted

the same cross-domain experiments for a fair evaluation.

We observe that our proposed AMDA method achieves better results than the three

existing methods consistently. Note that almost all the methods have achieved good

results for easy transfer cases (e.g., CW1→CW2), however, they fail to achieve good

results in more challenging tasks with high domain discrepancies (e.g., C→CW1).

Nevertheless, with well-designed adversarial domain adaptation, our AMDA model

can achieve significant improvements over all the state-of-the-art methods. Fur-

thermore, this excellent performance is achieved under the challenging settings of

1SmT by adapting multiple targets simultaneously in one training phase, in com-

parison with only one single target at a time for all the competing methods.

6.2.3 Case 2: Paderborn Bearing Dataset

6.2.3.1 Dataset Description

The Paderborn Bearing Dataset1 is generated from sensor readings that are de-

ployed under four different operating conditions, denoted as P1, P2, P3, and P4.

Each operating condition refers to different operating parameters, including rota-

tional speed, load torque, and radial force [2]. In our experiments, each operating

condition is considered as one domain, while all the domains have the same fault

classes i.e., healthy, inner-bearing damage, and outer-bearing damage. Eventually,

we can perform 12 cross-condition scenarios for domain adaptation. A detailed

explanation of this dataset has been covered in Chapter 5.

1https://mb.uni-paderborn.de/en/kat/main-research/datacenter/

bearing-datacenter/data-sets-and-download

https://mb.uni-paderborn.de/en/kat/main-research/datacenter/bearing-datacenter/data-sets-and-download
https://mb.uni-paderborn.de/en/kat/main-research/datacenter/bearing-datacenter/data-sets-and-download
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Figure 6.5: Evaluation of AMDA with and without domain adaptation on the
Paderborn dataset using 12 cross-domain scenarios

Table 6.4: Evaluation of AMDA on the KAt dataset against domain adaptation
baselines using 12 cross-domain scenarios

Shallow Deep

Scenario CORAL TCA JDA DDC Deep MMD Deep CORAL AMDA

P1→P2 55.77 42.06 65.21 49.77 81.39 84.06 99.37

P1→P3 66.24 68.47 70.60 60.33 84.16 87.03 97.15

P1→P4 56.25 45.36 64.90 59.31 91.04 88.80 99.83

P2→P1 43.42 53.00 80.07 59.14 81.18 80.65 78.98

P2→P3 79.81 80.56 74.05 97.84 97.83 90.17 97.61

P2→P4 87.26 93.42 82.03 99.80 99.98 99.99 100.00

P3→P1 50.51 63.36 85.26 89.14 81.63 83.22 88.67

P3→P2 88.91 92.26 87.10 94.94 99.67 99.98 100.00

P3→P4 87.46 90.62 82.50 99.69 99.97 99.99 100.00

P4→P1 34.81 51.59 74.89 86.07 89.14 80.44 78.89

P4→P2 94.11 96.96 91.14 99.87 99.66 100.00 100.00

P4→P3 77.68 84.45 74.88 97.62 97.72 98.50 97.52

AVG 68.52 71.84 77.72 82.79 91.95 91.07 94.83
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Table 6.5: Comparison with state-of-the-art methods

Method P2→P3 P2→P4 P3→P2 P3→P4 P4→P2 P4→P3 AVG

ACDIN 79.43 78.73 85.07 90.53 79.53 75.60 81.48

WDCNN 72.33 94.70 69.33 69.77 93.67 70.27 78.35

Alexnet 78.87 98.47 65.93 66.20 96.03 74.07 79.93

Resnet 71.33 96.67 64.53 67.23 92.73 72.60 77.52

ICN 80.67 96.97 70.23 70.67 94.27 79.50 82.05

AMDA 97.61 100.00 100.00 100.00 100.00 97.52 99.19

6.2.3.2 Experimental Results

We also conducted 12 cross-domain experiments on the Paderborn dataset to val-

idate the performance of our proposed AMDA model. For example, we employed

the working condition P1 as the source domain and P2, P3, and P4 as multiple

target domains to generate the results for cross-domain tasks P1→P2, P1→P3 and

P1→P4.

Fig. 6.5 shows the evaluation results of our AMDA model with and without domain

adaptation (without DA). Over 12 cross-domain tasks, AMDA achieves an aver-

age accuracy of 94.83%, which is 7.73% higher than without DA. Once again, it

demonstrates that the designed domain adaptation technique in the AMDA model

is effective for cross-domain fault diagnosis.

As shown in Fig. 6.5, without DA achieves relatively low performance for the 6

tasks involving the working condition E (i.e., P1→P2, P1→P3, P1→P4, P2→P1,

P3→P1 and P4→P1) with an average accuracy of 76.71%. This indicates that

changing the rotational speed would cause a more significant domain shift than

changing load torque or radial force, leading to a large domain discrepancy between

E and the other 3 domains F, G, and H. However, our AMDA can perform very

well for this 6 hard transfer tasks - it achieves an average accuracy of 90.48%, with

a significant improvement of 13.77% over without DA.
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6.2.3.3 Comparison with Domain Adaptation Baselines

Here, we compare the proposed AMDA method with the same domain adaptation

baselines, i.e., TCA, JDA, CORAL, DDC, Deep MMD, and Deep CORAL. Table

6.4 presents the comprehensive evaluation of various methods across 12 different

transfer tasks. In over 8 out of 12 cross-domain tasks, our AMDA method per-

forms better than the implemented baselines. Overall, AMDA achieves the highest

average accuracy of 94.83% as shown in Table 6.4, which is 3.76% higher than the

second-best method, i.e., Deep CORAL.

6.2.3.4 Comparison with the state-of-the-art

The authors [153] reported the performance of 5 deep learning-based methods on

the Paderborn dataset using 6 cross-domain scenarios. These 5 state-of-the-art

methods include ACDIN [181], WDCNN [179], AlexNet [26], ResNet [182], and

ICN [153]. In particular, AlexNet and ResNet, which are famous convolutional

architectures for image classification, were applied for fault diagnosis [153]. Mean-

while, the other three methods are recently proposed for fault diagnosis. For exam-

ple, ACDIN [181] refers to a deep inception network with atrous convolution. The

inception part in ACDIN concatenates multiple filters of different sizes to support

different resolutions, while atrous convolution is a dilated filter to support a wider

input field. WDCNN [179] implements five 1-dimensional convolutional layers with

a wide input kernel. ICN [153] is an inception-based capsule network for fault di-

agnosis, where the capsule network [183] is employed to capture the correlation

between different features, and inception is used to extract features on different

resolutions.

For a fair comparison, we selected the same cross-domain scenarios for AMDA and

the 5 state-of-the-art methods. Table 6.5 shows the performance of various methods

over 6 transfer tasks on the Paderborn dataset. Overall, our AMDA significantly

surpasses the 5 competing approaches with an average accuracy of 97.52%, which

is 15.47% higher than ICN (the second-best method).
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6.2.4 Case 3: Self-collected Dataset

6.2.4.1 Dataset Description

We collected an additional dataset based on the drive train dynamic simulator

(DDS) platform [184] for further verification. The sampling rate of the vibration

signal is 5120Hz. This dataset encompasses three different working conditions,

denoted as D1, D2, and D3. Table 6.6 shows the corresponding loading torque for

each working condition. Each working condition consists of one normal class and

three types of faults, i.e., inner-race (IR), outer-race (OR), and ball-crack (BC).

We also use sliding windows with overlaps to segment the data, while the window

size and the step size are the same as the CWRU dataset.

Table 6.6: Different Working Conditions for the self-collected dataset

Working Condition Loading Torque Fault Type

D1 0 Nm Normal, IR, OR, BC

D2 7.2 Nm Normal, IR, OR, BC

D3 14.4 Nm Normal, IR, OR, BC

Table 6.7: Comparison Against Domain Adaptation Baselines

Shallow Deep

SCenario CORAL TCA JDA DDC Deep MMD Deep CORAL AMDA

D1→D2 44.95 74.30 71.96 83.81 87.4 89.45 92.42

D1→D3 60.37 49.61 48.19 72.41 68.34 68.01 73.04

D2→D1 50.48 87.52 75.03 90.25 80.97 87.49 93.15

D2→D3 49.95 50.19 56.79 57.45 55.13 61.91 74.6

D3→D1 59.42 56.37 50.22 69.28 59.16 65.20 94.17

D3→D2 42.13 58.67 57.06 77.56 66.96 68.84 93.44

AVG 51.22 62.78 59.875 75.13 69.66 73.48 86.80

6.2.4.2 Experimental Results

We denote three working conditions as D1, D2, and D3, which correspond to load

0 Nm, 7.2 Nm, and 14.4 Nm respectively. Thus, six cross-domain experiments
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for our proposed method with and without DA have been performed as shown in

Fig. 6.6. The results are consistent with our previous evaluation that DA can

significantly improve the performance of fault diagnosis. Specifically, the proposed

AMDA achieves an average accuracy of 86.80%, which is 11.50% higher than that

without DA. This further indicates the effectiveness of the proposed method for

cross-domain fault diagnosis.

D1-->D2 D1-->P3 D2-->D1 D2-->D3 D3-->D1 D3-->D2 AVG
Scenario
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Figure 6.6: Evaluation of AMDA with and without domain adaptation on a
self-collected dataset.

6.2.4.3 Comparison with Domain Adaptation Baselines

Similar to the previous evaluation, we compare against well-known approaches

for DA, including conventional DA methods (i.e., TCA, JDA, and CORAL) and

deep DA methods (i.e., DDC, Deep MMD, and Deep CORAL). The results for

the six cross-domain experiments are demonstrated in Table6.7. Due to the rel-

atively large gap (load variation) between domains, the performances of all the

approaches degrade to some extent. Consistently, our AMDA method outperforms

the benchmark approaches in all six cross-domain scenarios.

6.2.5 Evaluation of Proposed 1SmT Setting

In this section, we compare the 1SmT setting and 1S1T setting on the Paderborn

dataset in terms of generalization and time efficiency. For 1S1T, we selected the
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DDC method as it is the best baseline as shown in both Tables 6.2 and 6.4. In

addition to 1SmT and 1S1T settings, we further constructed the 1SmxT settings

by mixing N target domains as a single target domain. We also ran DDC and our

AMDA under the 1SmxT setting and included their results for comparison.

Table 6.8 illustrates the accuracy of AMDA and DDC under different settings.

The column E source in Table 6.8 means that E is used as the source domain

and F, G, and H are target domains (similarly for columns F source, G source,

and H source). Our AMDA (1SmT) outperforms AMDA (1SmxT) by 3.38% and

also significantly outperforms DDC under both 1S1T and 1SmxT settings. For

DDC itself, mixing the target domains, i.e., DDC (1SmxT), leads to performance

deterioration of 6.84% compared to DDC (1S1T).

Table 6.8: Accuracy (%) of AMDA and DDC under different settings

P1 source P2 source P3 source P4 source AVG

AMDA (1SmT) 98.78 92.20 96.22 92.14 94.83

AMDA (1S1T) 97.94 95.35 96.33 98.81 97.11

AMDA (1SmxT) 93.66 92.13 92.96 87.05 91.45

DDC (1SmxT) 45.78 80.94 92.70 84.37 75.95

DDC (1S1T) 56.47 85.59 94.59 94.52 82.79

Table 6.9: Training Time (sec) of different approaches under 1smT and 1S1T
settings

Model Total Time

AMDA (1SmT) 712.07

AMDA (1S1T) 1781.12

DDC (1SmT) 3848.23

DDC(1S1T) 5915.65

DANN (1SmT) 644.92

DANN(1S1T) 964.63

In addition, we can observe that AMDA (1S1T)–which is also our implementation–

achieves higher accuracy than AMDA (1SmT). However, AMDA (1SmT) has higher

scalability than AMDA (1S1T) and can generalize well to multiple target domains.

In particular, AMDA (1SmT) can significantly reduce the model training com-

pared with AMDA (1S1T), as shown in Table 6.9. Therefore, our proposed AMDA

(1SmT) is more suitable than AMDA (1S1T) for practical scenarios.
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6.3 Summary

In this chapter, a novel adversarial multiple-target domain adaptation (AMDA)

approach has been introduced. The proposed AMDA provides a more scalable

solution for dynamic working environments via generalizing to multiple working

conditions concurrently. The adversarial training approach has been leveraged to

find domain invariant representation for the multiple target domains. The efficacy

of AMDA has been evaluated on two public datasets and one self-collected dataset.

The experimental results show the clear capability of AMDA to generalize well to

multiple, unlabeled, and different working conditions, addressing the fourth objec-

tive of our thesis. Albeit scalable, the AMDA work assumes access to unlabeled

data from the target working conditions. However, with continuous changes in

the working condition, access to data from the new working condition in advance

can be infeasible. Therefore, in the next chapter, we aim to address the domain

generalization problem to handle the new unseen working conditions with no prior

data available.
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Conditional Contrastive Domain

Generalization for Fault Diagnosis

The previous chapters have successfully realized various domain adaptation ap-

proaches to address the lack of labeling problem under variable working conditions,

which either generalize to a single working condition such as CADA and SLARDA,

or multiple working conditions such as AMDA. However, these approaches assume

access to unlabeled data from the target working condition beforehand. Such as-

sumption may not hold in many practical scenarios for the following reasons. First,

access to the target domain data during the training phase may not be attainable

when encountering a new target domain with no prior data. Besides, under DA

settings, a new model needs to be trained independently for each new target do-

main, which can be time-consuming and not scalable solutions for dynamic working

environments. Hence, there is an urgent need for a more realistic fault diagnosis

model that can generalize to new unseen domains without prior data.

To tackle this issue, Domain Generalization (DG), a more practical yet challenging

scenario, leverages data from multiple source domains to generalize well to new

unseen domains. Few studies have investigated domain generalization for fault

diagnosis [86, 87, 89, 185]. A predominant approach is to leverage adversarial

learning to minimize the discrepancy of the marginal distribution between multiple

source domains. Yet, in fault classification tasks, the marginal distribution of the

data can inherently encompass multi-modal class structures. Thus, only aligning

The work in this chapter has been published in IEEE Transactions on Instrumentation and
Measurement, 2022
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Figure 7.1: (Best viewed in colors). Comparison between previous and pro-
posed methods in distribution matching. Left: Aligning the marginal distribu-
tion without considering fine-grained class distributions tends to misclassify sam-
ples among domains. Right: Our proposed approach with its class-conditional
contrastive loss can successfully align the classes among different domains.

the marginal distribution without considering the fine-grained class distribution

within each domain tends to fail in some challenging scenarios [186], as shown in

Fig. 7.1. Recently, contrastive learning has achieved widely acclaimed performance

in representation learning for visual applications. The key idea is to learn feature

representations such that similar samples (i.e., positive pairs) are pulled together

while dissimilar samples (i.e., negative pairs) are pushed away [187]. However,

most of the existing contrastive learning approaches heavily rely on domain-specific

augmentations to construct the positive pairs, which can be laborious and require

extensive expert knowledge.

In this chapter, a novel conditional contrastive domain generalization approach

(CCDG) is proposed for fault diagnosis. Particularly, instead of relying on laborious

domain-specific augmentations, we leverage the variability among multi-domains

(i.e., working conditions) to define more representative and realistic positive and

negative pairs. Additionally, to realize class-conditional invariance, we maximize

the mutual information between the prediction scores of the same classes among

different domains while minimizing mutual information among different classes.

The main contributions of this paper are summarized as follows.

1. We propose a novel domain generalization approach to tackle a more realistic

yet challenging task in real-world fault diagnosis. It does not require any data

from the target domain during training.
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2. We design a new conditional contrastive loss across realistic pairs from multi-

source domains to find the domain invariant class representation, leading to

robust and discriminative representations for domain generalization.

3. We provide a theoretical derivation of the mutual information lower-bound

of our conditional contrastive loss on multi-domain data.

4. We extensively evaluate our proposed CCDG approach on two rotating ma-

chinery datasets. The experimental results clearly show the efficacy of our

approach in generalizing to new unseen domains with no prior data.

7.1 Condition Contrastive Domain Generaliza-

tion

Minimize MI  : 

Predictions 

shared

shared

Class 1: 
Class 0: 

Domain A 

Domain B 

Domain C 

shared

shared

Maximize MI  :

Discrimintive 
Domain-Indepdent 
Class Representation

Figure 7.2: The framework of the proposed conditional contrastive domain
generalization (CCDG). First, we pass the data from different domains through
a shared network fθ (i.e., feature extractor) to find the feature representation of
the data. Second, a shared prediction network gθ (i.e., predictor) converts the
features to prediction scores, and we calculate the task-specific cross-entropy loss
LCE between the predicted labels and true labels. Third, we minimize a novel
conditional contrastive loss LMI to maximize both the intra-class similarity and
inter-class separability. We train both the feature extractor fθ and the predictor
gθ by optimizing LCE and LMI together (Best viewed in colors).

In this section, we first formulate the domain generalization problem. Then, an

overview of our CCDG approach is presented. Subsequently, we describe each loss

component of our CCDG approach in detail. Last, we provide an information-

theoretic perspective for our class-conditional contrastive loss.
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7.1.1 Problem Formulation

In this section, we provide a mathematical formulation for the domain generaliza-

tion and domain invariance problems.

7.1.1.1 Domain Generalization Problem

Let X denote the feature space and Y denote the label space, a domain is repre-

sented by the joint distribution PXY defined on X×Y . In the domain generalization

problem, we are given multiple source domains (D1,D2, . . . ,DM}, where M is the

total number of source domains. Each domain Di = {xij, yij}
Ni
j=1 ∼ P i

XY has Ni

number of samples. The joint distributions vary among the multiple source do-

mains, i.e., P 1
XY ̸= P 2

XY . . . ̸= PM
XY . The objective of the domain generalization

is to learn a model h : X → Y based on all the source domains and general-

ize well to a new unseen target domain Dtest = {xtestj , ytestj }Ntest
j=1 ∼ P test

XY , where

P test
XY ̸= P i

XY for i ∈ {1, . . . ,M}. It is worth emphasizing that we do not have any

access to Dtest during the training procedure.

7.1.1.2 Domain Invariance Problem

Most of existing domain generalization approaches assume that only marginal dis-

tribution changes among domains, i.e., P S
1 (X) ̸= P S

2 (X) . . . ̸= P S
M(X), while the

conditional distribution P (Y |X) remains stable. Therefore, most of the existing

approaches address the domain generalization problem via finding domain invari-

ant representation on the feature space such that P S
1 (fθ(X)) = P S

2 (fθ(X)) · · · =

P S
M(fθ(X)), where fθ : X → F is a deep neural network that maps from the space

of the raw input time series signals (i.e., X ) to the vectorized feature space (i.e.,

F).

In reality, P (Y |X) may also be unstable among the domains. Therefore, only

finding domain invariant features can be an insufficient condition to perfectly align

the domains.
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7.1.2 Overview of CCDG

In this work, we propose a novel conditional contrastive domain generalization

(CCDG) approach that aligns the class-conditional distributions among multiple

source domains to boost the generalization performance on unseen target domains.

Fig. 7.2 shows the overall framework of our proposed CCDG method. First, we

design a shared feature extractor fθ for feature learning and a shared predictor gθ

for fault diagnosis. Second, we calculate the task-specific cross-entropy loss LCE
between the predicted labels and true labels. Third, we propose a novel conditional

contrastive loss LMI to maximize the mutual information among the same classes

from different domains while minimizing the mutual information among different

classes. Eventually, we train both the feature extractor fθ and the predictor gθ

by optimizing the task-specific loss LCE and the conditional contrastive loss LMI

concurrently in an end-to-end manner. In the next subsections, we will introduce

these two losses, i.e., LCE and LMI , in detail.

7.1.3 Task-specific Learning

The first step in our CCDG is to optimize the model performance on the cor-

responding task by leveraging the known class labels in the training data. The

task-specific cross-entropy loss is formalized in the Equation 7.1 below.

LCE = − 1

M

M∑
i=1

1

Ni

Ni∑
j=1

[
ℓ(hθ(x

i
j), y

i
j))
]
, (7.1)

where xij refers to the jth sample from the domain Di, yij is the class label of xij, and

hθ(x
i
j) = gθ(fθ(x

i
j)) is a function that maps the raw inputs to the class predictions.

Given C classes, both ŷij and yij are C-dimensional vectors, where ŷij = hθ(x
i
j) and yij

represent the predicted and true class labels, respectively. Then, the cross-entropy

loss between the predicted labels and the true ones ℓ(ŷij, y
i
j) can be represented as

follows:
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ℓ(ŷij, y
i
j) =

C∑
c=1

y(c)ij × log ŷ(c)ij. (7.2)

Here, y(c)ij is 1 if this sample xij is from class c and 0 otherwise, and ŷ(r)ij is the

predicted score for the class c.

7.1.4 Class-conditional Contrastive Loss

The variability of working environments among the source domains can produce

task-irrelevant features in each source domain. As a result, the class representation

can be different from one domain to another. Such inconsistency of class representa-

tions among the multiple source domains can harm the generalization performance

on new unseen target domains. Therefore, only optimizing the cross-entropy loss

LCE without considering the cross-domain relationship can hurt the generaliza-

tion performance. To tackle this issue, we jointly optimize our class-conditional

contrastive loss LMI . Particularly, we consider the cross-domain relationship via

maximizing the mutual information between similar classes across different do-

mains while removing the task-irrelevant information that is caused by the change

in working environments. By doing so, our LMI can capture the shared class infor-

mation and obtain environment-independent class representation which can boost

generalization performance on new unseen environments (i.e., domains).

Formally, given an anchor sample xu ∈ B = {b1, b2, . . . , bM}, where B is the set

of batches from M source domains. We aim to maximize the mutual informa-

tion between xu and the corresponding positive samples in B while minimizing its

similarity with the corresponding negative pairs in B. In particular, the positive

samples of xu are represented by all the samples in B that belong to the same

class pos(u) = {xv ∈ B : yu = yv}. While the negative samples are the remaining

samples in B that belong to different classes neg(u) = {xk ∈ B : yu ̸= yk}. Our

proposed approach is different from traditional approaches in two aspects. First,

traditional approaches only align the global feature representation between differ-

ent domains. As a result, samples that belong to different classes (i.e., xu and xk)

can be pulled together, despite the global distributions of different domains being

well aligned. Differently, we consider a class-wise alignment where only samples
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that belong to the same class are pulled together. Second, these approaches usually

applied on the feature space (i.e., fθ(x
i
j). While our CCDG approach is applied

on the class prediction level (i.e., gθ(fθ(x
i
j))) of the corresponding samples, which

enables the model to find class-conditional invariant representation among multiple

source domains.

The class-conditional contrastive loss of the sample xu, denoted as LuMI . To formal-

ize our class-conditional contrastive loss, we follow standard notations of contrastive

learning in [188], which is represented as follows:

LuMI =
−1

|pos(u)|
∑

v∈pos(u)

(
log

e(σ(hu,hv)/τ)∑
k∈neg(u) e

(σ(hu,hk)/τ)

)

=
−1

|pos(u)|
∑

v∈pos(u)

(
log e(σ(hu,hv)/τ)︸ ︷︷ ︸

positives

− log
∑

k∈neg(u)

e(σ(hu,hk)/τ)︸ ︷︷ ︸
negatives

)
.

(7.3)

Here, |pos(u)| is cardinality of the positive sample set, σ(a,b) = a⊺b
∥a∥∥b∥ is the

similarity scoring function for any given vectors a,b, and τ is the temperature

parameter to control the contrastive power. hu = gθ ⊙ fθ(xu) ∈ RC are the logits

of xu, gθ⊙fθ represents the composition of the feature extractor and the predictor,

and C is the dimension of the logits vector (i.e., the number of classes). The LuMI

represents the contrastive loss for the anchor sample xu. Particularly, via optimiz-

ing LuMI , we maximize the mutual information between the classifier prediction of

the anchor sample hu and all corresponding positive samples (i.e., samples that

belong to the same class of the anchor sample pos(u)) across different domains,

where hv is sampled from the set of positive samples. Concurrently, we minimize

the mutual information between the anchor sample and all the negative samples

(i.e., all samples that belong to different classes from the anchor sample neg(u).

The overall contrastive loss for all the samples is calculated as follows:

LMI =
1

M

M∑
i=1

1

Ni

Ni∑
u=1

LuMI . (7.4)
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By minimizing LMI , we can maximize the lower bound of the mutual information

among the positive samples [149]. A theoretical derivation that shows the mutual

information lower-bound of the proposed approach can be found in Appendix B.

7.1.5 Overall Loss for Optimization

In our CCDG, both LMI and LCE are jointly optimized to improve the gener-

alization performance on new unseen domains. Particularly, the objective of the

cross-entropy loss is to improve the task-specific performance within each source

domain. While the objective of the contrastive loss LMI is to consider cross-domain

relationships via finding domain-independent class representation, which can boost

the generalization performance on unseen domains. The overall objective is then

represented by a convex combination between them in Equation7.5.

min
fθ,gθ
L = αLMI + (1− α)LCE, (7.5)

where α is the weight between the two losses. We use Adam [189] as the optimizer to

minimize the overall objective and learn the feature extractor fθ and the predictor

network gθ.

7.2 Experiments and Results

In this section, we first introduce the datasets and the setup of our experiments.

Then, we present the evaluation results of our proposed CCDG method.

7.2.1 Datasets

We used two datasets to evaluate the performance of our CCDG approach.

• CWRU dataset: To better validate the domain generalization task, more

working conditions have been included by the sensor readings from both the

drive-end and fan-end. In total, 8 different working conditions have been
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considered for our experiments, which are further illustrated in table 7.1.

Detailed description CWRU dataset can be found in Chapter 6.

• Paderborn dataset: We included working environments with both artificial

and real faults. Therefore, six different operating conditions were included.

Table 7.2 illustrates the detailed specifications of each working condition.

To prepare the data samples for the Paderborn dataset, we adopted sliding

windows with a fixed length of 5,120 and a shifting size of 4,096 [20]. As

such, we generated 12,340 for each artificial domain and 13,640 samples for

each real domain respectively. Further details about Paderborn dataset can

be found in Chapter 5.

Table 7.1: Details of CWRU bearing dataset.

Domain Torque Location Fault Type Fault Size (inches)

CW1 0 hp Drive End Normal, IF, OF, BF 0, 007, 0.014, 0.021

CW2 1 hp Drive End Normal, IF, OF, BF 0, 007, 0.014, 0.021

CW3 2 hp Drive End Normal, IF, OF, BF 0, 007, 0.014, 0.021

CW4 3 hp Drive End Normal, IF, OF, BF 0, 007, 0.014, 0.021

CW5 0 hp Fan End Normal, IF, OF, BF 0, 007, 0.014, 0.021

CW6 1 hp Fan End Normal, IF, OF, BF 0, 007, 0.014, 0.021

CW7 2 hp Fan End Normal, IF, OF, BF 0, 007, 0.014, 0.021

CW8 3 hp Fan End Normal, IF, OF, BF 0, 007, 0.014, 0.021

Table 7.2: Details for Paderborn dataset.

Domain Damage Type Load Torque [Nm] Radial Force [N]

P1 Artificial 0.1 1000

P2 Artificial 0.7 400

P3 Artificial 0.7 1000

P4 Real 0.1 1000

P5 Real 0.7 400

P6 Real 0.7 1000
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7.2.2 Experimental Setup

7.2.2.1 Baseline Methods

To show the efficacy of our proposed CCDG method, we first adapted state-of-the-

art methods on visual domain generalization. Besides, we re-implemented domain

generalization methods proposed for fault diagnosis tasks. To ensure fair evalua-

tion, the same backbone architecture has been used for both our approach and the

baseline methods. The compared baselines are shown as follows:

• Empirical Risk Minimization (ERM)[190]: it minimizes the sum of the em-

pirical risk among the samples from all the domains.

• Maximum Mean Discrepancy (MMD)[176]: it minimizes the MMD distance

between each pair of domains to improve the generalization performance.

• Deep Correlation Alignment (Deep CORAL)[175]: it aligns the co-variance

matrices for each pair of domains.

• Conditional Domain Adversarial Networks (CDANN)[191]: it applies a sep-

arate domain classifier for each class to further improve the alignment per-

formance.

• Beyond empirical risk minimization Mixup [192]: it generates new data

samples via linear interpolation of samples and labels among random pair of

domains.

• Self-supervised Contrastive Regularization for Domain Generalization (Self-

Reg) [193]: it applies stochastic weight averaging with inter-domain curricu-

lum learning with contrastive regularization.

• A Hybrid Generalization Network for Intelligent Fault Diagnosis (IEDGNet)

[89]: it leverages both extrinsic and intrinsic generalization objectives to

regularize the discriminating performance of the deep neural network on fault

diagnosis tasks.

• Domain Generalization for Rotating machinery (DGRM)[86]: it adversar-

ially trains a feature extractor against a multi-class domain discriminator

network to improve the generalization performance of rotating machinery.
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Table 7.3: Details of hyper-parameter tuning setup.

Method Hyperparameter Range

MMD Regularization λ 10−3 to 10−1

Deep CORAL Regularization λ 10−3 to 10−1

DGRM, CDANN Discriminator lr
Discriminator weight decay
Discriminator Adam β1

Discriminator steps
Discriminator GP
Adversarial regularization λ

10−5 to 10−3.5

10−6 to 10−2

{0, 0.5}
20 to 23

10−2 to 101

10−2 to 102

Mixup Beta shape parameter α 10−1 to 101

IEDGNet adversarial regularization λ
triplet loss weightβ

10−2 to 102

10−2to102

CCDG Temperature τ
Contrastive weight α

10−1 to 100

10−1 to 100

7.2.2.2 Implementation Details

In our experiments, during the training phase, we split the data from multiple

source domains into 80% for training and 20% for validation to monitor the model

convergence on the source domains during training phase. To test the general-

ization performance, we iteratively leave one whole domain out for testing while

using all the other domains for training, following the standard protocol of domain

generalization [194]. It is worth highlighting that we neither use the testing data

for the training nor the model selection. Instead, we select the model based on

its performance on the validation sets of the source domains, which can be more

practical and aligns with the domain generalization assumption that no test data

are available during the training process. The accuracy score (i.e., the number of

correctly classified test samples divided by the total number of test samples) is uti-

lized to measure the diagnosis performance. All the experiments were conducted

using PyTorch 1.7 on NVIDIA GeForce RTX 2080 Ti GPU. We implemented a

6-layer 1-D CNN to extract features from the raw input signals followed by a 4-

layer fully connected network (FC) for fault classification. We used LeakyReLU

as a non-linear activation layer and batch normalization to speed up the training

process. To promote fair evaluation, the same network architecture is adopted for

all the baseline methods.

To train the model, we fix the learning rate as 0.001, weight decay as 5e−5, and

batch size as 32 throughout the whole experiment. To select the hyper-parameters,

we ran 20 trials of hyper-parameter sweep for our approach and all baseline methods

to ensure a fair evaluation. We sample the hyper-parameter values from a uniform
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distribution within a specific range [194]. Detailed ranges for our approach and

baseline methods can be found in Table 7.3. Note that the ERM method does

not contain any tunable hyperparameters in this setup. For more practical model

selection, we validate our model only on the held-out subsets of the source domains

without access to any data from the target domain.

Table 7.4: Domain generalization results on CWRU bearing dataset (Accuracy
%).

Unseen Target Domains

Method CW1 CW1 CW3 CW4 CW5 CW6 CW7 CW8 Average

ERM 64.17 ± 9.2 94.58 ± 1.6 96.38 ± 2.9 70.58 ± 4.4 68.33 ± 7.7 83.46 ± 3.1 94.38 ± 4.8 86.38 ± 4.6 82.28
MMD 47.83 ± 9.2 57.17 ± 13.4 75.67 ± 3.7 66.67 ± 1.2 61.54 ± 16.0 73.17 ± 8.5 71.75 ± 10.8 54.17 ± 17.7 63.50

Deep CORAL 63.29 ± 15.1 70.96 ± 8.8 87.25 ± 4.4 72.13 ± 4.0 66.67 ± 3.5 71.71 ± 6.9 68.71 ± 3.8 76.71 ± 5.0 72.18
CDANN 64.08 ± 11.6 82.67 ± 4.9 90.13 ± 6.7 77.50 ± 5.4 72.13 ± 8.5 74.75 ± 3.6 89.21 ± 7.3 74.29 ± 11.3 78.09
Mixup 57.63 ± 7.9 83.92 ± 5.9 93.96 ± 4.7 75.79 ± 7.8 81.88 ± 8.3 95.38 ± 2.7 98.13 ± 0.5 88.96 ± 3.6 84.45

Self-Reg 62.83 ± 1.7 95.71 ± 3.0 93.54 ± 4.2 76.29 ± 0.6 82.71 ± 0.3 79.54 ± 20.3 89.42 ± 0.9 93.79 ± 2.4 84.23
IEDGNet 45.54 ± 11.5 68.88 ± 5.4 81 ± 6.3 54.67 ± 1.1 54.71 ± 9.2 67.17 ± 1.6 65.25 ± 5.3 73.58 ± 7.7 63.85
DGRM 55.29 ± 7.1 78.42 ± 15.4 91.63 ± 4.5 81.79 ± 3.4 67.58 ± 3.4 77.29 ± 1.1 85.08 ± 4.1 85.25 ± 4.2 77.79

CCDG 76.79 ± 2.9 97.25 ± 1.2 99.83 ± 0.1 93.71 ± 1.5 89.25 ± 1.4 92.04 ± 3.5 94.42 ± 3.5 94.33 ± 1.4 92.20

7.2.3 Experimental Results

7.2.3.1 Results on CWRU Dataset

Table 7.4 shows the results of different approaches using the CWRU dataset. In

particular, column A in Table 7.4 means that we use domain A as the unseen target

domain and the other 7 domains as source domains. The last column shows the

average performance for various methods over 8 target domains. Note that the best

values on each target domain are highlighted in bold, while the second-best values

are underlined. It can be found that our CCDG approach significantly outperforms

all the baseline approaches. On average, the CCDG outperforms the second-best

baseline (i.e., Mixup) by 7.75%.

Domains A and E have zero loading torque, while other domains have non-zero

loading torque. Therefore, fault features in these two domains could be quite

different from those in other domains, and it would be challenging to map other

domains to A and E. This explains why various methods achieve unsatisfactory

performance on CW1 and CW4. However, our CCDG approach, with its class-

conditional invariance, can still perform the best in these two challenging domains.

It outperforms ERM (second best) on domain CW1 by 12.62%, and outperforms

Self-Reg (second best) on domain E by 6.54%, respectively.
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(a) CWRU Dataset

(b) Paderborn Dataset

Figure 7.3: Convergence of training loss for different Unseen Target Domains
on both CWRU and Paderborn Datasets.
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Table 7.5: Domain generalization results on Paderborn dataset (Accuracy %).

Unseen Target Domains

Method P1 P2 P3 P4 P5 P6 Average

ERM 83.23 ± 2.0 67.50 ± 0.2 88.36 ± 0.9 99.25 ± 0.2 74.78 ± 7.2 99.40 ± 0.4 85.42
MMD 77.69 ± 3.2 69.18 ± 0.4 81.04 ± 1.4 69.53 ± 17.5 65.74 ± 5.8 82.38 ± 8.0 74.26

Deep CORAL 80.58 ± 0.9 71.30 ± 2.4 79.27 ± 1.3 81.33 ± 0.4 67.23 ± 2.0 80.58 ± 0.2 76.71
CDANN 78.77 ± 1.7 71.89 ± 5.2 86.90 ± 0.1 92.16 ± 7.8 74.16 ± 13.0 94.90 ± 3.0 83.13
Mixup 80.96 ± 4.3 71.66 ± 5.3 78.26 ± 1.5 72.52 ± 1.1 55.22 ± 3.7 74.24 ± 2.1 72.14
Self-Reg 85.41 ± 1.5 73.01 ± 2.5 91.79 ± 1.7 97.58 ± 0.6 68.76 ± 0.3 98.99 ± 0.5 85.92
IEDGNet 64.17 ± 8.3 63.38 ± 4.7 80.23 ± 7.5 91.83 ± 0.3 66.14 ± 3.8 92.14 ± 3.9 76.31
DGRM 76.20 ± 1.8 73.28 ± 3.7 86.56 ± 0.5 88.60 ± 10.4 76.37 ± 11.1 88.16 ± 7.5 81.53

CCDG 80.46 ± 1.7 73.29 ± 4.2 94.61 ± 1.3 99.87 ± 0.1 83.08 ± 4.2 99.88 ± 0.1 88.52

7.2.3.2 Results on Paderborn Dataset

AppendixBTo further evaluates the superiority of our CCDG method, we have

conducted additional experiments on the Paderborn dataset. Table 7.5 shows the

performance of various methods on the Paderborn dataset. It can be observed

that our CCDG approach outperforms the state-of-the-art methods on 5 out of

6 domains with an average accuracy of 88.52%. Moreover, it outperforms the

second-best baseline (i.e., Self-Reg) by 2.60%. Notably, generalization to domains

with small radial force (i.e., J and M) can be a very challenging task. However,

our CCDG method with its class-conditional contrasting can still be the best in

these two domains, demonstrating the robustness of our method against the large

domain shifts. Additionally, unlike Self-Reg which only focuses on positive pairs,

our CCDG approach aims to push away negative pairs that belong to different

classes, which can improve the generalization performance. Moreover, methods

that only align the marginal distribution like Deep CORAL and MMD perform

poorly on the tough domains, i.e., J and M.

Table 7.6: Results on Paderborn dataset for single source domain generaliza-
tion.

Scenario P2→P1 P1→P2 P3→P4 P4→P3 P5→P6 P6→P5 Average

ERM 72.54 ± 0.7 65.45 ± 5.4 42.90 ± 12 50.50 ± 3.2 76.58 ± 2.6 87.16 ± 5.8 65.85
Self-Reg 76.46 ± 2.8 66.98 ± 1.1 34.72 ± 5.8 49.23 ± 3.0 77.13 ± 3.2 91.81 ± 1.2 66.06
CCDG 75.20 ± 2.1 67.91 ± 3.1 44.49 ± 11 51.81 ± 1.8 78.18 ± 1.9 93.33 ± 6.6 68.49

7.2.3.3 Single Source Domain Generalization

In this experiment, we measure the efficacy of our approach under extreme cases

where only samples from a single source domain are available for training. Table
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Figure 7.4: Effect of batch size on CCDG performance.

7.6 shows the results of the proposed approach versus the second-best perform-

ing methods (i.e., ERM and Self-Reg) on randomly selected scenarios from the

Paderborn dataset. Overall, our CCDG performs best on 5 out of 6 cross-domain

scenarios with an average improvement of 2.5%. While Self-Reg performs bet-

ter than ERM, it can still underperform our CCDG approach. This is because

that Self-Reg is mainly relying on image-specific augmentations, which may not

be effective for fault diagnosis datasets. Besides Self-Reg can only align positive

pairs (i.e., samples from the same class) without considering the negative pairs.

Differently, our CCDG approach improves the performance by pushing away sam-

ples that belong to different classes within the same domain to have clear decision

boundaries. Besides, the lower performance of our single-domain CCDG compared

to multi-domain CDDG reflects the importance of having a realistic representation

of variability among multiple domains.

7.2.3.4 Generalization to multiple unseen domains

In this experiment, we measure the generalization ability of our approach on mul-

tiple unseen target domains. Particularly, we have evaluated our approach on 6

randomly selected scenarios with multiple unseen target domains. Besides, to fur-

ther show the efficacy of our approach, we compared it against SelfReg and ERM

baselines (second and third best methods in this dataset). In our comparison, we

reported the average performance on the multiple unseen domains. Our superior
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generalization performance persists even with more challenging scenarios of mul-

tiple unseen domains. Moreover, our CCDG approach significantly outperforms

both ERM and SelfReg baselines (strongest baselines) in all the scenarios.

Table 7.7: Generalization Performance of our CCDG approach on multiple
unseen target domains on Paderborn Dataset (Accuracy %).

Scenario Source Domains Unseen Domains ERM SelfReg CCDG

S1 P3, P4, P5, P6 P1, P2 75.68 77.95 81.33
S2 P1, P2, P5, P6 P3, P4 94.47 94.55 97.65
S3 P1, P2, P3, P4 P5, P6 85.49 82.61 87.45
S4 P2, P3, P5 P1,P4 , P6 78.25 87.39 81.75
S5 P4, P4, P5 P1, P2, P6 84.05 77.64 86.40
S6 P1, P2, P6 P3, P4, P5 85.23 82.38 91.48

7.2.4 Analysis

7.2.4.1 Training Convergence

To show the convergence of our proposed loss function, we have plotted the train-

ing convergence for each unseen target domain on both CWRU and Paderborn

datasets, as shown in Fig. 7.3. For the CWRU dataset, the convergence is smooth

for all the unseen domains while the highest rate of convergence happens with

unseen domain G, as shown in Fig. 7.3a. Similarly, for Paderborn dataset, our

training loss converges smoothly while the highest convergence rate is correspond-

ing with unseen domain K, as shown in Fig. 7.3b.

7.2.4.2 Effect of batch size

We investigate the dependency of our CCDG on the number of negative samples

within the min-batch. To do so, we report the performance of three different batch

sizes on three unseen domains of Paderborn datasets, as shown in Fig. 7.4. It can be

seen that our CCDG benefits from a larger batch size consistently among the three

different domains. A possible explanation is that larger batch sizes help in providing

more negative examples per batch, which can improve model convergence.



Chapter 7. CCDG 139

7.2.4.3 Parameter Sensitivity Analysis

In our CCDG, we have two main parameters, namely, the contrastive loss weight

α and the contrasting temperature τ . To measure the model sensitivity to each of

them, we fix one parameter while changing the other and vice versa. We plot the

average performance over the 8 domains of the CWRU dataset, as shown in Fig. 7.5.

First, we fixed the temperature value τ as 0.03 while varying the weighting factor

α from 0.01 to 0.9. Notably, better generalization performance can be achieved

with higher weight for the contrastive loss against the cross-entropy loss, while the

best performance is achieved with α equals 0.7. However, the performance tends to

degrade with α values larger than 0.7. This means that reducing the cross-entropy

loss weight to lower values than 0.3 can hurt performance. To sum up, despite the

contrastive loss can be more important than cross-entropy loss, the contribution of

both losses is necessary for the best performance. Second, to measure the model

dependency on the temperature parameter of the contrastive loss, we fixed α as 0.7

while varying the contrasting temperature τ from 0.01 to 0.9. It clearly shows that

varying the temperature weight can change the performance from 82% at higher

temperature values (i.e., 0.9) to 89% at lower temperature values (i.e., 0.03). In a

nutshell, both α and τ can be of great importance to the model performance.
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Figure 7.5: Sensitivity analysis for the CCDG parameters.
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(a) ERM (b) DGRM

(c) Self-Reg (d) CCDG method

Figure 7.6: UMAP visualization results in unseen target domain D of the
CWRU dataset for different methods.

7.2.4.4 Feature Visualization

To clearly show the effectiveness of the proposed CCDG, we visualize the learned

features of our approach against three different baselines on unseen domain D of

the CWRU dataset. We utilize the uniform manifold approximation and projection

(UMAP) [195] to map the high dimensional features to a lower dimension as shown

in Fig. 7.6.

Fig. 7.6a shows the learned features of ERM, which can be hardly separable, specif-

ically for classes C2, C5, C6, and C8. Similarly, the visualization of DGRM and

Self-Reg can still have less-separable classes such as C2, C5, and C8, as shown in

Fig. 7.6b, 7.6c. Differently, our CCDG approach can separate different classes with

clear boundaries, as illustrated in Fig. 7.6d.

The visualization results of CCDG suggest that it can learn a domain-independent

class representation that can be transferable to new unseen domains.
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7.3 Summary

In this chapter, we proposed a novel conditional contrastive domain generaliza-

tion approach called CCDG that addresses a more challenging yet practical do-

main generalization problem for the real-world fault diagnosis of rolling machinery.

Specifically, we leveraged data from multiple source domains to generalize to a

new unseen target domain (i.e., an unseen working condition for fault diagnosis).

By experimenting with two different datasets and comparing them against various

solid baseline methods, we showed that achieving the conditional invariance across

the class predictions of different source domains can significantly improve the gen-

eralization performance on unseen domains. The promising performance of our

proposed CCDG method pushes towards more practical data-driven approaches

that can work under challenging real-world environments.





Chapter 8

Conclusion and Future Work

The chapter will conclude the thesis by summarizing the key research aims, outlin-

ing the contributions, and discussing the limitations of this thesis while providing

recommendations for future direction in the area of data-driven predictive mainte-

nance.

8.1 Conclusion

The main purpose of this thesis is to develop robust and generalizable data-driven

approaches that can work in the dynamic manufacturing environment, towards

more applicable data-driven approaches in real-world industries. To fulfill this aim,

four main research questions have been settled and successfully addressed. The

research questions and their corresponding solutions are summarized as follows.

First, in Chapter 3 we investigated the first question of exploiting the historical

information of sensory data to improve the robustness and generalization of deep

learning models on the RUL prediction task. As reviewed in Chapter 2, the exist-

ing deep learning methods have only focused on the latest information to predict

the RUL labels. Besides, most of the existing approaches only rely on a single su-

pervised objective to perform the feature extraction step and RUL prediction step,

limiting the generality of the learned features and degrading the performance on

the testing data. Therefore, to address these issues, an Attention-based sequence-

to-sequence model (ATS2S) has been developed with two main components: (1)

143
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A novel reconstruction-based auxiliary task to improve the feature representation;

(2) an attention-based decoding component to focus on the important historical

time steps during the learning the procedure. The developed approach can prior-

itize important historical time steps while learning a more representative feature

representation, resulting in a more robust and general model that outperforms

state-of-the-art approaches.

The second question investigated the problem of designing adaptive deep learning

models that can generalize to different working conditions with no labeled data

available. In particular, Chapters 4 and 5 are mainly addressing these two ques-

tions for fault prognosis and fault diagnosis respectively. In Chapter 4, a novel

CADA approach has been developed to improve the generalization of different un-

labeled working conditions for RUL prediction tasks. The CADA approach aims

to find domain invariant features while preserving the domain-specific information

to adapt to the unlabeled working environment. The experimental results show

that the CADA significantly outperforms state-of-the-art with over 21% and 38%

improvements respectively in terms of two different evaluation metrics. On the

other hand, in Chapter 5, a novel SLARDA approach has been proposed to im-

prove cross-domain fault classification under the scarcity of labels. The SLARDA

approach leveraged the temporal information to improve the features’ transfer-

ability. In addition, to better adapt to the unlabeled working environment, an

autoregressive discriminator network is developed to consider the temporal dimen-

sion during the alignment step. Last, a teacher model with robust pseudo labels is

proposed to handle the conditional shift between different domains. The efficacy

of the proposed SLARDA has been proved over state-of-the-art methods.

As both CADA and SLARDA can only generalize to a single unlabeled working

condition at a time, the third question is investigating how can we improve the

scalability of these approaches to multiple working conditions concurrently. To

address this question, we developed a novel adversarial multiple target domain

adaptation (AMDA) approach that leverages adversarial training to find a unified

invariant representation for multiple unlabeled target domains, enabling a single

model to generalize well to multiple working conditions. Extensive experimental

results of three different datasets show that the proposed AMDA is capable of

generalizing to multiple working environments concurrently.
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All the above approaches in Chapter 4, 5, and 6 follow the domain adaptation

problem setting that necessitates the existence of unlabeled data from the target

working conditions beforehand. This can still be a tight assumption for many prac-

tical situations that require testing the model directly on new working conditions

on-the-fly with no prior data available. Therefore, the final question is to scruti-

nize how can we can leverage historical information to generalize to new working

conditions on-the-fly. To address this question, we developed a novel conditional

contrastive approach (CCDG) to improve the model’s generalization capability to

new working environments on-the-fly. The CCDG approach can capture share-

able class information and learn environment-independent class representation, en-

abling direct generalizing to new unseen working conditions. Extensive experiments

showed the capability of the CCDG approach on handling new working environ-

ments with outstanding performance that significantly outperforms state-of-the-art

approaches.

8.2 Future Work

In the final section of this thesis, we highlight the shortcoming of the proposed

thesis while suggesting the potential future directions towards completely realistic

data-driven approaches.

8.2.1 Few-shot Domain Adaptation

As unsupervised domain adaptation (UDA) assumes only unlabeled target data

available, it fails to address situations where new classes emerge in the target

domain. Therefore, to address this limitation, we leverage the few-shot domain

adaptation scenario that assumes access to few-shots of labeled data from the target

domain. By doing so, we are able to correctly classify the new emerging classes in

the target domain that has not been seen in the source domain. Moreover, while

UDA assumes abundant unlabeled data available, in reality, it can be challenging

to obtain a vast amount of data and only a few samples can be available. Thus,

the few-shot domain adaptation can also be leveraged to handle such situations.
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8.2.2 Domain Adaptation Under Label Shift

The main objective of this thesis was to address the distributional shift caused

by the variability of working conditions under scarce-labeled data regimes. Yet,

most of the proposed approaches in this thesis work under the closed-set domain

adaptation settings, where the label sets are assumed to be identical between the

source and target domains. This assumption may not hold in many practical sce-

narios where new fault types can emerge in the target domain. In many real-world

scenarios, the relationship between label sets (e.g, fault types) of the source and

target domains can either be different or unknown. Therefore, exploring different

categories of domain adaptation such as open set, partial, or Universal Domain

Adaptation approaches can be more realistic and practical [196]. Specifically, in

open set settings, it is assumed the source domain classes are subsets of the target

domains. As a result, the model can encounter new classes in the target domain,

which has to be identified as unknown. Partial DA settings assume that target

classes are a subset of the source classes, therefore the model is required to disregard

the additional source classes during the adaptation process. A more challenging

yet practical scenario is the assumption that the relationship is fully unknown, and

the model is required to handle such situations by correctly classifying the known

classes while identifying the new classes as unknown classes. Figure 8.1 illustrates

all the possible category shifts that can exist between the source and target label

sets. This direction can open further possibilities for the realization of data-driven

approaches in real-world scenarios.

8.2.3 Privacy-Preserving Domain Adaptation

The proposed approaches in this thesis always assume the possibility of sharing

the source and target data. However, this may not be attainable in many practical

scenarios due to privacy constraints. For instance, consider a situation where the

source domain data belong to one entity while the target domain data belong to

a different entity. Existing domain adaptation approaches necessitate the sharing

of these data between different entities. However, sharing the data can badly

violate privacy and confidentiality constraints, which is of great importance to

many industrial entities. Moreover, In the big data era, sharing the whole data of

an entity can add huge computational and storage overheads.
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Figure 8.1: Different category shifts between the source and target domains.
The closed Set DA assumes that source and target domains share the same set
of classes. In Partial DA settings, the target classes are subsets of the source
classes while in Open set settings the source classes are subsets of the target
classes. In open Set DA, there are some source-private classes, target-private
classes, and shared classes among both domains.

Federated Learning (FL), a promising paradigm that can train machine learning

models while preserving data privacy has recently emerged [197]. Unlike conven-

tional ways that transfer data between servers, FL transfers the parameters of

the ML model securely and privately. Thus, coupling federated learning that can

preserve data privacy with domain adaptation that can handle the domain shift

problem can be a promising future direction [198]. Very recently some researchers

have started to pay attention to this promising area, opening the possibilities for

addressing the distribution shift problems under the data-privacy constraints [199].

8.2.4 Bayesian Deep Learning with Uncertainty Quantifi-

cation

Data-driven approaches have widely acclaimed performance in the condition mon-

itoring problem. Many sources of uncertainty are existing under the premise of

real-world environments such as noisy sensory readings, imperfect measurements,

and variability of working conditions. Thus, current deep learning models that

only rely on point estimates can pose serious problems with uncertain predictions.

Therefore, there is a need to quantify the uncertainty of deep learning models to be
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able to provide how certain the model is. Bayesian deep learning approaches can

have a strong potential to quantify uncertainty for data-driven predictive main-

tenance [200]. In standard deep learning, the weights are deterministic and the

network learns by updating these weights to minimize the loss function. Differ-

ently, in Bayesian deep learning, the weights are no longer deterministic and it is

considered random and is sampled from Gaussian distribution with parameters θ.

Learning probability distribution over the weights of the neural network enables

the network to have uncertainty estimate capability. Inspired by this and towards a

more trusted data-driven fault diagnosis and prognosis, we aim to explore Bayesian

deep learning approaches for fault diagnosis and prognosis to quantify the uncer-

tainty of a deep neural network.

8.2.5 Explainable Deep Learning for Predictive Mainte-

nance

Even with realizing robust and accurate deep learning models for predictive mainte-

nance, the explainability of the black-box deep learning models can be a bottleneck

for the applicability of deep learning in real-world applications. For sensitive ap-

plications such as the manufacturing industry, where unexpected behaviors not

only cost economic losses but also cause human causalities, trusting a black-box

predictor is not easily achievable. Therefore, there is an urgent need to realize

explainable deep learning that can provide reasons behind the decisions and give

descriptions to the end-users. Recently, there is a growing body of research field

called Explainable Artificial Intelligence, which concerns about explainability of

data-driven models for computer-vision applications [201]. Various methods have

been developed for the explainability of data-driven models. For instance, a large

body of research has targeted post-hoc methods by trying to explain fully trained

models with an explainability layer [202]. Another set of works has focused on de-

veloping self-explainable models, these methods are named ante-hoc methods [203].

Nevertheless, little attention has been paid to applying XAI for predictive mainte-

nance tasks. We believe realizing explainable and robust deep learning models can

significantly boost the applicability of data-driven predictive maintenance.
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8.3 Summary

The challenges and limitations of academic deep learning approaches when tested

in a real manufacturing environment can be summarized as follows: (1) limita-

tions of labeled data; (2) variability of working environments; (3) point estimates

predictions without uncertainty quantification; (4) black-box predictions without

precise explanations of the reasons behind decisions. Thus, towards addressing

this gap, the proposed works in the thesis have addressed the first two points while

the future works aim to address the other three points. In a nutshell, the thesis’s

contributions coupled with its future work can enable deep learning to be safely

applied in practice.





Appendix A

Appendix for Chapter 5

A.1 Statistical Significance Test

we carried out a comparative analysis of our SLARDA approach and all other base-

lines based on the mean ranks of the accuracy values. We followed the procedure

of Fawaz et al., to measure the statistical difference between different methods

[204]. Particularly, we first used mean test accuracy over 10 runs to compare with

the baseline methods. A Friedman test is used to reject the null hypothesis [205].

Then, a Wilcoxon signed-rank test is leveraged to measure the pair-wise statistical

difference among the baseline methods [206]. Figure A.1 shows the Critical Dif-

ference (CD) diagram with the statistical comparison of our approach against all

other methods. Methods that are not connected by a bold line have significantly

different mean ranks with confidence level of 95%. Clearly, our SLARDA is sig-

nificantly better than other approaches and ranked the highest compared to other

baseline approaches.

Figure A.1: Critical difference diagram that shows pair-wise statistical dif-
ference between our approach and baseline methods. Methods that are not
connected by bold lines has significantly different mean ranks with confidence
level of 95%
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Appendix B

Appendix for Chapter 7

B.1 Connections to Mutual Information

Here, we provide the theoretical derivation of the lower bound of mutual infor-

mation of our multi-domain class-conditional contrasting loss. Formally speaking,

the optimal similarity score is proportional to the density ratio between the joint

distribution and product of marginal distributions [149]. This can be formulated

as follows:

ϕ(a, b) ∝ [
p (a, b)

p (a) p(b)
], (B.1)

where p (a, b) is the joint distribution of (a, b), and p(a)p(b) is the product of

marginal distributions.

In our approach, we aim to obtain the optimal contrastive loss LoptMI for multi-

domain setting. Particularly, for anchor hu, we contrast between the positive

sample in the numerator, i.e., (hu,hv) for v ∈ pos(u), and all samples in the

denominator, i.e., (hu,hi) for i ∈ {0, . . . , k}. It is assumed that the positive sample

is at index i = 0, and the rest are negative samples, as in [207]. We substitute

ϕ function from Eq. 5 into Eq. 6. Subsequently, we split the summation of the

denominator into two parts: the term with i = 0, and the summation from i = 1 to

k. Given that LoptMI is the optimal contrastive loss, the mutual information between

the anchor sample and negative sample, i.e. (hu,hi) for i > 0, will be minimized.

This means that the two samples can be considered as approximately independent
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from each other and the ratio is p(hu,hi)
p(hu)p(hi)

≈ 1 for i > 0 [149]. Last, given that log(k)

is independent from the summation, we take it out while replacing the remaining

summation term by the mutual information notation (i.e., I). The full derivation

can be viewed as follows:

LoptMI = −
∑

v∈pos(u)

log

[
ϕ (hu,hv)∑k
i=0 ϕ (hu,hi)

]

= −
∑

v∈pos(u)

log

[ p(hu,hv)
p(hu)p(hv)∑k
i=0

p(hu,hi)
p(hu)p(hi)

]

= −
∑

v∈pos(u)

log

 p(hu,hv)
p(hu)p(hv)

p(hu,hi)
p(hu)p(hi)

∣∣∣∣
i=0

+
∑k

i=1
p(hu,hi)
p(hu)p(hi)



=
∑

v∈pos(u)

log

 p(hu,hv)
p(hu)p(hv)

p(hu,hi)
p(hu)p(hi)

∣∣∣∣
i=0

+
∑k

i=1
p(hu,hi)
p(hu)p(hi)


−1

=
∑

v∈pos(u)

log


p(hu,hi)
p(hu)p(hi)

∣∣∣∣
i=0

+
∑k

i=1
p(hu,hi)
p(hu)p(hi)

p(hu,hv)
p(hu)p(hv)


=

∑
v∈pos(u)

log

[
1 +

p (hu) p (hv)

p (hu,hv)

k∑
i=1

p (hu,hi)

p (hu) p (hi)

]

≈
∑

v∈pos(u)

log

[
1 +

p (hu) p (hv)

p (hu,hv)
k

]

≥ log(k)−
∑

v∈pos(u)

log

[
p (hu,hv)

p (hu) p (hv)

]
≥ log(k)−

∑
v∈pos(u)

I (hu;hv) .

(B.2)

With all the available positive samples
∑

v∈pos(u) I (hu;hv) ≥ log(k) − LoptMI , by

minimizing LoptMI (hu,hv), we can maximize the lower bound on the mutual infor-

mation I (hu;hv). Notably, as the number of negative samples k increases, the

approximation can be more accurate.
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