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ABSTRACT 
 

This dissertation consists of four published or accepted journal articles that address some 

of the key problems in prognostics and health management area (PHM). Effective health 

diagnostics and prognostics provide multifarious benefits such as improved safety, improved 

reliability and reduced costs for operation and maintenance (O&M) of complex engineered 

systems. Extensive literature reviews on PHM for diagnostics of system health conditions and 

O&M decision-making for complex engineered systems have identified important challenge 

problems for this dissertation as follows: 

 Effective diagnostics of current health states based on heterogeneous sensory data from 

multiple sensors is an intricate problem for condition monitoring techniques to be applied 

on complex engineered systems, mainly due to high system complexity and sensory data 

heterogeneity; 

 With an increasing system complexity, it is extraordinarily difficult to have a well-tested 

system so that all potential faulty states can be realized and studied at product testing stage. 

Thus, real time health diagnostics requires automatic detection of unexampled system 

faulty states based upon sensory data to avoid sudden catastrophic system failures; 

 Despite successful applications of different diagnostic algorithms in various engineering 

fields, a challenge for health diagnostics is that an implicit relationship between different 

system health states and features of sensory signals makes it difficult to develop a generally 

applicable health diagnostics technique.  

 Although diagnostics and prognostics can provide valuable information for proactive 

actions in preventing system failures, their benefits have not been fully utilized for the 

O&M decision-making process. 

To carefully address these important research problems, this dissertation proposes four 

research solutions: a multi-sensor health diagnostics technique using deep belief network, a tri-

fold hybrid classification approach for diagnostics with unexampled faulty states, a multi-attribute 

classification fusion technique to develop a generally applicable health diagnostics framework and 

a generic prognostics-informed O&M decision-making framework by utilizing failure prediction 

information in the O&M decision-making process. In this dissertation, different practical 

engineering applications will be employed as case studies to demonstrate the efficacy of proposed 

research solutions.  
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CHAPTER 1 

INTRODUCTION 

1.1 Research Background 

Effective health diagnostics and prognostics provides multifarious benefits such as 

improved safety, improved reliability and reduced costs for operation and maintenance (O&M) of 

complex engineered systems. Research on real-time diagnostics and prognostics which interprets 

data acquired by smart sensors and distributed sensor networks, and utilizes these data streams in 

making critical decisions advances significantly across a wide range of applications [13]. 

Maintenance and life-cycle management activities, which constitute a large portion of overhead 

costs in many industries, would greatly benefit from these advances [49]. In manufacturing and 

service sectors, unexpected breakdowns can be prohibitively expensive since they immediately 

result in lost production, failed shipping schedule, and poor customer satisfaction. In order to 

reduce and possibly eliminate such problems, it is necessary to accurately assess current state of 

system degradation through effective health diagnostics and predict remaining useful life (RUL) 

of the system through effective prognostics. Two major research areas have tried to address these 

challenges: reliability and condition monitoring. Although reliability and condition monitoring are 

seemingly related, reliability focuses on population-wide characteristics while condition 

monitoring deals with component-specific properties. Reliability analysis is performed based on 

time-to-failure data [1013] or physics-based models (e.g., fatigue, wear, and corrosion) [14, 15]. 

In contrast, condition monitoring research uses sensory information from functioning systems to 

assess their degradation states. Continuous condition monitoring and real-time failure diagnostics 

using sensory data acquired from smart sensors not only notifies performance degradation of 
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system components at both early and advanced stages of damages, but enables failure prognostics 

to facilitate crucial decision-makings on system reliability and safety improvements [1618]. 

Recently, prognostic health management (PHM) has emerged as a key technology to assess 

the current health condition and predict the future degradation performance of an engineered 

system throughout its lifecycle. PHM consists of three main thrusts namely, diagnostics; 

prognostics; and O&M as shown in Figure 1.1. A wide range of practical applications for PHM 

have been reported in the literature and some of the successful ones include condition monitoring 

of bearings [1921], machine tools [22], transformers [23], engines, and turbines. 

Figure 1.1. Prognostics and Health Management 

1.2 Research Challenges 

Extensive literature reviews on PHM for complex engineered systems have identified 

following four important challenge problems. 

(1) Despite the success of assessing the current health state (HS), effective diagnostics based on 

heterogeneous sensory data from multiple sensors is still an intricate problem and remains as a 

major challenge for condition monitoring techniques to be applied on complex engineered systems, 

mainly due to high system complexity and sensory data heterogeneity. Thus, one of the most 

important tasks in multi-sensor health diagnostics is to develop diagnostic procedure which can 

PHM

Diagnostics Prognostics O&M
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effectively handle heterogeneous multi-dimensional sensory signals and accurately classify 

different HSs based on these acquired sensory signals.  

(2) Successful implementation of system health diagnostics relies on not only advanced sensing 

technology, but more importantly the understanding of relationships between the features of 

heterogeneous sensory signals and the underlying system health conditions [1]. In health 

diagnostics, the condition of an operating system is usually described by different HSs (for 

example, healthy, faulty state due to different component failures, etc.), and in general there are 

two categories of HSs distinguished based on the prior knowledge of the system: namely the 

exampled HS (EHS) and the unexampled HS (UHS). The EHS represents a category of system 

health conditions that the features of the sensory signals from them are clearly understood, and 

normally shown as training data. On the contrary, the UHS represents a category of system health 

conditions that the features of the sensory signals from them are not understood and normally 

shown as no prior knowledge or training data available. With an increasing system complexity, it 

is extraordinarily difficult to have a well-tested system so that all potential faulty states can be 

realized and studied at product testing stage. Thus, real time health diagnostics requires not only 

accurate identification of EHS, but also automatic detection of UHS through heterogeneous 

sensory signals, as the misidentification or ignorance of UHS could lead to catastrophic system 

failures. 

(3) Despite successful applications of different diagnostic algorithms in various engineering fields, 

a challenge for health diagnostics is that the implicit relationship between different system HSs 

and features of sensory signals makes it difficult to develop a generic health diagnostics algorithm. 

Furthermore, there are many factors that influence the efficacy of diagnostic systems, such as the 

(i) dependency of the algorithm’s accuracy on the number of data points in a training data set; (ii) 
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significant variability in manufacturing conditions and large uncertainties in environmental and 

operational conditions; and (iii) sensory signal relationships with different HSs (e.g., linear, 

nonlinear). Therefore, no single diagnostic classifier works well for all possible situations. It would 

be beneficial to improve the strengths of different individual algorithms to form a robust unified 

algorithm, instead of using individual diagnostic algorithms. 

(4) Maintaining system in top operating condition ensures not only a continuous revenue 

generation but a reduction in O&M costs. The O&M decision for a system is generally governed 

by different stochastic parameters, such as health conditions of different components, failure and 

repair costs, spare parts availability, and logistics constraints. The stochastic nature of these 

parameters during the lifecycle of a system makes the O&M decision-making a prominent but 

challenging problem. Therefore, the need for O&M planning tools with greater functionalities is 

reaching a critical stage. Advances in high performance sensing and signal processing technologies 

enable the development of diagnostics and prognostics tools applied on systems to detect, 

diagnose, and predict the system-wide effects of failure events. Although diagnostics and 

prognostics can provide valuable information for proactive decision-making in preventing system 

failures, the benefits brought by failure prognostics have not been fully utilized for O&M decision-

making process. 

The identified important research problems can be summarized as the following research 

questions: (1) how accurate different HSs of the system can be predicted with multi-sensor data; 

(2) how to automatically detect unexampled system faulty states based upon sensory data to avoid 

sudden catastrophic system failures; (3) how classification results from different classifiers can be 

combined into an unified diagnostics decision; (4) how to utilize predictive failure information for 

optimal O&M decision-making.  
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1.3 Research Scope and Objectives 

The main objective of this dissertation is to improve the PHM field with multi-sensor data 

handling in diagnostics, UHS detection, robust diagnostics and prognostics-informed O&M 

decision-making. The scope of the work in this dissertation is to address the research challenges 

identified in the previous section by developing the following research solutions: 

1.3.1 Research Solutions 

Research Solution 1: A Multi-Sensor Health Diagnostics using Deep Belief Networks: 

The deep belief network (DBN) presented in Chapter 2 enables multi-sensor data handling 

in health diagnostics. DBN has its promised advantages such as fast inference and the ability to 

encode richer and higher order network structures. The DBN employs a hierarchical structure with 

multiple stacked restricted Boltzmann machines and works through a layer by layer successive 

learning process. The proposed multi-sensor health diagnostics methodology using DBN based 

state classification is structured in three consecutive stages: first, defining HSs and preprocessing 

sensory data for DBN training and testing; second, developing DBN based classification models 

for diagnostics of predefined HSs; third, validating DBN classification models with testing sensory 

data set.  

Research Solution 2: A Tri-Fold Hybrid Classification Approach for Diagnostics with 

Unexampled Faulty States: 

Real time health diagnostics requires automatic detection of unexampled system faulty 

states based upon sensory data to avoid sudden catastrophic system failures. A tri-fold hybrid 

classification (THC) approach is proposed for health diagnostics with UHS, which comprises of 

preliminary UHS identification by using an Enhanced Mahalanobis distance (EMD) classifier, 

UHS diagnostics using a two-class support vector machine (SVM) classifier, and EHS diagnostics 
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using a multi-class SVM classifier. The proposed THC approach, which takes the advantages of 

both TMD and SVM-based classification techniques, is able to identify and isolate the unexampled 

faulty states through interactively detecting the deviation of sensory data from the EHS and 

forming new ones autonomously. This research solution is presented in Chapter 3. 

Research Solution 3: A Multi-Attribute Classification Fusion System for Health Diagnostics: 

A multi-attribute classification fusion system presented in Chapter 4 leverages the strengths 

provided by multiple membership classifiers to form a robust classification model is proposed for 

health diagnostics. This research develops a novel classification fusion approach for health 

diagnostics with three consecutive stages: (i) fusion formulation using a k-fold cross validation 

model; (ii) diagnostics using multiple multi-attribute classifiers as member algorithms; and (iii) 

fusion of classifiers uses weighted majority voting with dominance system. The developed multi-

attribute classification fusion system provides an effective tool for the continuous monitoring of 

health conditions. 

Research Solution 4: Prognostics-Informed O&M Decision-Making Framework: 

Prognostics provide valuable information for proactive actions in preventing system 

failures, its benefits are utilized for the O&M decision-making process to predict the next 

maintenance period. This research solution proposes a generic failure prognostics-informed 

decision-making tool for O&M while considering the predictive failure information of system and 

its uncertainty. In the proposed approach, the probabilistic damage growth model is used to 

characterize system performance degradation and failure prognostics, whereas the economic loss 

measured by monetary values are considered in the decision-making process. The developed 

decision-making methodology can be used to identify optimum and robust strategies for O&M in 

order to maximize the economic benefits. This research solution is presented in Chapter 5. 
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1.4 Dissertation Overview 

The dissertation is organized as follows. Chapter 2 presents the DBN working procedure 

and the developed DBN health diagnostics framework. Chapter 3 presents the proposed THC 

approach for UHS detection. Chapter 4 discusses the proposed robust classification fusion 

algorithm. Chapter 5 presents the DBN based prognostics framework. Chapter 5 presents the 

prognostics informed O&M decision-making framework. In Chapter 6, conclusions and future 

work are summarized.  
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CHAPTER 2 

MULTI-SENSOR HEALTH DIAGNOSTICS USING DEEP BELIEF NETWORKS 

2.1 Abstract 

Effective health diagnostics provides multifarious benefits such as improved safety, 

improved reliability and reduced costs for operation and maintenance of complex engineered 

systems. This chapter presents a novel multi-sensor health diagnostics method using deep belief 

network (DBN). DBN has recently become a popular approach in machine learning for its 

promised advantages such as fast inference and the ability to encode richer and higher order 

network structures. The DBN employs a hierarchical structure with multiple stacked restricted 

Boltzmann machines and works through a layer by layer successive learning process. The 

proposed multi-sensor health diagnostics methodology using DBN based state classification can 

be structured in three consecutive stages: first, defining health states and preprocessing sensory 

data for DBN training and testing; second, developing DBN based classification models for 

diagnostics of predefined health states; third, validating DBN classification models with testing 

sensory data set. Health diagnostics using DBN based health state classification technique is 

compared with four existing diagnostic techniques. Benchmark classification problems and two 

engineering health diagnostic applications: aircraft engine health diagnostics and electric power 

transformer health diagnostics are employed to demonstrate the efficacy of the proposed approach. 

Index Terms: Fault Diagnostics, Artificial Intelligence in Diagnostic Classification, Deep Belief 

Networks.  

2.2 Acronyms 

BNN = back-propagation neural network 

DBN = deep belief networks  
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HS = health state 

MD = Mahalanobis distance 

PHM = prognostics and health management 

RBM = restricted Boltzmann machine 

SVM = support vector machine 

SOM = self-organizing map 

2.3 Notations 

xi = p-dimensional vector  

ci = ith class label  

µj = mean vector of the training data 

Sj = variance matrix of the training data 

wij = synaptic weight between the ith and the jth neurons 

si = state of the ith neuron 

P(∙) = probability distribution function 

bi = bias of the ith neuron  

hi = state of the ith neuron in hidden layer 

vi = state of the ith neuron in visible layer 

m = momentum 

n = epoch number 

2.4 Introduction 

Effective health diagnostics provides multifarious benefits such as improved safety, 

improved reliability and reduced costs for operation and maintenance of complex engineered 

systems. Research on real-time diagnostics and prognostics which interprets data acquired by 
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smart sensors and distributed sensor networks, and utilizes these data streams in making critical 

decisions advances significantly across a wide range of applications [13]. Maintenance and life-

cycle management activities, which constitute a large portion of overhead costs in many industries, 

would greatly benefit from these advances [49]. In manufacturing and service sectors, unexpected 

breakdowns can be prohibitively expensive since they immediately result in lost production, failed 

shipping schedule, and poor customer satisfaction. In order to reduce and possibly eliminate such 

problems, it is necessary to accurately assess current stated of system degradation through effective 

health diagnostics. Two major research areas have tried to address these challenges: reliability and 

condition monitoring. Although reliability and condition monitoring are seemingly related, 

reliability focuses on population-wide characteristics while condition monitoring deals with 

component-specific properties. Reliability analysis is generally performed based on time-to-failure 

data [1013] or physics-based models (e.g., fatigue, wear, and corrosion) [14, 15]. In contrast, 

condition monitoring research uses sensory information from functioning systems to assess their 

degradation states. Continuous condition monitoring and real-time failure diagnostics using 

sensory data acquired from smart sensors not only notify performance degradation of system 

components at both early and advanced stages of damages, but enable failure prognostics to 

facilitate crucial decision-makings on system reliability and safety improvements [1618]. A wide 

range of practical applications for condition monitoring and failure diagnostics have been reported 

in the literature and some of the successful ones include condition monitoring of bearings [1921], 

machine tools [22], transformers [23], engines [24], and turbines [25]. Despite the success, 

effective diagnostics of current health state (HS) based on heterogeneous sensory data from 

multiple sensors is still an intricate problem and remains as a major challenge for condition 

monitoring techniques to be applied on complex engineered systems, mainly due to high system 
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complexity and  sensory data heterogeneity. Thus, one of the most important tasks in multi-sensor 

health diagnostics is to develop diagnostic approaches which can effectively handle 

multidimensional heterogeneous sensory signals and accurately classify different HSs based on 

these acquired sensory signals. 

Despite the challenges in system health diagnostics, there is another isolated group of 

research specific to pattern classification in image processing, which mainly specializes on 

classification processes. System health diagnostics with heterogeneous multidimensional sensory 

data is similar with the pattern classification problem with a high dimensionality of image data. In 

both cases, machine learning techniques have been dominant approaches and the learning 

complexity grows exponentially with the increase in heterogeneity and dimensionality of acquired 

sensory data [26]. In the past decade, pattern classification techniques have moved into a new 

platform of learning procedure called deep machine learning [26]. Analysis of the similarity 

between health diagnostics and pattern classification in these different applications motivates the 

emergence of a perfect collaboration in their learning techniques. There lies a great potential and 

also a critical need to utilize the advantages of deep machine learning techniques to address the 

challenges faced in system health diagnostics. However, advantages of evolving deep machine 

learning process have not been employed in current condition monitoring and health diagnostics 

research. Thus, this study proposes an efficient way to utilize the benefit of deep machine learning 

process to handle the complexity of sensory signals for the application of health diagnostics. 

This chapter presents a novel multi-sensor health diagnostics method using deep belief 

network (DBN). DBN has recently become a popular approach in machine learning for its 

promised advantages such as fast inference and the ability to encode richer and higher order 

network structures. The DBN works based on restricted Boltzmann machine (RBM) and learns 



 

13 
 

layer by layer of a deep network structure. The proposed diagnostics methodology can be 

structured in three consecutive stages: first, defining HSs and preprocessing sensory data for DBN 

training and testing; second, developing DBN based classification models for the diagnostics of 

predefined HSs; third, validating DBN classification models with testing sensory data set. Health 

diagnostics using DBN based HS classification technique is compared with four existing 

diagnostic techniques: SVM, BNN, SOM, and MD classifier. Benchmark classification problems 

and two engineering health diagnostic applications: aircraft engine health diagnostics and electric 

power transformer health diagnostics are employed to demonstrate the efficacy of the proposed 

approach. The rest of the chapter is organized as follows: Section 2.5 presents the related work of 

health diagnostics with existing state of the art classification techniques; Section 2.6 details the 

proposed health diagnostics approach with DBN based classification; Section 2.7 demonstrates the 

developed diagnostics approach with case studies; Section 2.8 summarizes the presented research 

and the future work. 

2.5 Related Work 

Due to the complexity of system degradation characteristics and potential heterogeneity of 

sensory signals, multi-sensor health diagnostics of complex engineered systems remains as an 

intricate problem. Consequently, machine learning techniques and statistical inference techniques 

are often employed to solve this problem. Significant advances have been achieved in applying 

classification techniques based on machine learning [2734] or statistical inferences [3537], 

which resulted in a number of state-of-the-art HS classification methods, such as back-propagation 

neural network (BNN) [2730], self-organizing maps (SOM) [31], support vector machine (SVM) 

[28, 3234], and Mahalanobis distance (MD) [32, 35]. This section surveys the current literature 
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and briefly discusses the working principle and capabilities of the different existing classification 

techniques. 

In general, machine learning based diagnostic techniques can be broadly classified into 

supervised and unsupervised learning approaches. This chapter focuses on the supervised learning 

process in diagnostic classification. The supervised learning is the process of learning a 

relationship between input values and desired target labels in the form of set of patterns. The error 

values are evaluated and given as feedback to the learning model to get potential optimal solutions. 

The learnt relationship/function from training data set is used as a classifier model to predict 

unlearnt data set with unknown patterns. Unlike supervised learning process, unsupervised 

learning process does not utilize labeled training data. The BNN and the SOM are two 

representative artificial neural network type diagnostic techniques that are based on supervised 

learning and unsupervised learning respectively. The BNN possesses a basic neural network 

structure with three different types of layers: the input layer, the output layer and the hidden layers 

[27], and is generally trained through optimizing synaptic weights and biases of all neurons till a 

desired classification rate is obtained. Using BNN, the health diagnostics problem is solved as a 

HS prediction problem using trained neural networks. Different with the BNN, the SOM is an 

unsupervised learning technique working based on neurons that determines a closest best-matching 

unit distance to the input vector [31], and uses it to construct class boundaries graphically on a two 

dimensional map. The BNN and the SOM have been used as state classification methods for 

different health diagnostics applications [27]. The main drawback of the BNN and SOM is the 

over-fitting of the data to the classification model and leading to significant error values in complex 

scenarios. 
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The SVM is a state-of-the-art technique for multi-dimensional classification based on 

supervised learning. The SVM organizes input data D into two sets of vectors in a p-dimensional 

space as 

 
    , | , 0, 1, 2 1,2, ...,p

i i i iD c R c i p   x x    ,     (2.1) 

where ci is the ith class label (e.g., 0, 1, or 2) indicating the class to which data point xi belongs. 

Each xi is a p-dimensional real vector, shows the preprocessed p-dimensional sensory data. With 

the organized input data, the SVM constructs hyper-planes with maximum margins to divide data 

points with different ci values [33]. A hyper-plane can be written as a set of points x satisfying 

 
0b  w x  (2.2) 

where vector w is a normal vector that is perpendicular to the hyper-plane. The parameter b/||w|| 

determines the offset of the hyper-plane from the origin along the normal vector w. We want to 

choose the w and b to maximize the margin, or distance between the parallel hyper-planes of the 

margin. The optimization problem is defined as 

  

21
2minimize    w

. .    w x 1i is t c b  
 (2.3) 

Solving the optimization problem above will eventually provide a set of optimized w and 

b that define the classification margins [33]. The optimal hyper-plane algorithm for non-linear 

input space can be performed by employing kernel functions, through which the input vector x is 

transformed into a high dimensional feature space and maximum-margin hyper-planes in a 

transformed feature space classify different classes for the data from the non-linear input space. 

With the nonlinear kernel functions, the complexity of the classification problem depends only on 

the dimensionality of the input space instead of the high dimensional feature space.  
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The above described methods, the BNN, the SOM and the SVM, are different machine 

learning techniques for HS classification. Unlike these methods, the MD classifier is a 

classification technique based on statistical inference using the Mahalanobis distance measure. 

The MD measure shows the degree of deviation of the measured data point xj from a reference 

training set, which can be calculated as 

 
     1T

j j j j j jD   x x μ S x μ  (2.4) 

where xj = (x1,x2, …, xn) is a multi-dimensional data vector,  and S are the mean vector and 

variance matrix of the reference training data set. Wang et al. [35] classified different HSs using 

this statistical measure and the testing data set was classified into one HS with a minimum MD 

measure. The advantages and potentiality of different algorithms can be combined to overcome 

some of the drawbacks of the existing algorithms. Some researchers combined two or more 

existing machine learning techniques and formed hybrid models from different individual 

algorithms. Zhang et al. [38] proposed a bearing fault diagnostics methodology using multi-scale 

entropy (MSE) and adaptive neuro-fuzzy inference system. Saimurugan et al. [39] presented a 

multi component fault diagnostics of rotational mechanical system based on decision tree and 

support vector machine.  

Despite the demonstrated applicability of the above mentioned classification methods, 

continuous health monitoring through multi-sensor health diagnostics remains as one of the 

challenge problems to be addressed in the field of state classification and health diagnostics [40]. 

In general, the complexity of a classification model increases with increase in number of sensors 

and heterogeneity of sensory signals. There is another set of research in the field of classification 

techniques apart from health diagnostics, which is pattern classification in the image processing 

field. The problems faced in the diagnostic classification problem with multi-sensors are similar 
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to the pattern classification problems with the high dimensionality of image data. In the last decade, 

pattern classification has advanced into a new paradigm with emerging techniques of deep machine 

learning. The requirement of handling multidimensional heterogeneous sensory signals in the 

diagnostic classification and advantages of deep machine learning techniques to handle the high 

dimensionality of data motivated the emergence of a perfect collaboration in their learning 

techniques. However, the advantages of evolving deep machine learning techniques have not been 

fully utilized for failure diagnostics. Thus, this chapter presents a novel multi-sensor health 

diagnostics method based on DBN, which utilizes the benefit of deep machine learning process to 

handle the complexity of sensory signals for failure diagnostics applications. DBN is a recent 

offspring of supervised machine learning with deep learning capability, fast inference, fast 

unsupervised learning and ability to encode richer and higher order network structures [41]. Multi-

layered deep belief networks enhance the classification capability for complex diagnostics 

problems. The following section details the proposed health diagnostics approach using DBN 

based state classification. 

2.6 System Health Diagnostics using DBN  

This section details the proposed multi-sensor health diagnostics approach using DBN 

based state classification. Subsection 2.6.1 overviews the DBN architecture and the methodology 

involved in DBN machine learning. Subsection 2.6.2 presents the learning function and the 

validation process of DBN for HS classification. Subsection 2.6.3 presents the overall procedure 

of the proposed diagnostics approach. 

2.6.1 Deep Belief Network Architecture 

This subsection introduces the DBN architecture and the general methodology involved in 

DBN machine learning. DBN employs a multi-layered architecture which consists of one visible 
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layer and multiple hidden layers as shown in Figure 2.1. The visible layer of a DBN accepts the 

input data and transfers the data to the hidden layers in order to complete the learning process [41]. 

The DBN structure is similar to the stacked network of the restricted Boltzmann machine 

(RBM) [42]. Each RBM consists of two layers, namely visible layer and hidden layer. As noted 

by the name, the connections between the nodes within each RBM layer (visible layer or hidden 

layer) are restricted. The process of transformation of data from visible layer to the hidden layer is 

finished through a sigmoid activation function based on the RBM learning rule [42]. An example 

DBN structure is shown in Figure 2.1, which consists of three stacked RBMs, as layer 1 (visible 

layer) and layer 2 (hidden layer 1) forms the first RBM 1, layer 2 (hidden layer 1) and layer 3 

(hidden layer 2) forms the second RBM, and layer 3 (hidden layer 2) and layer 4 (hidden layer 3) 

forms the third RBM. 

Hidden 

Layer 3

Data

 Layer

Network 

Output

RBM 1

RBM 2

RBM 3

Hidden 

Layer 2

Hidden 

Layer 1

 
 

Figure 2.1. Deep Belief Network Structure 
 

Each successive layer in the DBN structure follows the same transformation concept and 

passes the regularity throughout the DBN architecture [43]. The overall learning process of the 

DBN classifier model is described by the flowchart shown in Figure 2.2. As shown in the figure, 

the model inputs include preprocessed batch data, total number of layers in the DBN classifier 
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model, total number of hidden neurons in each hidden layer and maximum number of epochs for 

the training process. These input parameters are initialized before the start of the DBN training 

process. 

STARTSTART

Train Network using RBM 
learning rule

Train Network using RBM 
learning rule

Save weights of hidden-visible 
connections and biases

Save weights of hidden-visible 
connections and biases

STOPSTOP

Set Layer, i = 1Set Layer, i = 1

Backprop Classification 
(Supervised Learning)

Backprop Classification 
(Supervised Learning)

If i <= 
Maxlayer
If i <= 

Maxlayer

NO

YES

Input Data, Maximum Number of layers (Maxlayer), 
Number of Neurons for Each Layer,

Maximum Number of Epochs (Maxepoch)

Set Layer, 
i = i+1

Set Layer, 
i = i+1

 
 

Figure 2.2. Flowchart of the DBN Training Process 

Each layer of the DBN is trained using the RBM learning rule with two learning steps, 

namely positive and negative phases. The positive learning phase transfers data from bottom 

visible layer to hidden layer and determines the probability of generating hidden units as p(h|v,W), 

whereas the negative phase operates as a reconstruction of the data from previous visible layer and 

determines the probability of generating visible units as p(v|h,W). The observed data vector is used 

as an input to the visible units. The repetitive positive and negative phases in the training of RBM 

layers will result in trained weights and generated visible units after a maximum number of training 

epochs. The overall system function of DBN learning procedure can be expressed as the 

probability of generating a visible vector (v) as a function of weights and hidden vectors based on 

RBM learning rule [42]. The probability of generating a visible vector p(v) by DBN learning 
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process can be formulated using the probability of generating visible units in the reconstruction 

phase of the previous epoch p(v|h,W) and the probability of generating hidden units in the positive 

phase of the current epoch p(h|v,W),  as  

 
     | , | ,

h
p v p h v W p v h W   (2.5) 

The learning process continues through an iterative process from a lower layer to a higher 

layer till the maximum number of layers is trained. During the DBN layer by layer training process, 

each RBM is individually trained and the weights and biases are saved for further analysis. At the 

end of the training process, the data is transferred from bottom visible layer (data layer) to higher 

invisible layers throughout the DBN architecture [41]. Weights between visible and hidden layers 

and biases of the neurons in each DBN layer are optimized until the number of maximum epochs 

is reached. Notice that the DBN layer by layer training is an unsupervised learning process where 

class labels of the training data are not provided. The label information of the training data will be 

used during the succeeding supervised learning process, namely the back-propagation training. 

Detailed steps involved in the RBM training process are explained in the following subsection. 

2.6.2 Training and Validation of DBN Classifier Model 

This subsection discusses training and validation of DBN classifier models. The DBN 

training process can be divided into two steps, namely stacked RBM learning and back-

propagation learning. The following subsections describe these two steps in detail. 

2.6.2.1 Stacked RBM Learning 

As discussed in subsection 2.6.1, DBN is structured with stacked RBMs and training of a 

DBN classifier model is completed through sequential training of each individual RBM structure 

using the RBM learning rule. Each RBM unit consists of two layers. There are a number of neurons 

in each layer and there is no synaptic weight connection between neurons within the same layer 
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[44]. Thus, the major training parameters considered in the RBM training process are the synaptic 

weights between layers and the biases of neurons. The transformation function used in the training 

process is the sigmoid transformation with log-likelihood function which transforms the data from 

one layer to another [42] and it is shown as  

 

1
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1 exp(- - )
  i

i j ijj

P s
b s w

 
 

 (2.6) 

where si and bi are the state and bias of the ith neuron in the hidden layer, respectively; sj is the 

state of the jth neuron in the visible layer, and wij represents the synaptic weight between the ith and 

jth neurons.  
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Figure 2.3: Iterative Learning Process of RBM Unit 
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Figure 2.3 shows the iterative learning process for one RBM unit. At the beginning of the 

training process, the synaptic weights and biases of all neurons in each RBM layer are initialized. 

After the initialization, the RBM unit will be trained iteratively with the input training data. The 

training data set is often divided into mini-batches with a small number of data vectors and the 

weights are updated after treating each mini-batch. The states of neurons in the RBM hidden layer 

are determined through transforming the states of neurons in the visible layer with corresponding 

synaptic weights and the biases of hidden layer neurons with a transformation function. Each 

training epoch consists of two phases, the positive phase and the negative phase. The positive 

phase transforms the input data from the visible layer to the hidden layer whereas the negative 

phase operates as a reconstruction of the neurons of the previous visible layer. The positive and 

negative phases of RBM learning can be expressed mathematically by Eqs. (2.7) and (2.8) 

respectively, as  

 
( 1| ) (- - )j j k jkk

P h v sigm b v w    (2.7) 

 
( 1| ) (- - )k k j jkj

P v h sigm b h w    (2.8) 

where hj and vk  are the states for the jth neuron in hidden layer and the kth neuron in the visible 

layer, respectively. Eq. (2.7) denotes the positive phase learning process in which the states of 

neurons in the hidden layer are determined through sigmoid transformation, whereas Eq. (2.8) 

describes the negative phase learning process while the states of neurons in the visible layer are 

reconstructed. The visible and hidden layer neurons are binary stochastic neurons with binary 

states 0 or 1, which representing on and off conditions of the neurons in the learning process. 

After the learning process for both positive and negative phases, synaptic weights and 

biases can be updated based on state vectors of neurons in both hidden and visible layers [42]. The 

update of synaptic weight, wjk, can be formulated as 
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 jk k j k jdata recon

w v h v h    (2.9) 

where δ is a value between 0 and 1, denoting the learning rate; <vkhj>data is the pairwise product 

of the state vectors for the jth neuron in the hidden layer and the kth neuron in the visible layer after 

the positive phase learning process, whereas <vkhj>recon denotes the pairwise product after the 

negative phase learning process for reconstruction of the visible layer. The same learning rule is 

utilized for bias updating, but individual hidden and visible units are used instead of pairwise 

products [42]. To stabilize the RBM learning process, a momentum (m) is usually used in updating 

the synaptic weights and biases. With momentum, the weight update, wjk, at the current epoch 

can be related to the weight update in the previous epoch and formulated as  

 
   1[ [] ]jk n jk n k j k jdata recon

w wm v h v h      (2.10) 

In this study, the initial and final momentums utilized in the RBM training process are 0.5 

and 0.9 respectively [42]. The learning parameters such as weights and biases of each RBM in a 

DBN classifier model will be continuously optimized until a maximum number of training epochs 

are reached. This completes the training of one RBM and the process will be continued until all 

RBMs in the DBN structure are trained. This iterative learning process that trains one individual 

RBM at a time successively is referred to as the layer by layer DBN training process. 

Figure 2.4 demonstrates the unsupervised DBN learning process using a sample DBN 

structure with four hidden layers. Considering the training process for the first RBM unit in the 

DBN structure as shown in Figure 2.4(a), the input data is first given to the visible layer of this 

RBM unit. The next step is to transform the input data from the RBM visible layer to the hidden 

layer using visible layer parameters. While the training epoch reaches its maximum number and 

the training of the first RBM is accomplished, the hidden layer of this RBM unit becomes the 

visible layer of the second RBM unit. The training process is continued for the second and the 



 

24 
 

third RBM units as shown in Figures 2.4(b) and 2.4(c) respectively. The training of the DBN is 

accomplished through the successive training of each individual RBM unit, as shown in Figure 

2.4(d). 

The trained weights and biases of the RBM layers from the unsupervised RBM learning 

are utilized in the next step of the DBN training process, referred to as supervised back-propagation 

learning process. 
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Figure 2.4. Layer by Layer Training of DBN 
 

2.6.2.2 Back-Propagation Learning 

After the successive layer by layer learning process, the next step of the DBN training is 

the supervised learning process, which will be accomplished by the back-propagation training 

algorithm. The supervised learning process further reduces the training error and improves the 
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classification accuracy of the DBN classifier model. The supervised learning uses labeled data for 

the training of the DBN model. Unlike the unsupervised DBN training process that considers one 

RBM at a time, the back-propagation DBN training process considers all DBN layers 

simultaneously. The training error is calculated using model outputs and the target label data. The 

parameters of the DBN classifier model are updated in order to minimize the training error [45]. 

The back-propagation learning is continued until the network output reaches the maximum number 

of epochs. After the supervised back-propagation training process, the trained DBN classifier 

model can be further fine-tuned to improve the classification accuracy through certain fine-tuning 

algorithms. In this study, the conjugate gradient approach is employed for the DBN classifier 

model fine tuning purpose. More information regarding the DBN fine tuning can be found in the 

reference [41]. 

After the DBN training and fine tuning process, another crucial step required to check the 

validity of the trained DBN classifier is the DBN model validation. Through the model validation 

process, the trained DBN model will be assessed for its classification validity. The synaptic 

weights and biases saved during the DBN training process will be used to determine 

misclassification errors, which will be employed as the validation metric to validate the 

performance of trained DBN classifier model. The misclassification error is calculated as the ratio 

of number of misclassified data points to the total number of data points in the input data set. The 

validation process of the DBN classifier model is carried out for both the training and testing data 

sets. Based on misclassification errors, DBN model can be validated and then applied for the health 

diagnostics based on the acquired sensor data [28]. 
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2.6.3 General Procedure for DBN Classification 

Table 2.1 summarizes the procedure of applying the DBN based state classification for 

health diagnostics. As shown in the table, the first step is to define the diagnostics problem and 

identify possible system HSs. After different system HSs being identified, collecting sensory data 

from each HS is the second step in the diagnostics process. To ensure a good diagnostics result, 

preprocessing of the sensory data becomes an essential step to convey the health relevant 

information from the raw sensory signals for the classification process. Preprocessed sensory data 

with known classes will be divided into training and testing data sets, which will be further divided 

into a set of mini-batches for the training of the DBN classifier model. The DBN classifier model 

is initialized and trained using the mini-batches of the training data set. The detail architecture of 

the DBN classifier model is altered based on the input patterns with different known HSs. The 

DBN classifier model is validated using the misclassification error determination process as 

discussed in the previous subsection. Steps 67 in Table 2.1 will be iteratively repeated until the 

model reaches the maximum number of epochs. Completely trained and validated DBN classifier 

model is then set to classify real time sensor signals to the corresponding HSs. 

 
Table 2.1. Procedure for DBN classification 

Step 1: Define the diagnostics problem and HSs 

Step 2: Collect and preprocess the sensory data for each predefined HS 

Step 3: Divide the data set into training and testing data sets separately 

Step 4: Divide the training and testing data sets input into set of mini-
batches with its target output 

Step 5: Develop DBN classifier models 

Step 6: Train the DBN classifier models using the training data 

Step 7: Determine misclassification of the training and testing data 

Step 8: Perform diagnostics using the trained DBN classifier models 
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2.7 Health Diagnostics Applications 

The proposed health diagnostics using the DBN based state classification approach is 

demonstrated with benchmark diagnostics data sets and two health diagnostics case studies. The 

first health diagnostic case study employs 2008 IEEE PHM challenge data for aircraft engine 

health diagnostics, while the second case study used in this chapter is power transformer 

mechanical fault diagnostics. The performance of health diagnostics using the proposed DBN 

based state classification approach for benchmark data sets and two case studies is compared with 

four existing diagnostics algorithms and the results are presented in the follow. 

2.7.1 Benchmark Data Sets 

Benchmark diagnostics data sets employed in this study are iris data set [46], wine data set 

[47], Wisconsin breast cancer diagnostics data set [48] and E-coli data set [49]. The number of real 

attributes involved in the classification problem, number of classes and total number of instances 

of each data set are listed in Table 2.2. The total instances for each benchmark data set are divided 

into training data set and testing data set equally. 

The architectures of each classifier model used in the comparison study are as follows. The 

trained DBN model architecture has one bottom data layer, one top output layer and three hidden 

layers in between. The data layer and the output layer are constructed with neurons denoting the 

input parameters and the target classes respectively, whereas 100 neurons are used for each hidden 

layer of the DBN models for all benchmark data sets. The BNN architecture has three processing 

layers: input, hidden, and output. Similar to the DBN architecture, the input layer and the output 

layer are constructed with neurons denoting the input parameters and the target classes 

respectively. A single hidden layer with 10 neurons and the sigmoidal transfer function are used 

to model the BNN model for each data set. The 10x10 architecture of neurons is used to develop 
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SOM models for all data sets. A Gaussian kernel function in one against all SVM model is used to 

train SVM classifiers for all benchmark data sets. To account for the stochastic nature of machine 

learning based diagnostics algorithms, the classification process for each data set is repeated for 

100 times and the average classification rates for training and testing data sets are summarized in 

Table 2.3 and 2.4 respectively. 

 
Table 2.2. Problem Complexity of the Benchmark Data Sets 

Data No. of Real 
Attributes No. of Classes No. of Instances 

Iris 4 3 150 
Wine 13 3 178 

Breast Cancer 30 2 569 

E-coli 7 8 336 

 
Table 2.3. Classification Results of Training Data Sets 

Benchmark 
Data Sets 

Classification Rate Training (%) 

DBN SVM BNN SOM MD 

Iris 100.00 100.00 100.00 96.67 98.67 

Wine 100.00 100.00 97.73 95.46 94.31 

Breast Cancer 97.18 96.52 88.41 92.37 88.38 

E-coli 98.39 95.74 94.59 93.21 96.77 

 
Table 2.4. Classification Results of Testing Data Sets 

Benchmark 
Data Sets 

Classification Rate Testing (%) 

DBN SVM BNN SOM MD 

Iris 98.44 97.31 94.73 96.01 93.33 

Wine 98.39 96.65 95.32 91.63 92.22 

Breast Cancer 96.78 93.58 84.88 87.25 86.31 

E-coli 97.13 95.07 93.18 91.22 94.19 
 



 

29 
 

As shown in Tables 2.3 and 2.4, due to a higher complexity of the breast cancer data set 

compared with other benchmark data sets used in the case study due to a relatively larger number 

of attributes involved in the classification, the correct classification rate of the breast cancer data 

set is relatively lower for all algorithms. However, because of the capability to handle high 

complexity of sensory data through encoding richer and higher order network structures, the 

proposed DBN based health diagnostics approach provides a high diagnostics accuracy that 

outperforms other diagnostics algorithms used in the comparison, especially when dealing with 

high dimensional heterogeneous diagnostics inputs. As also revealed by other benchmark data sets, 

the overall performance of the proposed DBN based health diagnostics approach is robust and 

provides good diagnostics results in all the cases in comparison with four existing diagnostics 

algorithms. 

2.7.2 2008 PHM Challenge Problem 

The 2008 PHM challenge problem [50] is employed in this study to demonstrate the 

proposed DBN based diagnostics approach. 

2.7.2.1 Case study Description 

The challenge data set comprises of multivariate time series signals that were collected 

from an aircraft engine dynamic simulation process. Each time series signal is derived from a 

different degradation instance of the stochastic simulation for the same aircraft engine system. The 

complete data set for each cycle of each engine unit consists of unit ID, operating cycle index, 3 

values denoting different operational settings and 21 values for measurements from 21 sensors. 

The initial health condition for different engine unit is different and simulated sensory signals are 

contaminated with measurement noise. The operational setting values have significant effect on 

the engine performance and degradation behaviors, resulting in six different operation regimes 
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[51, 52]. Sensory signals were collected from six different operation regimes for all 218 engine 

units. The objective of this case study is to classify the different health conditions based on the 

sensory signals. 

2.7.2.2 Data Preprocessing and HS Definition 

The stepwise procedure for data preprocessing of the 2008 PHM challenge problem is 

detailed in Table 2.5. Following the literature, out of 21 sensors, sensory signals from 7 sensors 

are selected for all 218 engine units [51]. Each operating cycle is assigned to one corresponding 

operational regime based on its operational setting values. Each simulated engine unit has unique 

failure time and these failure times measured by the number of total operating cycles. The time 

series data of each engine unit is divided into four health conditions based on its proximity to the 

failure time as follows. The sensory signals of each engine unit is first arranged in descending 

order based on the operation cycle index and the first 50 data points are termed as HS 4 (failure 

HS); the region between 75 and 125 data points is termed as HS 3; the region between 150 and 

200 data points is termed as HS 2; and the region greater than 220 data points is termed as HS 1 

(healthy HS). For each operation regime, the data set for four health conditions is divided into 

training and testing data sets. The classifier models for each regime is then trained separately and 

tested with the testing data set. 

Table 2.5. Procedure for Preprocessing of PHM Challenge Data 
 

Step 1: Selected 7 sensory signals out of 21 sensory signals from complete 
engine simulation data 

Step 2: Collected 7 sensor data for each cycle of 218 engine units 

Step 3: Assigned different operational regime class based on its operational 
setting values  

Step 4: Divided the complete data into four health conditions based on its 
proximity to the failure 

Step 5: Divided each regime data into training and testing set according to 
each case 
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2.7.2.3 DBN Based HS Diagnostics 

The procedure of developing a DBN classifier model for the 2008 PHM challenge problem 

is outlined in Table 2.6. The training and testing data sets of each regime are divided into 100 mini-

batches. The training data set is given as an input to the DBN classifier model for training using 

RBM and back-propagation learning. The trained DBN classifier model has one data layer in the 

bottom, one output layer at the top and three hidden layers with 100 neurons each. The maximum 

number of training epochs used in the RBM learning process and back-propagation learning 

process are set to 50 each in this study. The data layer and the output layer are constructed with 7 

and 4 neurons denoting input parameters and target HSs respectively. Similarly, the architectures 

of each classifier model used for the comparison purpose are as follows. The BNN architecture 

has three processing layers: input, hidden, and output, with 7, 5, and 4 neurons in each layer, 

respectively, and the transfer function used is TanH. A Gaussian kernel function is used to train 

the one-against-all SVM classification model. The SOM is trained using the architecture of 10x10 

neurons. The health diagnostic model of each classification technique is trained using the training 

data set and the accuracy and efficiency of the trained diagnostic model is validated with the testing 

data set. 

The case study is conducted in three different test cases denoting as C1 to C3 as shown in 

Table 2.7, which represent different sample sizes of training and testing data sets used in training 

and testing of the classification models. Similarly, the diagnostics process is repeated 100 times 

for all diagnostics algorithms and average classification rates from 100 runs are listed in Tables 

2.8 to 2.13. 
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Table 2.6. DBN Classification Procedure of PHM Challenge Data 
 

Step 1: Randomize training and testing data set 
Step 2: Divide training and testing data sets input into 100 set of mini-

batches 
Step 3: Develop target data set for its corresponding 100 mini-batches of 

training and testing input data sets 
Step 4: Train DBN classifier model using RBM and back-propagation 

learning with training data set 
Step 5: Test the trained DBN classifier model  
Step 6: Determine classification rate for both training and testing data set 

of each regime 
 

Table 2.7. Case Study 1 – Different Cases 
 

Case Training data set (%) Testing data set (%) 

C1 70 30 

C2 50 50 

C3 30 70 
 

Table 2.8. Case Study 1 – Regime 1 Classification Results 

Methods 
Classification Rate Training 

(%) 
Classification Rate Testing 

(%) 
C1 C2 C3 C1 C2 C3 

DBN 92.38 91.29 85.21 90.72 90.20 85.64 

SVM 90.39 89.26 84.32 92.11 88.53 84.16 

BNN 88.23 84.88 81.11 86.82 84.27 80.93 

SOM 84.20 83.55 80.60 83.56 81.27 79.47 

MD 91.31 89.67 88.61 90.55 89.17 86.42 
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Table 2.9. Case Study 1 – Regime 2 Classification Results 

Methods 
Classification Rate Training 

(%) 
Classification Rate Testing 

(%) 
C1 C2 C3 C1 C2 C3 

DBN 96.44 93.45 92.13 95.80 92.56 89.89 

SVM 93.32 92.34 92.63 91.71 90.83 89.78 

BNN 90.40 89.31 88.11 90.36 87.04 83.63 

SOM 87.94 85.64 82.63 85.32 85.18 81.71 

MD 92.38 90.17 89.17 91.94 89.67 87.73 

 
Table 2.10. Case Study 1 – Regime 3 Classification Results 

Methods 
Classification Rate Training 

(%) 
Classification Rate Testing 

(%) 
C1 C2 C3 C1 C2 C3 

DBN 95.45 93.43 92.42 94.86 91.54 91.35 

SVM 94.50 92.42 91.33 93.19 90.09 90.54 

BNN 89.27 87.29 83.50 88.45 86.50 80.75 

SOM 84.39 81.49 81.01 82.36 79.31 78.00 

MD 94.28 93.17 92.78 93.61 90.17 88.92 

 
Table 2.11. Case Study 1 – Regime 4 Classification Results 

Methods 
Classification Rate Training 

(%) 
Classification Rate Testing 

(%) 
C1 C2 C3 C1 C2 C3 

DBN 94.37 93.44 92.18 92.46 92.71 92.64 

SVM 94.63 92.65 90.74 93.88 90.73 90.46 

BNN 90.43 88.79 87.86 89.34 88.50 86.55 

SOM 87.77 87.10 84.67 86.68 84.28 81.84 

MD 93.45 92.17 90.28 92.78 91.67 89.76 
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Table 2.12. Case Study 1 – Regime 5 Classification Results 

Methods 
Classification Rate Training 

(%) 
Classification Rate Testing 

(%) 
C1 C2 C3 C1 C2 C3 

DBN 92.42 91.57 90.60 91.67 91.10 90.80 

SVM 91.54 93.82 89.23 90.41 91.97 89.83 

BNN 86.70 84.96 81.83 85.64 83.69 79.74 

SOM 83.44 81.93 80.38 81.02 79.54 76.75 

MD 90.83 90.17 88.33 89.44 88.33 87.51 

 
Table 2.13. Case Study 1 – Regime 6 Classification Results 

Methods 
Classification Rate Training 

(%) 
Classification Rate Testing 

(%) 
C1 C2 C3 C1 C2 C3 

DBN 96.70 95.31 93.73 95.70 93.39 92.67 

SVM 95.49 94.51 92.54 94.08 93.68 91.31 

BNN 91.49 89.08 88.02 91.05 86.16 84.45 

SOM 88.55 86.81 84.69 88.38 84.28 82.92 

MD 93.33 92.83 90.55 91.67 90.33 88.92 
 

From the diagnostics results, the classification rates of all algorithms are decreasing from 

case 1 to case 3, owing to a decrease of the number of training data being used. Compared with 

four existing diagnostics algorithms, the proposed DBN based diagnostics approach generally 

produces higher correct classification rates in most of the cases for regimes 1 to 6, as shown in the 

Tables 2.8 to 2.13. This is mainly because of its capability of learning high complexity non-linear 

relationships between the input sensory signals and the different HSs through encoding richer and 

higher order network structures in the deep learning process with both supervised and unsupervised 

training. Taking the diagnostics results for the training data set in C1 and regime 1 as an example, 

the classification rates are 92.38%, 90.39%, 88.23%, 84.20% and 91.31 respectively for DBN, 
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SVM, BNN, SOM, and MD. Although DBN provided generally better results compared to existing 

diagnostics algorithms in most of the cases, notice that the SVM classifier performs better for the 

testing data set in C1 and regime 1 as shown in Table 2.8. As also indicated by the diagnostics 

results in this case study, the SOM algorithm generally performs less accurately compared to all 

other algorithms, mainly due to its inefficiency in learning the non-linearly separable health 

conditions based on the complex sensory signals [53]. 

2.7.3 Power Transformer Health Diagnostics 

In high voltage power systems, power transformers are the most expensive elements. 

Continuous monitoring of the transformer health conditions facilitates the evolution from 

traditional scheduled maintenance to condition-based maintenance, resulting in significant savings 

in lifecycle maintenance costs [54]. Due to the difficulty in acquiring direct measurements inside 

the transformer, indirect data acquisition techniques are often used in data collection for both 

diagnostics and prognostics of power transformers [55]. For example, electric parameters and 

analysis of moisture content of the cooling oil are often performed for the diagnostics and 

condition-based maintenance purposes [56]. The vibrations of the magnetic core and of the 

windings could characterize transitory overloads and permanent failures before any irreparable 

damage occurs. The indirect measurement of transformer vibration responses induced by the 

magnetic field loading enables the detection of mechanical failures of winding support joints inside 

the transformer. This case study aims at diagnostics of the mechanical faults of the power 

transformer winding support joints based on vibration signals acquired from the sensor network 

placed on the transformer external wall surface. 
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2.7.3.1 Description of the case study 

In this case study, the winding support joint loosening is considered as the failure of 

interest. Detection of the failure modes is enabled by collecting vibration signals, induced by the 

magnetic field loading with a fixed frequency on the power transformer core. A validated finite 

element (FE) model of a power transformer was created in ANSYS 10 as shown in Figure 2.5, 

where one exterior wall is uncovered to make the interior structure visible [35]. Figure 2.6 shows 

12 simplified winding support joints with 4 for each winding. The transformer is fixed at the 

bottom surface and a vibration load with the frequency of 120 Hz is applied to the transformer 

core. The joint loosening was realized by reducing the stiffness of the winding joints. Different 

combinations of the loosening joints will be treated as different HSs of the power transformer 

which will be detailed in the next subsection. 

 
 

Figure 2.5. A Power Transformer FE Model (without the covering wall) 
 

 
 

Figure 2.6. Winding Support Joints 

1           2             3              4               5           6 

7            8            9              10            11        12 
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Table 2.14. Definition of System HSs 

HS 1 2 3 4 5 6 7 8 9 

Loosening Joints - 1 2 3 1,2 1,3 1,5 1,9 1,11 

 

2.7.3.2 HSs and simulations 

For the purpose of demonstrating the proposed DBN based health diagnostics technique, 9 

representative HSs, as detailed in Table 2.14, were selected from all possible combinations of 12 

winding support joint failures. Among these 9 selected HSs, HS1 denotes the healthy condition 

without any loosening joint, whereas HS2 to HS9 are HSs with either one or two loosening joints. 

200 sets of random samples were generated and the simulations for each of 9 HSs were carried 

out. The vibration responses of the displacement amplitudes for all the finite element nodes on the 

outer wall surfaces were saved as the simulation results. The stress contour of the healthy state 

power transformer from the structural simulation is shown in Figure 2.7, whereas the vibration 

response of the covering wall is shown in Figure 2.8. Considering uncertainties of the transformer 

and measurement noise, a sensor network has been designed for transformer faulty diagnostics in 

which 9 sensors has been optimally placed at the external wall surface of the transformer as shown 

in Figure 2.9 [35]. With these 9 sensors placed on the external wall, the vibration amplitudes of 

the nodes at these 9 locations on the surface of the covering wall will be used as the simulated 

sensor (accelerometer) output. For more information regarding the sensor placement and sensory 

signal collection, readers can refer to the authors’ previous studies [35]. 
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Figure 2.7. Stress Contour of the Winding Supports for the Healthy State Power Transformer4 
 
 

 
 
Figure 2.8. Vibration Displacement Contour of the Covering Wall for the Healthy State Power 

Transformer 
 
 

 
 

Figure 2.9. Sensor Placement on the Covering Wall of the Power Transformer 
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2.7.3.3 Health Diagnostics using DBN Approach 

Three test cases are developed with different types of training and testing data set 

combinations as shown in Table 2.15. Case 1 has equal number of data points in both training and 

testing data sets with 100 for each HS. Case 2 has less number of training data points but more 

testing data points for each HS, whereas case 3 assumes that available data for loosening of two 

joints is limited. The DBN model is then trained using the RBM learning function and the back-

propagation algorithm as discussed in section 2.6. The trained DBN model architecture has one 

data layer in the bottom, one output layer at the top and three hidden layers with 50, 50, and 100 

neurons respectively. The data sets of each case are further divided into 50 mini-batches for 

training and testing of DBN classifier models respectively. The number of training epochs used in 

the RBM learning process and back-propagation learning process is set to 50. The data layer and 

the output layer are both constructed with 9 neurons based upon the dimensions of input and output 

variables. Architectures of existing diagnostics algorithms used for comparison are as follows. The 

BNN is composed of four processing layers: one input, two hidden, and one output, with 5, 6, 10 

and 9 neurons in each layer, respectively, and the sigmoid transfer function is used. Similarly, a 

Gaussian kernel function is used in training of the one against all SVM model. The SOM is trained 

using a 15x15 architecture of neurons. With the trained health diagnostics models, the accuracy 

and efficiency of the diagnostics techniques are validated with the testing data set. The average 

classification rates out of 100 repeated runs for the proposed DBN diagnostics approach as well as 

the SVM, BNN, SOM and MD classifier methods are compared and the results are listed in Table 

2.16. 
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Table 2.15. Case Study 2 – Different Diagnostics Scenarios 

Case 
Training Set (Sample Size) 

HS1 HS2 HS3 HS4 HS5 HS6 HS7 HS8 HS9 

C1 100 100 100 100 100 100 100 100 100 

C2 50 50 50 50 50 50 50 50 50 

C3 100 100 100 100 50 50 50 50 50 

Case 
Testing Set (Sample Size) 

HS1 HS2 HS3 HS4 HS5 HS6 HS7 HS8 HS9 

C1 100 100 100 100 100 100 100 100 100 

C2 150 150 150 150 150 150 150 150 150 

C3 100 100 100 100 150 150 150 150 150 

 
Table 2.16. Case Study 2 - Classification Results 

Methods 
Classification Rate Training 

(%) 
Classification Rate Testing 

(%) 
C1 C2 C3 C1 C2 C3 

DBN 90.22 86.88 88.46 89.77 86.14 87.53 

SVM 88.67 85.55 87.23 88.11 87.92 86.69 

BNN 84.33 81.33 83.23 81.78 80.22 82.17 

SOM 81.11 80.44 81.53 79.67 80.51 81.91 

MD 87.56 82.22 88.15 86.44 81.18 87.39 
 

The classification rate of the trained DBN classifier model for the case 1 is found to be 

90.99% for the training data set and 89.16% for the testing data set respectively. Although the 

misclassification of the training and testing data is relatively high due to large variability of the 

sensory data, the health diagnostics results by the proposed DBN diagnostics approach outperform 

the other four existing diagnostics methods used in the comparison. This is mainly because of the 

capability of the DBN to learn the highly nonlinear relationships between the input sensory signals 
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and the different HSs of the power transformers. Notice that the classification rates of the trained 

SVM model for the training and testing data are better compared to other three existing diagnostics 

techniques. Also it is obvious from the case study results shown in Table 2.16, the SOM method 

generally performs less accurately, as it is an unsupervised learning technique which does not 

incorporate any prior knowledge about power transformer health conditions in the diagnostics. 

Thus, it performs less effective in learning the nonlinear relationships between the input sensory 

signals and corresponding system HSs. 

As observed from the case study results that SVM has comparable results with DBN, 

mainly because that the diagnostics case studies employed in the chapter do not belong to the 

highly varying class [57]. As pointed out in the literature [45, 57], SVM cannot handle the highly 

varying classes due to the curse of dimensionality. Moreover, Larochelle et al. presented that deep 

learning techniques can perform better classification for highly varying class functions compared 

to kernel based techniques, such as SVM [58]. It will be very interesting in the future work to 

compare these two diagnostics techniques with highly varying class functions. As a summary, the 

proposed DBN diagnostics approach is able to provide accurate yet robust results for complex 

system health diagnostics applications, as demonstrated by the case studies that may involve 

multidimensional heterogeneous sensory signals and highly nonlinear relationships between 

diagnostics inputs and corresponding system HSs. 

2.8 Conclusion 

This chapter presented a novel multi-sensor health diagnostics approach using DBN based 

state classification. The DBN classifier model employs a hierarchical structure with multiple 

stacked Restricted Boltzmann Machines and works through a layer by layer successive learning 

process. The developed DBN based health diagnostics approach can be structured in three 
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consecutive stages: 1) defining HSs and collecting sensory data for DBN training and testing, 2) 

developing DBN based classification models for the diagnostics of predefined HSs, and 3) 

validating DBN classification models with testing sensory data set. The feasibility of the health 

diagnostics using DBN based HS classification was demonstrated with the classification 

benchmark data sets and two health diagnostics case studies. The diagnostics performances of the 

DBN classifier models were compared with four existing classification algorithms. Case study 

results indicated that DBN classifier model generally results in a better diagnostics performance 

in most of the cases for health diagnostics of complex systems, compared to other classification 

methods. In this chapter, we assumed that the training data are labeled with different HSs. In future 

study, it will be very interesting to look at the diagnostics performances of the DBN approach with 

a mix of labeled and unlabeled training data. The DBN will be further investigated for the health 

prognostics applications. 
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CHAPTER 3 

HEALTH DIAGNOSTICS WITH UNEXAMPLED FAULTY STATES 

3.1 Abstract 

System health diagnostics provides diversified benefits such as improved safety, improved 

reliability and reduced costs for the operation and maintenance of engineered systems. Successful 

health diagnostics requires the knowledge of system failures. However, with an increasing system 

complexity, it is extraordinarily difficult to have a well-tested system so that all potential faulty 

states can be realized and studied at product testing stage. Thus, real time health diagnostics 

requires automatic detection of unexampled system faulty states based upon sensory data to avoid 

sudden catastrophic system failures. This chapter presents a tri-fold hybrid classification (THC) 

approach for health diagnostics with unexampled health states (UHS), which comprises of 

preliminary UHS identification using a new thresholded Mahalanobis distance (TMD) classifier, 

UHS diagnostics using a two-class support vector machine (SVM) classifier, and exampled health 

states diagnostics using a multi-class SVM classifier. The proposed THC approach, which takes 

the advantages of both TMD and SVM-based classification techniques, is able to identify and 

isolate the unexampled faulty states through interactively detecting the deviation of sensory data 

from the exampled health states and forming new ones autonomously. The proposed THC 

approach is further extended to a generic framework for health diagnostics problems with 

unexampled faulty states and demonstrated with health diagnostics case studies for power 

transformers and rolling bearings. 

Index Terms: Unexampled Health States, Mahalanobis Distance, Support Vector Machine 

3.2 Acronyms 

AI = artificial intelligence 

HS = health state 
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EHS = exampled health state  

UHS = unexampled health state 

MD = Mahalanobis distance 

SVM = support vector machine 

TMD = thresholded Mahalanobis distance 

3.3 Notations 

n = total number of initial EHS  

r = total number of training data points  

xi = p-dimensional input vector, where 1 ≤ i ≤ r 

yi = class label of ith data 

MDij = Mahalanobis distance of the ith data set with reference to jth HS, where 1 ≤ j ≤ n 

C = penalty parameter  

µj = mean vector of the training data 

sj = variance matrix of the training data 

w = normal vector perpendicular to hyper plane 

b = offset of the hyper plane 

αi = lagrangian multiplier 

ξi = slack variable 

k(x,xi) = kernel function based on hyper plane 

φ(x) = high dimensional feature space mapping 

3.4 Introduction 

Real-time health diagnostics of engineered systems interprets data acquired by smart 

sensors and distributed sensor networks and utilizes these data streams for critical lifecycle 
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decision-makings [14]. System health diagnostics has been developed and promoted by various 

successfully engineered applications, including bearings [5, 6], machine tools [7], transformers 

[8], engines and wind turbines [9, 10] among many others. System health diagnostics provides 

diversified benefits such as improved safety, improved reliability and reduced costs for the 

operation and maintenance of complex engineered systems. Maintenance and life-cycle 

management is one area that is positioned to significantly benefit in this regard due to the pervasive 

nature of maintenance activities throughout both the manufacturing and service sectors. 

Maintenance and life-cycle management activities constitute a large portion of overhead costs in 

many industries [2]. These costs are likely to increase due to the rising competition in today’s 

global economy. In the manufacturing and service sectors, unexpected breakdowns can be 

prohibitively expensive since they immediately result in lost production, failed shipping schedules, 

and poor customer satisfaction. In order to reduce and possibly eliminate such problems, real-time 

health diagnostics plays an increasingly important role, which requires automatic detection of 

system anomalies and adverse events in an early stage so that potential catastrophic system failures 

can be avoided. Successful implementation of system health diagnostics relies on not only 

advanced sensing technology, but more importantly the understanding of relationships between 

the features of heterogeneous sensory signals and the underlining system health conditions [1]. In 

health diagnostics, the condition of an operating system is usually described by different health 

states (HSs) (for example, healthy, faulty state due to different component failures, etc), and in 

general there are two categories of HSs distinguished based on the prior knowledge of the system: 

namely the exampled HS (EHS) and the unexampled HS (UHS). The EHS represents a category 

of system health conditions that the features of the sensory signals from them are clearly 

understood, and normally shown as training data. On the contrary, the UHS represents a category 
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of system health conditions that the features of the sensory signals from them are not understood 

and normally shown as no prior knowledge or training data available. With an increasing system 

complexity, it is extraordinarily difficult to have a well-tested system so that all potential faulty 

states can be realized and studied at product testing stage. Thus, real time health diagnostics 

requires not only accurate identification of EHS, but also automatic detection of UHS through 

heterogeneous sensory signals, as the misidentification or ignorance of UHS could lead to 

catastrophic system failures.  

Although it is important to handle UHS in system health diagnostics, however, a rich 

literature has been focused on the anomaly detection, also referred to as outlier detection. Different 

with the classification of different HSs for health diagnostics, the anomaly detection aims at 

detecting patterns in a given data set that do not conform to an established normal behavior 

[1120]. In general, three broad categories of anomaly detection techniques exist. Unsupervised 

anomaly detection techniques detect anomalies in an unlabeled test data set under the assumption 

that the majority of the instances in the data set are normal by looking for instances that seem to 

fit least to the remainder of the data set. Supervised anomaly detection techniques require a data 

set that has been labeled as "normal" and "abnormal" and involves training a classifier. Semi-

supervised anomaly detection techniques construct a model representing normal behavior from a 

given normal training data set, and then testing the likelihood of a test instance to be generated by 

the learnt model. Hodge et al. [21] and Varun et al. [22] provide a good survey of the state-of-the-

art anomaly detection techniques and applications. Compared with anomaly detection, the UHS 

identification are more challenging in that (1) in particular in the context of UHS identification, 

the sensory signal features from UHS are often not rare occurrences, but they are from unexampled 

health states. This pattern does not adhere to the common statistical definition of an outlier as a 
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rare object, and many outlier detection methods, in particular unsupervised methods, will fail on 

such data; and (2) the UHS identification generally involves more number of HSs than the 

“normal” and “abnormal” in the anomaly detection. 

Despite the studies in the outlier detection, existing approaches have been mainly focused 

on correct identification of EHS from sensory signals, given the importance of handling both EHS 

and UHS in health diagnostics. Several advanced HS classification approaches have been 

developed to accomplish the task of EHS identification through comparing online sensory signal 

features with the offline training data. Based on the working principles, these approaches can be 

generally categorized into two categories: artificial intelligence (AI) based techniques [1113] and 

statistics inference based techniques [1420]. The AI based diagnostics techniques involve a 

process of learning the relationship between input parameters and the desired target values in the 

form of set of patterns. Examples of AI based diagnostics techniques out of many include back-

propagation neural network [2327], deep belief networks [2830], self-organizing maps [27, 31], 

and genetic algorithm [32, 33]. There are also some kernel based machine learning techniques in 

which the support vector machine (SVM) is one of the most popular methods for health diagnostics 

applications [3438]. The key advantage of employing the kernel based machine learning 

technique is achieving an optimized classification solution while introducing the desired 

sparseness of training samples. Besides the AI based diagnostics techniques, there are statistical 

inference based classification approaches, such as Mahalanobis distance (MD) classifiers [39], k-

nearest neighbor method [40] and k-mean clustering [41]. These classification approaches partition 

a set of patterns into different disjoint clusters based on certain statistical distance measure. The 

MD classifier is one of the popular statistical inference approaches, which determines the degree 

of abnormality or health parameters based on the MD measure of the multivariate input data. The 
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MD provides good results for the linearly separable data and the implementation of MD is quite 

straightforward and does not require the training process [39]. Although tremendous advances 

have been achieved in applying the AI based diagnostic techniques in handling the 

multidimensional heterogeneous sensory signals for accurate health diagnostics of EHS, they 

cannot identify the UHS as there is no training data available. Compared with the AI based 

diagnostics techniques, the statistical inference approaches do not rely on a sophisticated training 

process to build diagnostics models thus could be used to identify the UHS without knowing its 

target class in prior. However, there are substantial difficulties for them in automatically forming 

and isolating new HSs during the health diagnostics process. In addition, due to the difficulty for 

classifiers based on statistical distance measures to handle non-linearly separable nature of 

multidimensional sensory signal features, they normally offer low classification rates compared 

with AI based diagnostics techniques.  

Although different health diagnostics methods have diversified advantages in addressing 

different challenges in health diagnostics, they also comprise different drawbacks such that the 

statistical inference based approaches cannot handle non-linear separable nature of HS while the 

AI methods need labeled training data for the development of valid diagnostics models. Thus, 

effective identification and isolation of the UHS in health diagnostics is still an intricate problem. 

There is a critical need of developing new approaches with greater functionality to handle the UHS 

in health diagnostics and further provide a general framework to utilize the advantages of different 

diagnostics approaches together while overcoming the drawbacks. This chapter presents a tri-fold 

hybrid classification (THC) approach for health diagnostics with unexampled faulty states, which 

comprises of UHS identification using a thresholded Mahalanobis distance (TMD) classifier, UHS 

diagnostics using a two-class SVM classifier, and EHS diagnostics using a multi-class SVM 



 

53 
 

classifier. The proposed THC approach, which takes the advantages of both TMD and SVM-based 

classification techniques, is able to identify and isolate the unexampled faulty states through 

interactively detecting the deviation of sensory data from the EHS and forming new HSs 

autonomously. As the proposed THC approach combines the statistical based inference technique 

and the artificial intelligence technique, the term 'hybrid' is utilized in the title to reflect the 

combination of different approaches. The proposed THC approach is generalized to a generic 

framework for health diagnostics problems with unexampled faulty states and further 

demonstrated with health diagnostics case studies for power transformers and rolling bearings. The 

rest of the chapter is organized as follows: Section 3.5 explains UHS with a power transformer 

health diagnostics example; Section 3.6 details the proposed THC approach; Section 3.7 

demonstrates the proposed THC approach with two mechanical system case studies: the electric 

power transformer health diagnostics and rolling element bearing health diagnostics; Section 3.8 

discusses the generalized framework for health diagnostics with unexampled faulty states. A brief 

summary of presented work and potential future studies is provided in Section 3.9. 

3.5 Unexampled Health States 

This section introduces the UHS in detail and further discusses the challenges in identifying 

the UHS in health diagnostics with a power transformer example.  

3.5.1 UHS Overview 

In health diagnostics, the condition of an operating system is usually described by different 

HSs (healthy, faulty state due to different component or subsystem failures, etc.), and accordingly 

the major task of health diagnostics is to identify the true HS of a system through analyzing the 

sensory signals obtained from smart sensors using different health diagnostics approaches. Thus, 

it is critical to understand the relationship between system HSs and the features of sensory signals 
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under which the sensor data is acquired. In general there are two categories of HSs based on the 

prior knowledge of the system, EHS and UHS. The EHS represents a category of system health 

conditions that the features of the sensory signals from them are clearly understood, and normally 

shown as training data. On the contrary, the UHS represents a category of system health conditions 

that the features of the sensory signals from them are not understood and normally shown as no 

prior knowledge or training data available. 

With an increasing complexity of engineering systems and continuously shortening of 

system development time, it is extraordinarily difficult to have a well-tested system so that all 

potential faulty states besides the normal health condition can be realized and studied at product 

testing stage. As a result, a UHS can often be developed under the following two scenarios: (1) 

lack of understanding of system failure modes, which results in the ignorance of potential system 

failures in system health diagnostics; (2) difficulty in acquiring sensory data for known failure 

modes, which results in a lack of understanding of the sensory data features underlining some 

known failure modes in system health diagnostics. In both of these two scenarios, the UHS can be 

developed, which poses a grand challenge to successful health diagnostics as it requires not only 

accurate identification of EHS, but also automatic detection of UHS through heterogeneous 

sensory signals.  

The challenge of health diagnostics with unexampled faulty states are mainly presented in 

the following three perspectives: (1) the UHS identification must be accomplished without 

knowing the sensory signal features for all potential UHS, which prohibits the use of many state-

of-the-art diagnostics techniques that require training data for all HSs; (2) the UHS identification 

must be accomplished together with all known EHS, which enhances the possibility that the UHS 

could be easily misclassified into the EHS while using existing diagnostics approaches; (3) the 
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current health diagnostics algorithms are mainly focused on the EHS diagnostics or the anomaly 

detection, and cannot be used directly for diagnostics with UHS. Despite the challenges, it is 

critical to identify and isolate the UHS in system health diagnostics, as the misidentification or 

ignorance of UHS could lead to catastrophic system failures.  In the following subsection, the 

health diagnostics with unexampled faulty states is demonstrated with a power transformer case 

study. 

3.5.2 Power Transformer Health Diagnostics with Unexampled Faulty States 

The health diagnostics with UHS is explained with the power transformer health 

diagnostics example. Figure 2.5 shows a validated finite element model of a power transformer, 

where one exterior wall is uncovered to make the interior structure visible. There are twelve 

winding support joints with four for each winding in the transformer as shown in Figure 2.6. In 

this example, the winding support joint loosening due to joint structure fatigue failures is 

considered as the failure mode. The detection of joint failure is carried out by collecting the 

vibration signals from the vibration sensors located on the transformer exterior wall, in which the 

vibration is induced by the magnetic field loading with a fixed frequency applied on the 

transformer cores during the operation of the power transformer. The different combinations of 

the loosening joints will be treated as different HSs of the power transformer in this diagnostics 

case study. For the purpose of demonstrating the UHS, four representative HS are selected from 

all possible combinations of twelve winding support joint failures. Among these four HSs, S1 

denotes the healthy condition of the transformer without any loosening joint, S2 and S3 denotes 

the health conditions with joint 1 failure and joint 2 failure respectively, whereas S4 denotes the 

health condition with failure of both joints 1 and 2 at the same time. Without losing the generality, 

we assume that S1 to S3 are EHS whereas the S4 is the UHS in this case study. 
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Figure 3.1. Sensory Signals for both EHS and UHS for Power Transformer Case Study 

 
 

Figure 3.2. SVM Plot for EHS and UHS in Power Transformer Case Study 

The vibration signals from each of these four HSs were collected through structural 

simulation and shown in Figure 3.1. As indicated by the figure, the sensory signals from EHS are 

categorized into the three distinct clusters and the sensory signal from the UHS (S4) lies very close 

to the healthy HS S1, as indicated by the dotted circle in Figure 3.1. We applied the SVM classifier 
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for the health diagnostics for this case study with training signals for EHS S1 to S3 and without 

training signals for UHS S4 and shown as a classification map in Figure 3.2. 

Although the diagnostics technique can successfully distinguish the faulty states S2 and S3 

from the healthy condition S1, it fails in identifying the UHS S4 by misclassifying it as the healthy 

state S1, as indicated by the huge overlapping of UHS S4 and healthy state S1 in Figure 3.2. The 

UHS S4 has the failure of both joints 1 and 2 concurrently in this case study, thus represents a 

more critical faulty state of the transformer compared to HS S2 and S3. The misclassification or 

ignorance of UHS S4 can lead to the catastrophic failure of the power transformer. Therefore, there 

is a critical requirement for the UHS diagnostics approach to handle the mentioned challenges. 

This case study will be revisited in Section 3.7 by using the proposed THC approach. 

3.6 A Tri-Fold Hybrid Classification Approach 

This section details the proposed THC approach for health diagnostics with unexampled 

faulty states. We first introduce the EMD classifier and SVM classifier and then detail the proposed 

THC algorithm based on these two classifiers. The procedure of applying the proposed THC 

approach for health diagnostics is then summarized.  

3.6.1 Enhanced Mahalanobis Distance (EMD) Classifier 

In this subsection, we first briefly review the Mahalanobis distance (MD) classifier and 

then introduce the TMD technique proposed in this study for preliminary identification of UHS. 

The MD classifier is a classification technique based on statistical inference using the MD 

measure. The MD measure shows the degree of the deviation of the measured data point xi from a 

reference training set (μ), which can be calculated as 

      1T

i i j j i jD s   x x μ x μ  (3.1) 
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where xi = (x1,x2, …, xr) is a multi-dimensional data vector, μ and s are the mean vector and 

variance matrix of the reference training data set respectively. The MD health diagnostics 

considers the correlation between the variables and covariance matrix for analysis. The MD for 

each class of the testing set is determined based on training set and the determined minimum MD 

corresponds to the HS it belongs to. Wang et al classified different HS using this statistical measure 

and the testing data set is classified into its corresponding HS with a minimum MD measure [39]. 

The existing MD classification approach classifies the sensory signal based on the 

minimum MD measure calculated based on the training signals for different EHS. The similar 

process cannot work for the classification of UHS, since there is no training data to be utilized for 

the calculation of the MD measures for UHS. In contrast with EHS classification, the testing data 

in health diagnostics with unexampled faulty states can be either classified into one of EHS or 

isolated to form a new UHS. To overcome this challenge, the existing MD classifier is enhanced 

by incorporating a maximum threshold distance into the classification process. Suppose that there 

is a testing data point x to be determined into either one of n EHS or isolated to form a new UHS, 

where each EHS will be provided with training data sets with μj and sj representing the mean vector 

and variance matrix respectively. The EMD classifier can be implemented in the following three 

consecutive steps:  

(1) Calculate the MD values, MDj, of the testing data set x  for each EHS by using the training data 

sets and determine the most likely EHS for xt by identifying the minimal MD measure within 

all MDj for j = 1 to n, where n is the total number of EHS. The minimum of the determined 

MD values among existing EHS, denoted as MDx, can be calculated as 

  
[1, ]x jj n

MD Min MD



 

 (3.2) 

and its corresponding EHS is indexed as EHS j*;  
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(2) Determine the MD measures for all training data points in the EHS j*, MDi, j*, within the 

training data sets for the EHS j*, for 1 < i < Nj*, where Nj is the total number of training data 

sets for the EHS j*. The maximal MD measure within all MDi,j* for 1 < i < Nj* will be identified 

as the threshold MD value for the EHS j*; 

  
*

* , *[1, ]j
j i ji N

MD Max MD


   
 (3.3) 

 (3) Classify testing data set x by comparing the MDx and MDj*: 

If MDx ≤ MDj*, the testing data point x is classified into EHS j*;  

Else, the testing data point x is isolated to form a new UHS; 

The procedure of applying the EMD classifier for identification of UHS is demonstrated 

with a mathematical example here. In this example, two sensors are used and three EHS are 

predefined with one healthy state EHS1 and 2 faulty states EHS2 and EHS3. For each EHS, there 

are 10 sets of training data sets, as shown in Table 3.1. To demonstrate the MD classifier, there are 

4 sets of testing data, x, as shown in the first two columns of Table 3.2, that need to be either 

classified into one of the three predefined EHS or isolated to form a new UHS.  

 
Table 3.1. Characteristic Data for System HS 

EHS1  EHS2  EHS3 
S1 S2 MDi,1  S1 S2 MDi,2  S1 S2 MDi,3 

-0.22 -0.09 0.47  1.15 -1.20 1.95  1.20 -2.51 2.91 
-0.83 0.36 8.58  0.33 -0.66 3.56  2.13 -1.69 0.58 
0.06 -0.29 1.11  1.36 -0.59 0.55  1.47 -1.75 1.55 
0.14 1.09 13.63  1.81 -0.64 2.55  2.71 -1.15 9.81 
-0.57 -0.07 2.32  0.65 -0.35 5.23  1.60 -1.70 1.19 
0.60 0.06 2.63  1.43 -0.67 0.58  2.26 -2.32 6.12 
0.59 0.53 3.65  1.63 -0.40 2.10  2.11 -1.81 0.40 
-0.02 0.03 0.04  0.20 -1.60 9.84  1.54 -2.50 2.57 
0.16 -0.05 0.34  0.28 -1.01 2.04  0.91 -2.01 6.26 
0.09 -0.42 2.17  1.29 -1.08 1.45  1.97 -2.02 0.32 
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Table 3.2. System HS Classification using EMD Classifier 

Testing Data, x MDj 
j* MDx MDj* Classified 

State S1 S2 EHS1 EHS2 EHS3 

0.74 -1.05 10.79 0.39 17.73 2 0.39 9.84 EHS2 
1.59 -2.12 42.69 18.08 0.20 3 0.20 9.81 EHS3 
-0.93 1.22 11.85 64.42 170.58 1 11.85 13.63 EHS1 
1.89 0.67 18.23 14.44 52.38 2 14.44 9.81 UHS 

 

Following the aforementioned three steps for the EMD classifier, the j* and the MDx will 

be first determined for each testing data set, as the results shown in Table 3.2. As an example, for 

the first set of testing data shown in Table 3.2 where S1 = 0.74 and S2 = -1.05, the MD measures 

for EHS1 to EHS3 can be calculated as 10.75, 0.39 and 17.68 respectively. Thus the j* for this first 

set of testing data is determined to be 2 and the MDx is found to be 0.39 accordingly. The second 

step for the classification process using the EMD classifier is to find out the threshold value 

MDj*for the EHS j*. In order to calculate the threshold value of the MD measures for each EHS, 

the MD value for each data point is calculated by comparing the data point with all the rest training 

data and the results are shown in Table 3.1 together with the training data point. Within these MD 

measures for each training sample point, the threshold value can be easily determined as the 

maximal MD value for each EHS. As shown in the Table 3.1, the MDi, 2 can be calculated for all 

training data points for EHS2, and the MD2 can be accordingly identified as the maximum of all 

MDi,2 values, which is 9.81, as indicated in Table 3.2. After finding out the MDx and the MDj*, the 

final step for applying the EMD classification technique is to assign appropriate HSs for all testing 

data points through the comparison of MDx and MDj*. As an example, the MDx and the MDj* for 

the first testing data point are 0.39 and 9.84 respectively, thus the testing data point will be 

classified to the EHS j*, which is the EHS2, as the MDx < MDj*.  However, the fourth testing data 

point will be isolated from all existing EHS and form a new UHS, as the MDx is greater than the 
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threshold MD value for the EHS j*, MDj* , even though the EHS2 has provided a minimal MD 

value. As shown in this example, the EMD classifier is able to classify the UHS from the EHS, 

which could be used as one of preliminary UHS identification approaches. However, due to the 

nature of MD classifier, which only provides good results for the linearly separable data and lacks 

in handling the non-linearly separable data. Hence, after the identification of UHS, a more 

sophisticated classification approach is needed to accomplish the diagnostics task with a guarantee 

of high classification rate. The following subsection introduces the SVM for 2-class and multi-

class classifications. 

3.6.2 The Tri-fold Hybrid Classification Approach for Health Diagnostics 

The standalone EMD cannot handle non-linearly separable data and the standalone SVM 

also cannot identify UHS because the labels of the training data should be known prior to construct 

the SVM classifier model. Therefore to overcome these drawbacks, the THC approach is proposed 

to handle the UHS and to classify the EHS. This section details about the THC with the EMD 

algorithm and the SVM classifiers to diagnose the UHS and EHS.   
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Figure 3.3. Overall Framework of THC Approach 
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The developed framework of THC approach for health diagnostics, as shown in Figure 3.3, 

is composed of two important modules: (i) data processing for each HS condition as shown in the 

left dotted box; and (ii) the THC approach as shown in the center dotted box. The THC approach 

consists of three sub modules for identification of UHS and the EHS. The sub modules are as 

follows (a) EMD classification for initial identification of UHS; (b) two-class SVM based UHS 

detection for the detection of the UHS by utilizing the preliminary results of the statistical detection 

and; (c) multi-class SVM based EHS detection for the classification of the EHS data into their 

corresponding different HS. The detected UHS and EHS are updated to the data set for the future 

diagnostic purpose and the health monitoring is continued by collecting sensory signals from the 

system. 

3.6.2.1 EMD based Preliminary UHS Classification 

The proposed EMD algorithm is utilized for detecting UHS preliminarily. The EMD based 

UHS identification process can be divided into online and offline process as shown in Table 3.3. 

All the individual EHS class training data and their target HS are combined as a single EHS class 

(EHStrain) for the offline process. In the offline process, the MD of each data point (MDx) in the 

EHS training data (EHStrain) is determined and the maximum MD in each EHS is called as the 

maximum threshold of the corresponding EHS (MDj*). In the online process, the MD of the new 

point (MDnew) for each class is determined and any incoming point less than the maximum 

threshold (MDj*) of the individual EHS will be assigned to its corresponding EHS. The unassigned 

data points are updated to the UHS. The preliminary results from the EMD classification are given 

as input for the 2-class SVM classification process.  
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Table 3.3. Skeleton of the Step 2a-EMD Based Preliminary UHS Identification 

Input: Training data EHStrain={(x1,y1)…(xm,ym)} and new incoming data – xnew 

Initialize: EHStrain and EMD identified UHS data set – UHSEMD={} 

Loop: 
Offline: Determine MD maximum threshold for each EHS 

1. Calculate the MD values, MDj, of the training data set EHStrain for each EHS 
 

[1, ]x jj n
MD Min MD




 
 

2. Maximal MD measure within all MDi,j* for 1 < i < Nj* will be identified as the 
threshold MD value for each EHS j* 

 
*

* , *[1, ]j
j i ji N

MD Max MD


    
Online 

1. Calculate the MD values, MDx, of the incoming data xnew for each EHS  
2. Classify xnew by comparing the MDx and MDj* 
3. If MDx ≤ MDj*, the testing data point x is classified into EHS j*, else, classified as 

UHSEMD 
 
Output: UHSEMD 

 

3.6.2.2 Two-Class SVM Based UHS Identification 

The classification problem of two-class SVM classifier is employed to divide the incoming 

data points into UHS2-class and EHS2-class classes. The objective of this problem is to find the optimal 

separating hyper-plane which can maximize the margin between the EHS and UHS. The proposed 

EMD technique identifies the initial data points of UHS (UHSEMD) from the incoming data. The 

identified data points of UHSEMD are utilized as the training data for UHS identification. The 2-

class SVM UHS classification process is divided into online and offline process as shown in Table 

3.4, in offline process two-class SVM model is trained using the training EHStrain and UHSEMD 

with the hyper-plane optimization function and in online process the incoming point xnew is 

classified as UHS or EHS based on the two-class SVM decision function. The 2-class SVM 

updated UHS is saved as the final UHS and the EHS is further classified into its respective classes 

in the next step.  
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Table 3.4. Skeleton of the Step 2b Two-Class SVM Approach for UHS Identification 

Input: EHStrain, xnew, UHSEMD, 2-class SVM identified UHS data set – UHS2-class and EHS data 
set – EHS2-class 
Loop: 
Offline: Train two-class SVM classifier with EHStrain and UHSEMD as two training classes 

1. Choose one set of training data set from EHStrain and UHSEMD 
2. Optimize w and b values of two-class SVM model for classification of UHS and EHS 

2

1

w
min

2 i

r

i
C 



 
 

  
  

 y w x 1i i ib      
3. Continue until all the training data set is utilized for training 

Online 
1. Classify xnew into UHS2-class and EHS2-class by using the classifier decision function  

   
1

sgn ,
r

i i new i
i

f x y k x x b


 
  

 


 
2. Update UHS2-class and EHS2-class  

 
Output: UHS2-class and EHS2-class 

 
3.6.2.3 Multi-Class SVM Based EHS Identification 

The two-class SVM classifier classified the xnew data points into UHS2-class and EHS2-class. 

The multi-class SVM classifier is employed to divide the EHS2-class into individual EHS classes 

EHSj, where j ranges from 1 ≤ j ≤ n.  Similar to the two-class SVM classifier process, the multi-

class SVM EHS classification process is also further classified into online and offline process as 

shown in Table 3.5. The offline process involves the training of multi-class SVM model with 

EHStrain using the hyper-plane optimization function, whereas the online process involves the 

classification of EHS2-class into individual EHS classes based on the multi-class SVM decision 

function. The output of multi-class SVM process is the EHSmulti and it is updated at the end of 

classification of each new incoming point. 
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Table 3.5. Skeleton of the Step 2c-Multi-Class SVM Approach for EHS Identification 

Input: EHStrain, EHS2-class and EHSmulti 

Loop: 
Offline: Train multi-class SVM classifier with EHStrain with individual EHS classes 

1. Choose one set of training data set from EHStrain 
2. Optimize wm, bm and ξ values of multi-class SVM model for training different EHS 

 

 

, , 1 1

1min  
2

                           2

i i
i

n
T j T
j j i y i yw b j j y

T j
j i j i

r

i
w w C w x b

w x b


 

 

 

 

   

 
 

3. Continue until all the training data set is utilized for training 
Online 

1. Classify EHS2-class (xk) into its corresponding EHSj by using the maximum of the 
decision function 

    1,...,arg max T
j n j i jf x w x b   

2. Update EHSmulti 
 

Output: EHSmulti 

 

Thus, the proposed THC approach is utilized for the detection of UHS and EHS in three 

consecutive stages. The following sections demonstrate the proposed THC approach with the 

health diagnostics of power transformers and bearings. 

3.7 Power Transformer Health Diagnostics 

In high voltage power systems, power transformers are the most expensive elements. The 

continuous monitoring of the transformers facilitates the evolution from the traditional time-based 

maintenance to the condition-based maintenance and resulting in significant cost savings in 

maintenance costs [42]. As a result of the problems faced in the direct measurement inside the 

transformer, the indirect data measurement technique is most often used in data collection for both 

diagnostics and prognostics of transformers [43]. For example, electric parameters and analysis of 

moisture content of the cooling oil are often performed for the diagnostics and condition-based 

maintenance of transformers [44]. The vibrations of the magnetic core and the windings could 
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characterize transitory overloads and permanent failures before any irreparable damage occurs. 

This case study aims at diagnosing the power transformer based on sensor signals from the sensor 

network on the front wall surface and detecting EHS and UHS. 

3.7.1 Case Study Description 

In this case study, the winding support joint loosening is considered as the failure mode. 

The detection of failure mode is recognized by collecting the vibration signal from the sensors 

placed at the external surface of the transformer. The FE model of power transformers utilized in 

this case study is as shown in Figure 2.5. The different combinations of the loosening joints will 

be treated as different HS of the power transformer. The THC algorithm is employed for 

diagnosing EHS and UHS and it is detailed in the next subsection. 

3.7.2 THC Approach for Power Transformer Health Diagnostics 

The proposed THC approach can diagnose the power transformers and warn the user by 

detecting the UHS to avoid the catastrophic failures. The proposed THC handled the diagnostics 

of power transformers with UHS detection in primary four steps such as (i) HS definition; (ii) 

preliminary UHS detection using EMD algorithm; (iii) UHS detection using 2-class SVM 

algorithm; and (iv) EHS classification using multi-class SVM algorithm. Each step of the power 

transformer diagnostics process is explained in detail in this section. 

3.7.2.1 HS Definition 

For the purpose of demonstrating the proposed THC approach classification technique, 9 

representative HS (see Table 2.15) are selected from all possible combinations of 12 winding 

support joint failures. Among these 9 selected HS, S1 denotes the healthy condition without any 

loosening joint, whereas S2 to S9 are HS with either one or two loosening joints as shown in Table 

2.15. 100 sets of random samples were generated and the simulations for each of 9 HSs were 
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carried out and the vibration responses of the displacement amplitudes from the five sensors on 

the outer wall surfaces are saved as the simulation results. The first three HS conditions are utilized 

as EHS and the remaining six HS conditions are considered as UHS (UHS 1 to UHS 6). The case 

study is demonstrated with four different cases, C1 to C4, for different training and testing data set 

as shown in Table 3.6. The classifier model is trained using EHS conditions and tested using EHS 

and UHS conditions. 

Table 3.6. Case Study 1 – Cases Definition 

Case Training data set Testing data set 

C1 100 100 
C2 80 100 
C3 50 100 
C4 30 100 

 

3.7.2.2 UHS Detection using EMD Algorithm 

The next step in the THC approach is the determination of MD for the first three HS 

conditions. The maximum MD within each HS is identified as the maximum threshold distance of 

the corresponding HS. In the testing process of power transformer health diagnostics, the MD of 

each incoming point of the nine testing HS conditions are determined and any incoming point less 

than the maximum threshold of the three EHS is classified into its corresponding EHS class. The 

unassigned data points are updated to the UHS class. The identified UHS class detection results 

using the EMD classifier are listed in the Table 3.7.  

Table 3.7. Case Study 1 – Preliminary UHS Classification Results 

Case 
Classification Ratio 

UHS 1 UHS 2 UHS 3 UHS 4 UHS 5 UHS 6 
C1 4 100 100 100 100 10 
C2 4 99 94 80 99 9 
C3 3 96 86 51 96 5 
C4 3 96 83 31 96 3 
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Figure 3.4. Vibration Displacement Plot for UHS 1 & UHS 6 

As the case numbers increase from cases C1 to C4, the number of data used for training in 

the cases C1 to C4 decreases. From the case study results, it shows that the overall classification 

ratio gradually decreases with increase in case numbers from C1 to C4. Therefore, this indicates 

that the classification ratio decreases with the decrease in the training data to the classifier model. 

Moreover, the classification ratio of UHS 1 and UHS 6 is comparatively lower than the 

classification ratio of UHS 2 to UHS 5. Figure 3.4 shows the vibration displacement amplitude 

plot of sensor 5 for UHS 1 with EHS and sensor 1 for UHS 6 with EHS. The figure at the top in 

Figure 3.4 shows that there is overlapping of data points of UHS 1 and S2. Similarly, the figure at 

the bottom of Figure 3.4 shows that there is overlapping of data points of UHS 6 and S2. The low 

classification ratio of UHS 1 and UHS 6 is mainly due to the inability of MD to handle the 

overlapping data of UHS. The data of UHS 1 and UHS 6 are overlapping with one of the existing 

EHS data and hence their classification ratios are low. The UHS 4 have decreases in classification 
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ratio from 100 % (C1) to 31% (C4) as the training data decreases. The preliminary results of UHS 

from this step are fine tuned in the next consecutive process, 2-class SVM algorithm. The identified 

UHS labels are utilized for training 2-class SVM to classify UHS. 

3.7.2.3 Two-Class SVM Algorithm for UHS Diagnostics of Power Transformer 

The initial results from EMD classifier are utilized for training 2-class SVM classifier to 

classify UHS and EHS. In the power transformer health diagnostics, each incoming point of the 

nine testing HS conditions is tested with the 2-class SVM classifier. The SVM classifier classifies 

the incoming point into two classes such as EHS and UHS. The classification results of the six 

UHS using the THC classifier is listed in the Table 3.8. The UHS classification results of this stage 

are the fine-tuned result from the previous step.  

Although there is overlapping of data points of UHS 1 and 6 with the EHS, the results show 

that there is huge improvement in the classification results of UHS 1 and UHS 6 from the EMD 

classifier results. The previous step results show that the EMD is not able to efficiently classify 

the UHS with the overlapping data. But, the SVM classifier handled the UHS detection with the 

less number of training data inputs from the EMD classifier results. Similarly, there is an 

improvement in the classification ratio of UHS 4 in cases C2 to C4 which show the capability of 

SVM for handling the non-linear separable data. The SVM classifier works based on the kernel 

based classifier which can handle the non-linear data and this is the reason for the improvement of 

classification ratio of UHS 1, UHS 4 and UHS 6. Although there is an improvement in UHS 1, 

UHS 4 and UHS 6, there is a slight decrease in the classification ratio of other UHS, but the overall 

classification results are improved. 
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Table 3.8. Case Study 1 – UHS Classification Results 

Case 
Classification Ratio 

UHS 1 UHS 2 UHS 3 UHS 4 UHS 5 UHS 6 
C1 81 96 98 98 96 92 
C2 83 96 98 98 96 93 
C3 75 96 98 98 96 94 
C4 77 96 99 99 99 69 

 

3.7.2.4 Multi-Class SVM Algorithm for EHS Diagnostics 

The final step in the power transformer health diagnostics using THC approach is to 

classify the EHS data into its corresponding three different EHS. The three EHS data is utilized 

for training the multi-class SVM classifier model and the classification data of the EHS from the 

previous step is used as the testing data. The classification results of the multi-class SVM algorithm 

is 100% which indicates the accurate classification of the three EHS conditions into its 

corresponding HS in the power transformer health diagnostics. 

The 2-class SVM classified the six UHS and the overall classification rate is found to be 

92.54%. The classification ratio of UHS 2 to UHS 5 is quite high compared to the classification 

ratio of UHS 1 and UHS 6. The classification ratios from the preliminary UHS results are improved 

in the 2-class SVM classifier. Similarly, the multi-class SVM classified three EHS and the overall 

classification rate is found to be 100%. The case study results show that classification results of 

THC classifier is better than the initial EMD results. The existing stand-alone MD and SVM 

approaches are incapable of handling the UHS detection because the MD approach cannot handle 

non-linear separable data and the SVM approach needs prior training data to classify the HS. But 

the proposed THC approach overcomes the disadvantages of each method and utilizes their 

advantages concurrently to detect the UHS of the power transformers. From the case study results, 

it is evident that the hybrid approach trained by the unified training process of both supervised and 
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semi-supervised learning detects the UHS in most of the cases. 

3.8 Bearing Health Diagnostics 

Bearings are the critical components in any rotating machinery [45] and the failure of 

bearings can lead to total system failure. Therefore, it is important to monitor the performance of 

the bearings and access the severity of the defects before they cause any catastrophic 

consequences. This case study aims at diagnosing the bearings based on sensor signals and 

detecting its EHS and UHS.  

3.8.1 Experimental Setup 

The bearing health diagnostics test rig experiment consists of DC stepper motor, motion 

interface, rotating shaft, Plummer block with bearing, accelerometer, multi-meter, data acquisition 

(DAQ) interface and onsite PC (Figure 3.5). The stepper drive controlled DC motor is connected 

to the rotating shaft and the Plummer block attached with the testing bearing. The tri-axial 

accelerometer PCB-Model 601B02 is mounted on the Plummer block to extract the vibration 

signals of the testing bearing. The current consumption data of the stepper motor is measured by 

multi-meter and the data are saved. The measured vibration signal from the accelerometer is 

acquired by the NI DAQ 9174 chassis with NI 9203 module and processed in the NI LabView on 

an onsite PC as shown in the Figure 3.5. 

3.8.2 THC Approach for Bearing Health Diagnostics 

The proposed THC approach detects the sudden unexampled type of failures of bearings 

and warns the user and thereby avoiding the catastrophic failure of the bearings. The unexampled 

classification process is demonstrated by bearing health diagnostics through THC algorithm. The 

classification involves four important steps such as system HS definition, preliminary UHS 

detection using EMD algorithm, UHS detection using 2-class SVM algorithm and EHS 
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classification using multi-class SVM algorithm. The stepwise procedure of the bearing health 

diagnostics is explained in detail in this section. 

 

 
 

Figure 3.5. Bearing Health Diagnostics Experiment Test Rig 

 

3.8.2.1 System HS Definition 

The five bearings such as healthy bearing, bearing with defect in inner race way, bearing 

with defect due to inclusions of foreign particles, bearing with defect due to inclusion of metal 

debris, and bearing with defect due to acid etching are tested with the experimental set up and their 

corresponding vibration signals and the current consumption data of the motor are extracted. The 

data extracted from each bearing test case is considered as distinct HS data as listed in Table 3.9. 

Each test case is tested at three speed levels 300, 400 and 500 rpm. The raw vibration signals of 

the bearings with different HS at 300 rpm are plotted against the time in seconds (Figure 3.6). 

There is high deviation in the vibration signal for the acid etching bearing defect followed by 

bearing defect due to inner race way, metal debris bearing defect, foreign particles bearing defect 

and the healthy bearing. The healthy bearing HS have the least fluctuating vibration signal due to 
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the less friction and high lubrication in the bearing. 

Table 3.9. HS Definition 

HS 1 Healthy HS 
HS 2: HS with bearing defect due to inclusion of foreign particles 
HS 3: HS with bearing defect due to inclusion of metal debris 
HS 4: HS with bearing defect due to inner raceway 
HS 5: HS with bearing defect due to acid etching 

 

 
Figure 3.6. Sensor Signal of Different HS at 300 RPM 

 

 
Figure 3.7. Current Consumption at 300 RPM 
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The current consumption data for different HS at 300 rpm are plotted against the time in 

seconds as shown in the Figure 3.7. The healthy bearing and inclusion of foreign particles have 

high current consumption compared to the other HS. The acid etching HS have low current 

consumption data with high deviating signals due to the less friction in the bearing and uneven 

acid etching in the raceway. The ten minutes of vibration measurement and the current 

consumption data of each HS are collected and used to demonstrate the performance of THC 

approach in bearing health diagnostics application. The first three HS conditions are utilized as 

EHS and the remaining two HS conditions are considered as UHS. The HSs HS4 and HS 5 are 

considered as UHSs UHS 1 and UHS 2 respectively. The data of EHS is used for training and both 

the EHS and the data of UHS data are utilized for testing the classifier model. 

3.8.2.2 Preliminary UHS Detection using EMD Algorithm 

The successive step in the classification process is the determination of MD for the EHS 

training data and the identification of the maximum threshold distance of the corresponding HS. 

In the bearing health diagnostics, each incoming data point is diagnosed based on the EMD 

approach and classified into one of the existing three EHS or the UHS. The EMD classification 

process identifies the UHS initially and the results are listed in the Table 3.10.  

Table 3.10. Case Study 2 – Initial UHS Detection Results 

Speed 
(RPM) 

Classification Ratio (%) 

UHS 1 UHS 2 
300 19.83 100 
400 100 100 
500 100 100 

 

The preliminary results from this step become the input for the consecutive classification 

process. The UHS 1 and UHS 2 at different speed levels are classified accurately except the 300 
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RPM level of UHS 1 with low classification rate. It is evident from the Figure 3.7 that there is 

overlapping of the current consumption data at 300 rpm of HS 1 and UHS 1 (HS 4). Therefore, 

MD calculated for most of the testing data of UHS 1 at 300 rpm falls within the maximum threshold 

of HS 1. Although there is no distinct current consumption data for both HS, the accelerometer 

signals show that there is clear distinction between HS 1 and UHS 1 (Figure 3.6). This lead to the 

classification of UHS with low classification ratio of 19.83% at 300 rpm and the classification 

ratio increased with increase in the speed level of the motor. The UHS 2 is classified accurately on 

different speed levels. The UHS 2 (HS 4) show the high deviating signals on both accelerometer 

measurement and the current consumption data leading to the high classification rate of UHS 2 

with modified MD algorithm. In the next step, 2-class SVM classifier utilizes the UHS detection 

results as the training data for the SVM classifier. 

3.8.2.3 UHS Detection using Two-Class SVM Algorithm 

The preliminary results from modified MD classifier are utilized for training 2-class SVM 

classifier to classify UHS and EHS. Each incoming data point of the bearing health diagnostics 

with the 5 testing HS conditions is tested with the 2-class SVM classifier. The SVM classifier 

classifies the incoming data point into 2 classes such as EHS and UHS. The classification results 

of the 2 UHS using the THC classifier is listed in the Table 3.11.  

Table 3.11. Case Study 2 – UHS Classification Results 

Speed 
(RPM) 

Classification Ratio (%) 

UHS 1 UHS 2 

300 34.00 84.33 

400 100 100 
500 100 99.16 

 
Although there is an overlapping of current consumption data between HS1 and UHS 1, 
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there is slight increase in the classification ratio of UHS 1 at 300 rpm from 19.83% to 34%. As we 

discussed earlier, the MD cannot handle the overlapping data efficiently but the SVM classifier 

can handle the overlapping data. The 2 class SVM classified the UHS 1 with the improvement in 

the classification ratio with the preliminary results from last step as an input. However the results 

show that there is an improvement in the classification results of UHS 1 at speed 300 RPM, but 

the classification results of UHS 2 at 300 and 500 RPM show slight decrease in the classification 

ratio. 

3.8.2.4 EHS Diagnostics using Multi-Class SVM Algorithm 

The last step in the THC approach of bearing health diagnostics is to classify the EHS data 

into its corresponding 3 different EHS. The training data of the 3 EHS condition is utilized for 

training the multi-class SVM classifier model and the classification data of the EHS from the 

previous step is used as the testing data. The classification results of the multi-class SVM algorithm 

is 99.96% which indicates the accurate classification of the three EHS conditions into its 

corresponding HS in the bearing health diagnostics. 

The two UHS are classified initially by the modified MD classifier and fine-tuned by 2-

class SVM classifier and the overall classification rate is found to be 86.24%. The classification 

of UHS 1 and UHS 2 of bearing health are detected by the proposed THC due to the capability of 

EMD algorithm to detect UHS and the SVM’s kernel based classification unlike MD’s dependency 

on the linearly separable data. The proposed THC approach overcome the disadvantages of each 

method and utilized their advantages concurrently to detect the UHS of the bearing health. 

Similarly multi-class SVM classified the three EHS and the overall classification rate is found to 

be 99.96%. The case study results prove that the hybrid approach with three tier classification 

process, detects the UHS in most of the cases in the bearing health diagnostics. 
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3.9 Generic THC Approach for Health Diagnostics 

A THC approach is an inference procedure with combination of both statistical inference 

approach and the artificial intelligence approach for detecting the UHS. In the statistical inference 

approach, the distance measure method can handle heterogeneity of the data and the 

implementation is quite straightforward and moreover it does not require the training process. The 

statistical inference approaches can be utilized for identifying the UHS conditions without 

knowing its class prior but it works well only for the linearly separable data. On the other hand, 

the AI techniques can handle the non-linear separable nature of UHS but cannot identify UHS. 

The characteristics such as handling multi sensor signals, UHS detection and handling non-linear 

separable data are vital for the real time condition monitoring of the UHS. Although both statistical 

inference and AI have their diversified advantages, each of these two methods cannot handle both 

characteristics together as a standalone approaches. Therefore, this study proposes an efficient way 

to utilize the advantages of both statistical inference based and AI based diagnostics approaches 

to handle the acquired sensory signals for the application of UHS detection and health monitoring.  

The developed framework of THC approach for health diagnostics, as shown in Figure 3.8, 

is composed of two important modules: (i) data processing for each HS condition as shown in the 

left shaded box; and (ii) the THC approach as shown in the right shaded box. The data processing 

module consists of different sub-modules such as (a) defining system HS; (b) collecting sensory 

signals; (c) preprocessing the sensory signal for the classification process; and (d) data set of EHS 

and UHS for updating the classified EHS and UHS at the end of each classification process. The 

THC approach consists of three sub modules for identification of UHS and the EHS. The sub 

modules are as follows (a) statistical anomaly detection for initial identification of UHS; (b) AI 

based UHS detection for the detection of the UHS by utilizing the preliminary results of the 
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statistical detection and; (c) AI based EHS detection for the classification of the EHS data into 

their corresponding different HS. The detected UHS and EHS are updated to the data set for the 

future diagnostic purpose and the health monitoring is continued by collecting sensory signals 

from the system. 
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Figure 3.8. Framework of THC approach for Health Diagnostics 

 

Table 3.12. Overall Procedure for THC approach Health Diagnostics 

Step 1: Define HS and preprocess the sensory data for each HS 

Step 2: Develop statistical classifier model for the initial UHS identification  

Step 3: Develop AI based classifier model to detect UHS 

Step 4: Develop AI based diagnostic model to classify EHS into their 
respective different EHS 

 

Table 3.12 lists the procedure of the proposed health diagnostics using the THC approach 

for HS classification. The THC approach can be broadly segregated into four major steps: (1) data 

processing, (2) statistical anomaly detection, (3) AI based UHS classification and (4) AI based 
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multi-state classification process for EHS. The first step in THC approach is to define the possible 

system HS and preprocess the sensory data. The statistical approaches or AI techniques cannot use 

the raw sensory data directly for the classification process. Therefore, preprocessing of the data 

becomes an essential step to convey the required information for the classification process. The 

second step is to develop statistical classifier models by using the preprocessed sensory data with 

EHS classes to detect UHS. The initial results from the statistical methods are utilized for the 

learning process of the AI based technique as the initial knowledge of UHS. The next step is to 

detect UHS in the data by the trained AI classifier model with preliminary results from the previous 

step. The final step is to classify EHS data into different corresponding HS using trained multi-

class AI classifier model. The THC approach process is continued to perform diagnostics using 

trained AI classifier models for classifying EHS and UHS. The THC approach learns the identified 

UHS and EHS conditions for the future diagnostics process. The trained THC model is set to 

classify real time unlabeled sensor signals into their respective EHS and UHS. 

3.10 Conclusion 

This chapter presented a THC approach for health diagnostics with unexampled faulty 

states in real time condition monitoring. The feasibility of health diagnostics using THC approach 

is demonstrated by the health diagnostics of power transformers and bearing. The case study results 

indicated that the proposed THC approach detects the UHS in most of the discussed cases in the 

power transformer and bearing health diagnostics. 
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CHAPTER 4 

HEALTH DIAGNOSTICS USING MULTI-ATTRIBUTE CLASSIFICATION FUSION  

4.1 Abstract 

This chapter presents a classification fusion approach for health diagnostics that can 

leverage the strengths of multiple member classifiers to form a robust classification model. The 

developed approach consists of three primary steps: (i) fusion formulation using a k-fold cross 

validation model; (ii) diagnostics with multiple multi-attribute classifiers as member algorithms; 

and (iii) classification fusion through a weighted majority voting with dominance approach. State-

of-the-art classification techniques from three broad categories (i.e., supervised learning, 

unsupervised learning, and statistical inference) were employed as member algorithms. The 

diagnostics results from the fusion approach will be better than, or at least as good as, the best 

result provided by all individual member algorithms. The developed classification fusion approach 

is demonstrated with the 2008 PHM challenge problem and rolling bearing health diagnostics 

problem. Case study results indicated that, in both problems, the developed fusion diagnostics 

approach outperforms any stand-alone member algorithm with better diagnostic accuracy and 

robustness.  

Index Terms: Fault Diagnostics, Machine Learning, Classification Fusion 

4.2 Acronyms 

BNN = back-propagation neural network 

DBN = deep belief networks 

DC = dominant classifier 

GA = genetic algorithm 

HS = health state 
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MD = Mahalanobis distance 

RBM = restricted Boltzmann machine 

RUL = remaining useful life 

SOM = self-organizing map 

SVM = support vector machine 

WMVD = weighted majority voting with dominance 

4.3 Notations 

α(t) = learning coefficient 

ai = target classification decision of ith training data point  

ACi,j = target classification decision matrix of jth HS for ith fold 

b = bias of the hyper plane 

bi = bias of the ith neuron  

c = total number of classifier methods used in fusion process, where 1≤ m ≤ c  

C = penalty parameter 

CCi,j = multi-attribute classifier decision matrix of jth HS for ith fold 

dl,m = classification decision of mth classifier for lth training data point 

h(∙) = neighborhood function 

hi = state of the ith neuron in hidden layer 

incm,j = classification decision of mth classifier as jth HS of the incoming data point 

k = total number of folds used for fusion formulation, where 1≤ i ≤ k 

µj = mean vector of the training data 

P(∙) = probability distribution function 

qi = ith class label 
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r = total number of training data points in each fold, where 1≤ l ≤ r 

Sj = Covariance matrix of the training data 

T = classification fusion decision of the incoming data point  

ui = state of the ith neuron 

vi = state of the ith neuron in visible layer 

w = normal vector of the hyper plane 

wi,,j = synaptic weight between the ith and the jth neurons 

wtm,j = weight value of mth classifier in classifying jth HS 

xi = p-dimensional vector  

ξi = slack variable 

4.4 Introduction 

Real-time health diagnostics and prognostics interpret data acquired by smart sensors, and 

utilize these data streams in making critical operation and maintenance decisions [1]. Effective 

health diagnostics provides enormous benefits such as improved system safety, reliability, and 

reduced costs for the operation and maintenance of complex engineered systems. Maintenance and 

life-cycle management is an area that can significantly benefit from the improved design and 

maintenance activities, as it constitutes a large portion of system overhead costs in many industries 

[2]. For example, unexpected system breakdowns in the manufacturing and service sectors could 

be prohibitively expensive since they immediately result in loss of production and poor customer 

satisfaction. Thus to reduce and possibly eliminate such problems, it is important to accurately 

assess the health condition of an operating system in real time through effective health diagnostics.  

Research on condition monitoring addressed these challenges by assessing system 

degradation states utilizing sensory information from the functioning system. Monitoring of 
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system health state (HS) changes over time provides valuable information about the performance 

degradation of system components [35], that can be used for critical maintenance decision-

makings. Condition monitoring has been successfully applied to many engineering systems such 

as bearings [69], machine tools [10], transformers [11], engines [12], aircraft wings [13], and 

turbines [14]. In the literature, there are two categories of approaches in general that have been 

employed for health diagnostics, namely machine learning techniques and statistical inference 

techniques. The machine learning-based health diagnostics approaches can be further divided into 

supervised learning, unsupervised learning and semi-supervised learning techniques. In addition 

to the aforementioned machine learning-based approaches, statistical inference-based algorithms 

can also be used to classify system HSs based on statistical distances such as the Mahalanobis 

distance [15], the k-nearest neighbor method (KNN) [16] and the k-mean clustering method [17]. 

Significant advancements in diagnostics area have been achieved by applying classification 

techniques based on machine learning or statistical inferences, resulting in a number of 

classification methods, such as back-propagation neural networks (BNNs) [8, 1821], deep belief 

networks (DBNs) [22, 23], support vector machines (SVMs) [19, 2428], self-organizing maps 

(SOMs) [29], and Mahalanobis distance (MD) classifiers [15]. Some researchers combined two or 

more of existing techniques to form hybrid classification models thus achieving better diagnostics 

performances. Zhang et al. [9] proposed a bearing fault diagnostics methodology using multi-scale 

entropy (MSE) and adaptive neuro-fuzzy inference system. Saimurugan et al. [24] presented a 

multi-component fault diagnostics of a rotational mechanical system based on decision trees and 

support vector machines.  

Despite successful applications in various engineering fields, a key challenge for health 

diagnostics resides in the implicit relationship between sensory signals and system HSs, which 
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makes it difficult to develop a generic robust health diagnostics approach. Additionally, there are 

many factors affecting the efficacy of a diagnostics system, such as the dependency of a diagnostics 

algorithm’s accuracy on the number of training data points, the variability in manufacturing 

conditions, and large uncertainties in environmental and operational conditions. Thus, it is 

extremely difficult, if not impossible, to have a single diagnostics algorithm that could work well 

for all possible diagnostics applications. Therefore, leveraging strengths of different algorithms to 

form a robust unified algorithm [30] could potentially increase the efficacy of health diagnostics 

substantially. In the literature, there are generally two categories of algorithm fusion techniques 

based on the combination strategy used for fusion: consensus and learning [31], which combine 

estimates from multiple individual algorithms to form a single fusion output. By consensus 

approach, Breiman [32, 33] employed bagging method to determine a class label with major voting 

by multiple classification algorithms, and used random forest to improve the performance of 

bagging by combining with random feature selection scheme. By learning approach, Boosting [34], 

Adaboost [35], and rule ensemble [36] have been developed to form different training strategies 

of member algorithms in order to achieve a better fusion algorithm. These algorithm fusion 

techniques have been applied to a wide variety of research fields, such as in the development of 

committees of neural networks [37, 38], meta-modeling for the design of modern engineered 

systems [3941], discovery of regulatory motifs in bioinformatics [42], detection of traffic 

incidents [43], transient identification of nuclear power plants [44], fault diagnostics of electronics 

[45], and development of ensemble Kalman filters [46]. In addition, the authors’ early work has 

also employed algorithm fusion for rolling element bear health diagnostics [47]. Similar to health 

diagnostics applications, an ensemble prognostics approach has also been developed [48] by 

combining multiple prognostics member algorithms to predict the remaining useful life (RUL). 
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This approach utilized the k-fold cross validation (CV) process to evaluate the error of each 

member algorithm and computed the ensemble RUL prediction as a weighted sum of multiple 

RUL predictions by member algorithms. 

Due to the diversified learning ability of the classifiers and the implicit relationships 

between sensory signals and system HSs, there is no single classifier that can diagnose all HSs 

effectively. There is an existence of different dominant classifiers (DCs) for classifying different 

HSs. Research on fusion diagnostics does not use a dominant member algorithm for each HS and 

utilize the advantages of the different member algorithms in developing a classification fusion 

system to diagnose different HSs. Therefore, there is a critical need of developing new fusion 

process by utilizing the advantages of dominant member algorithm for each HS and further provide 

a general framework to combine the results of different diagnostic approaches into a robust unified 

diagnostic decision. This chapter presents a multi-attribute classification fusion system that 

leverages the strengths of multiple member classifiers to form a robust classification model for 

health diagnostics. The developed approach for health diagnostics includes three primary steps: (i) 

fusion formulation using the k-fold CV; (ii) diagnostics using multiple multi-attribute classifiers 

as member algorithms; and (iii) classification fusion using a weighted majority voting with 

dominance (WMVD) approach. The rest of the chapter is organized as follows. Section 4.5 

presents the proposed multi-attribute classification fusion system. Section 4.6 gives a brief 

introduction to the multi-attribute classification member algorithms selected in this study. Section 

4.7 presents the application of the proposed approach to the 2008 PHM challenge problem and 

bearing health diagnostics problem. Section 4.8 concludes this chapter. 
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4.5 Multi-Attribute Classification Fusion 

It is essential to develop a robust diagnostic solution that accurately classifies system HSs 

using data features extracted from multi-dimensional sensory signals. In this work, we build such 

a diagnostic solution based upon three new ideas: (i) the use of the k-fold CV to evaluate the 

diagnostic accuracy of a member classifier; (ii) the introduction of an accuracy-based weighting 

scheme to determine the weights of member classifiers; and (iii) the development of a WMVD 

approach to fuse the diagnostic outputs of multiple member classifiers and form a single fusion 

diagnostic solution. This section is organized as follows. Section 4.5.1 describes the background 

of the k-fold CV and how it can be applied to evaluating the diagnostic accuracy of a member 

algorithm. Section 4.5.2 presents the accuracy-based weighting scheme. Section 4.5.3 details the 

WMVD approach for the fusion of member classifiers. The overall procedure of the classification 

fusion approach is described in Section 4.5.4.  

4.5.1 K-Fold Cross Validation 

In this study, the k-fold CV is used in the offline process to evaluate the diagnostic accuracy 

of a member classifier. Let Y = {y1, y2,…, yN} be a data set consisting of multi-dimensional sensory 

signals and HSs from N different experimental trials, xm, cm)}, where ys = (xs, cs) with the instance 

xs being the multi-dimensional sensory signals acquired from the sth trial and cs being the true HS 

of the sth trial. The k-fold CV randomly divides the data set Y into k mutually exclusive subsets (or 

folds), Y1, Y2,…, Yk, having approximately the same size r [14]. Out of the k subsets, one is used 

as the test set and the remaining k1 subsets are put together as a training set. The CV process is 

performed k times, with each of the k subsets used exactly once as the test set. 

Let Si = {s: ysYi}, i = 1, 2,…, k denote the index set of the experimental trials whose 

sensory signals and HSs construct the subset Yi, M denote the number of member classifiers, and 
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J denote the number of HSs. Then the CV classification index χm,j of the mth classifier (1 ≤ m ≤ M) 

for the jth HS (1 ≤ j ≤ J) is computed as the average classification rate over all the k trials and can 

be expressed as 
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where I() denotes an indicator function that takes the value 1 if cs = j (or ys belongs to the jth HS) 

and 0 otherwise; Nj denotes the number of experimental trials that belong to the jth HS; Cm(xs;Y\Yi) 

denotes the predicted HS of xs by the mth member classifier that is trained with the original data 

set Y excluding the ith subset Yi; R(Cm,j) denotes a binary evaluation metric that measures the 

correctness of the predicted HS Cm based on the true HS j. Mathematically, Ij(cs), Nj and R(Cm,j) 

in Eq. (4.1) can be respectively expressed as  
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The CV formula in Eq. (4.1) indicates that all the experimental trials in the data set are 

used for both training and testing, and each trial is used for testing exactly once and for training k–

1 times. In contrast, the traditional holdout approach, which divides the original data set into two 

mutually exclusive subsets called a training set and a testing set (or a holdout set), only allows an 

experimental trial to be used for either training or testing. Thus, the variance of the resulting 

estimate from the k-fold CV is likely to be smaller compared to the holdout approach, resulting in 
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superior performance when employing a small data set. However, it is noted that the only 

disadvantage of the k-fold CV against the holdout approach lies in a larger amount of 

computational efforts, since the training process has to be executed k times. As a commonly used 

setting for CV, a 10-fold CV is employed in this study.  

4.5.2 Accuracy-Based Weighting 

After evaluating the diagnostic accuracy of a member classifier using Eq. (4.1), we then 

determine the weight of the member classifier by using the accuracy-based weighting scheme. This 

weighting scheme depends mainly on the classification accuracy to determine the weights of 

member algorithms. In the weighting scheme, the weight wm,j of the mth member algorithm for 

detecting the jth HS can be defined as the normalization of the corresponding CV classification 

index, expressed as: 
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It is shown in Eq. (4.5) that the member algorithm with higher classification accuracy will 

accordingly have a larger weight. Hence, a member algorithm with better classification accuracy 

will have a larger influence on the fusion classification results.  

4.5.3 Weighted Majority Voting with Dominance 

A simple voting system to fuse the diagnostic outputs of member classifiers assigns equal 

weights to the member algorithms, and the predicted health condition is defined as the HS with 

the maximum number of votes by the member algorithms. This is acceptable only when the 

member algorithms provide the same level of accuracy for a given problem. However, it is more 

likely that one member algorithm is more accurate than the others in detecting one or more HSs. 

In such cases, the member algorithm with the maximum classification rate for a HS should be 
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treated as the DC for the corresponding HS(s). The diagnostic decisions made by the DC on their 

corresponding dominant HS(s) are treated as the final decisions in the classification process. 

However, the dominance rule may not be effective in the following situations:  

(i) When two or more DCs claim the same incoming point as their corresponding dominant HSs 

(ii) When none of the DCs claim the incoming point to any of their corresponding dominant HSs  

In these situations, the weight of each classification algorithm for each HS is calculated 

based on the accuracy-based weighting scheme, and the multi-attribute classifier results are then 

combined to form a fusion diagnostic solution using the WMVD approach. To improve the overall 

diagnostic accuracy and robustness, we assign a larger weight to the individual algorithm with 

higher prediction accuracy in order.  

The classification result of the incoming data point xs from the sth experimental trial can be 

represented using a binary indicator function, expressed as 
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where Cm(xs) denotes the predicted HS of xs by the mth member classifier. The WMVD approach 

combines the classification results of member algorithms with respect to each HS in a weighted-

sum formula and selects the HS with the maximum weighted-sum value as the fused HS, expressed 

as 
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Table 4.1. Pseudo Code for WMVD for Classification Fusion 

Input: Multi-attribute classification member algorithms (Y: training data set; xnew: new 
incoming data point) 
 
A) Weights and DC determination 

1. Divide the data set Y into k mutually exclusive subsets in random order 
2. Evaluate the binary evaluation metric R(Cm,j) for each of the data points in the k 

subsets with respect to each combination of the M member algorithms and J 
HSs 

3. Calculate the classification index χm,j, as shown in Eq. (4.4) 
4. Compute the weights wm,j, as shown in Eq. (4.5) 
5. Identify the DCs for each HS based on the maximum classification index 

 
B) HS diagnostics of the new incoming point 

1. Determine the HSs of the incoming point using all the member algorithms 

2. Determine the fused HS based on the member classification results using the 
WMVD approach with one of the following two cases 

Case 1: If there is a single dominant classification algorithm claiming xnew belongs 
to its dominant HS 
a. Treat the classification decision made by the dominant classification algorithm 

as the HS (T) of the incoming point 
 
Case 2: If there are two or more DCs claiming xnew belongs to their corresponding 
dominant HSs or there is no DC claiming xnew belongs to its dominant HS 
a. Combine the classification results with respect to each HS in a weighted-sum 

formula, and select the HS with the maximum weighted-sum value as the fused 
HS (T) of the incoming point 
 

Output: Incoming point HS, T 

 

Table 4.1 summarizes the stepwise procedure of the proposed WMVD approach in the 

form of pseudo code. As shown in the table, the weight determination step first randomly divides 

the original data set Y into k number of mutually exclusive folds or subsets, then computes the 

binary evaluation metric R(Cm,j) of each of the data points with respect to each combination of the 

M member algorithms and J HSs, and finally calculates the classification index of each member 

classification algorithm with respect to each of the candidate HSs, based on which the weight 

values of member algorithms are determined. The member algorithm with the maximum 
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classification index for an HS will be treated as the DC of the HS. For any given incoming point, 

the classification fusion diagnostics approach first determines the HS using each member 

classification algorithm and then combines the results from the member algorithms to form a 

robust diagnostic solution using the WMVD approach detailed in Table 4.1. 

4.5.4 Overall Procedure of Multi-Attribute Classification Fusion 

Figure 4.1 graphically summarizes the overall procedure of the proposed classification 

fusion approach with the k-fold CV and WMVD. This classification fusion approach is composed 

of the offline and online processes. In the offline process, the k-fold CV is employed to compute 

the CV errors of multi-attribute member algorithms and the weights of member algorithms are 

determined using the accuracy-based weighting scheme. The online prediction process combines 

the diagnostics results from all member algorithms to form a robust classification fusion result 

using the WMVD approach.  

Fusion Formulation 
with K-fold CV

Offline Process

Accuracy Based 
Weight 

Determination

Training Signals Testing Signals

Multi-Attribute 
Member Classifier 

Diagnostics

Online Process

Classification 
Fusion using 

WMVD

Fusion 
Diagnostics 

Results

 
Figure 4.1. Flowchart of Classification Fusion Approach 

 
Since the computationally expensive training of member algorithms is carried out in the 

offline process and the online classification process only requires a very small amount of 

computational efforts, the proposed classification fusion approach raises little concerns in the 

computational complexity. In most engineered systems, the diagnostic accuracy is treated as of 
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higher importance than the computational complexity, since a catastrophic system failure causes 

more economic losses than the increased computational efforts. Therefore, in cases where the 

fusion approach considerably improves the diagnostic accuracy over any sole member algorithm, 

the fusion approach is preferred. The next section discusses the multi-attribute classification 

techniques used as the member algorithms in the classification fusion system. 

4.6 Member Algorithms for Classification Fusion System 

In this study, five state-of-the-art classification techniques from three broad categories (i.e., 

supervised learning, unsupervised learning, and statistical inference) are selected and used as 

member algorithms to demonstrate the proposed classification fusion approach. In these five 

member algorithms, BNN, SVM and DBN are chosen as representatives of network-, kernel-, and 

deep-learning-based supervised learning methods whereas the SOM and MD are chosen as 

representatives of unsupervised learning and statistical inference, respectively. In the following, 

these five member classification algorithms are briefly explained. 

4.6.1 Back-Propagation Neural Networks 

Among different types of supervised artificial neural network techniques available, the 

back-propagation neural network (BNN) is the most commonly used one. BNN is a supervised 

learning technique with a basic neural network structure with three types of layers: input layer, 

output layer, and hidden layers [8, 1821]. One of the unique features of BNN is that the errors 

calculated from the output layer are back-propagated to train the hidden layers of the network. The 

size of the input layer is determined by the dimensionality of the diagnostics problem, while the 

size of the output layer changes based on the number of different classes of the diagnostics problem. 

The number of hidden layers and neurons vary depending on the complexity of the problem. The 

model input is fed through the input layer of the network and is connected to hidden layers by 
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synaptic weights. The number of hidden layers between the input and output layers can vary based 

on the complexity of the problem. Each network layer is connected to the next layer through 

synaptic weights in a hierarchical form. The training of the neural network aims at learning the 

relationship between the input layer and the output layer through adjusting the weights and bias 

values of each neuron in the network for each training pattern. The BNN model is trained by 

optimizing the synaptic weights and biases of all neurons until the maximum number of epochs is 

reached. The trained BNN diagnostics model provides classification classes as an outcome, when 

sensory data is provided as an input to the model. 

4.6.2 Support Vector Machine 

In addition to network-based learning techniques like BNN, kernel-based machine learning 

techniques can also be used as member algorithms for health diagnostics. The support vector 

machine (SVM) is one of the most popular kernel-based machine learning techniques for 

classification. In the following, the SVM for classification is briefly introduced. 

For m instance-class pairs, SVM organizes the input data D as {(x1, c1), (x2, c2), …, (xm, 

cm)}, where the instance xi is a N-dimensional dimensional real vector containing the preprocessed 

sensory data and the class ci is ith class label (i = 0, 1, or 2), indicating the class to which the point 

xi belongs. With the organized input data, SVM constructs the optimal separating hyper-plane that 

maximizes the margin between the separating hyper-plane and the data [19, 2428]. Without any 

loss of generality, let us consider a two-class case for which the optimal separating hyper-plane 

and the maximum margin are shown in Figure 4.2. For the linearly separable two-class SVM, as 

shown in Figure 4.2, the optimal hyper-plane separating the data can be expressed as  

   T 0g b   x w x  (4.8) 

where vector w is a normal vector that is perpendicular to the hyper-plane and b is the offset of the 



 

97 
 

hyper-plane. The parameter b/||w|| determines the offset of the hyper-plane from the origin along 

the normal vector w. The learning of SVM optimizes w and b in order to maximize the margin (or 

distance) between the parallel hyper-planes that are as far apart as possible while still separating 

the data as shown in Figure 4.2. 

Margin

Class 1

Class 2

Separating 
Hyper-Plane

Support 
Vectors

 

Figure 4.2. Concept of a Two-Class SVM 

The optimization problem will eventually yield a set of optimized w and b that define 

different classification margins [25]. The optimization problem and the corresponding hyper-plane 

constraint for non-linear separable classes can be formulated as 
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where the regularization parameter C specifies the error penalty; ξi is a slack variable defining the 

error. If the Lagrangian multipliers are introduced, the optimization problem in Eq. (4.9) is 

transformed to a dual quadratic optimization problem and expressed as 
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After solving the above optimization problem, the solution of w can be expressed as 

 1

m

i i i
i

y


 w x  (4.11) 

During the test phase, we determine on which side of the separating hyper-plane a test 

instance x lies and assign the corresponding class. The decision function can be expressed 

mathematically as sgn(wTx + b). Thus, the diagnostic SVM results provide different classification 

classes as a solution when a set of preprocessed sensory data is provided as an input. 

4.6.3 Deep Belief Network 

Deep belief network (DBN) is a deep learning technique that employs a multi-layered 

architecture which consists of one visible layer and multiple hidden layers. The visible layer of the 

DBN accepts the input data and transfers the data to the hidden layers in order to complete the 

machine learning process. The DBN structure is similar to the stacked network of the Restricted 

Boltzmann Machine (RBM) [49, 50]. Each RBM consists of two layers, the visible layer and the 

hidden layer, and the connections between the nodes within each RBM layer (visible layer or 

hidden layer) are restricted. The process of transformation of the data from the visible layer to the 

hidden layer is finished through a sigmoid activation function based on the RBM learning rule 

[50], expressed as 

 ,

1
( 1)

1 exp(- - )
  i

i j i jj

P u
b u w

 
 

 (4.12) 

where ui is the state of the ith neuron, bi is the bias of the ith neuron, and wi,j is the synaptic weight 

between the ith and the jth neurons. The overall learning process of the DBN classifier model can 
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be divided into three primary steps: the RBM learning process, back-propagation learning, and 

fine tuning. The model inputs include preprocessed batch data, the total number of layers in the 

DBN classifier model, the total number of hidden neurons in each hidden layer, and the maximum 

number of epochs for the training process. At the beginning of this training process, the synaptic 

weights and biases of all neurons in each DBN layer are initialized. After the initialization, the 

RBM units will be trained iteratively with input training data. Each training epoch consists of two 

phases, the positive phase and the negative phase. The positive phase transforms the input data 

from the visible layer to the hidden layer, whereas the negative phase converts the data from the 

hidden layer to the successive visible layer. Eq. (4.13) denotes the sigmoid transformation of the 

hidden layer state to the visible layer state. 

 ,( 1| ) (- - )j j i ji iP v h sigm b h w    (4.13) 

where hi is the state of the ith neuron in the hidden layer and vj is state of the jth neuron in the visible 

layer. The learning process continues through an iterative process from a lower layer to a higher 

layer until the maximum number of layers is trained. The HS target information of the training 

data will be used during the succeeding supervised back-propagation classification training process 

and the trained DBN model will be utilized for HS classification. The DBN has been utilized for 

HS classification by taking the advantages of deep machine learning techniques in system health 

diagnostics [23]. 

4.6.4 Self-Organizing Maps 

The methodologies discussed above were different machine learning processes where the 

target HS classes are known. If the different health conditions and their functional relationships 

with the system input parameters are not clearly known, possible health conditions of the system 

can then be determined using an unsupervised learning process that segregates the data based on 
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the possible health conditions. The self-organizing map (SOM) is a type of artificial neural network 

that is trained using unsupervised learning to produce a two-dimensional discretized representation 

of the input space of the training samples. The SOM uses a neighborhood function to preserve the 

topological properties of the input space and determine the closest unit distance to the input vector 

[29], which will be used to construct class boundaries graphically on a two-dimensional map. The 

SOM training utilizes competitive learning. When a training example is fed to the SOM, its 

Euclidean distance to all weight vectors is computed and the neuron with the weight vector most 

similar to the input vector X will be identified as the best matching unit (BMU). The weights of 

the BMU and neurons close to it in the SOM lattice are adjusted towards the input vector. 

Moreover, the magnitude of the change decreases with time and distance from the BMU. The 

weight vectors of the BMU and its topological neighbors are fine-tuned to move closer to the input 

vector space [8]. The learning rule for updating the weight vectors can be expressed as: 

 ( 1) ( ) ( ) ( , , )( - ( ))i i BMU i iw t w t t h n n t X w t    (4.14) 

where wi(t+1) is the updated weight vector, wi(t) is the weight vector from the previous iteration, 

(t) is the monotonically decreasing learning coefficient with 0<<1, and h(nBMU, ni, t) is the 

neighborhood function which decreases monotonically with an increase in the distance between 

the BMU nBMU and the neuron ni in the lattice. The Gaussian function is a common choice for the 

neighborhood function. Regardless of the function form, the h(nBMU, ni, t) decreases over the 

training time. During the training process, one sample pattern is chosen from the input data X 

arbitrarily, and the distance between the sample point and the initial weight vector of the SOM is 

determined using the distance measure. Thus, through the learning, the input data are transformed 

into different HS clusters, and the overlapping of the different clusters will be determined as the 

misclassification. 



 

101 
 

4.6.5 Mahalanobis Distance 

Besides the machine learning-based multi-attribute classification methods, which classify 

input data samples through learning the relationship between input and output, statistical inference 

can also be used for classifying health relevant input samples into different HSs based on their 

relative statistical distances. The Mahalanobis distance classifier is one of these classification 

techniques. In statistics, MD is a distance measure based on the correlations between variables by 

which different patterns can be identified and analyzed. It gauges the similarity of an unknown 

sample set to a known one. Unlike Euclidean distance method, MD considers the correlations of 

the data set and is scale-invariant. The MD measure shows the degree of dissimilarity between the 

measured data point xf and a reference training set () with the covariance matrix S as shown in 

the Eq. (4.15). 

      1T

f f f f f fD   x x μ S x μ  (4.15) 

where xf = (x1,x2, …, xF) is a multi-dimensional data vector, and  and S are the mean vector and 

covariance matrices, respectively, of the reference training data set. MD is often used to detect 

outliers within multi-dimensional input samples, especially in the development of linear regression 

models. Due to its straightforwardness and ease of implementation, the MD model has been used 

for health diagnostics. MD health diagnostics considers the correlation between different input 

variables and determines the system HS based on the minimum MD values of the testing sample, 

compared to training samples from different HSs. Wang et al. [15] employed MD to classify 

different HSs for the development of sensor networks for health monitoring. The following section 

demonstrates the developed multi-attribute classification fusion system using 2008 PHM challenge 

data diagnostics and bearing health diagnostics.  

http://en.wikipedia.org/wiki/Distance
http://en.wikipedia.org/wiki/Correlation
http://en.wikipedia.org/wiki/Sample_set
http://en.wikipedia.org/wiki/Euclidean_distance
http://en.wikipedia.org/wiki/Data_set
http://en.wikipedia.org/wiki/Scale_invariance
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4.7 Health Diagnostics Applications 

In this section, the developed multi-attribute classification fusion technique for health 

diagnostics is applied to two engineering health diagnostics applications. The multi-attribute 

classification fusion system that unifies the different classification approaches is demonstrated 

with the 2008 PHM challenge problem data for aircraft engine health diagnostics and the rolling 

bearing experimental data. Following the general procedure outlined in Figure 4.1, a multi-

attribute classification fusion system based on the selected five member classification algorithms 

as discussed in Section 4.6 is outlined Figure 4.3, in which three major steps are involved: (1) 

fusion formulation; (2) multi-attribute classifier diagnostics; and (3) classification fusion. The rest 

of this section details the two engineering diagnostics applications and results using the developed 

classification fusion system. 

 
Figure 4.3. Multi-Attribute Classification Fusion System for Health Diagnostics 

4.7.1 2008 PHM Challenge Data Problem 

In an aerospace system (e.g., an airplane, a space shuttle), system safety plays a major role 

since failures can lead to catastrophic failures. With the aim of meeting strict safety requirements 

as well as minimizing the maintenance cost, condition-based maintenance must be conducted 

throughout the system’s lifetime, which can be enabled by system health diagnostics. This case 

 

Multi-Atrribute  
Classifier 

Diagnostics

10-Fold Cross 
Validation

Fusion Formulation

SVM

WMVD Process

Classifier Fusion

Multi-Attribute Classification Fusion System

Define Problem 
and System HS

Classifier Fusion  
Results

BNN

SOM

DBN

MD
Accuracy Based 

Weight 
Determination

Multi Attribute 
Classifier 

Diagnostics Results



 

103 
 

study aims at diagnosing the different health states of aircraft engine systems in an accurate and 

robust manner with massive and heterogeneous sensory data. 

4.7.1.1 Description of data set 

2008 PHM challenge data problem is demonstrated in this case study. The data comprises 

of multivariate time series signals that are collected from an aircraft engine dynamic simulation 

process. Each time series signal is derived from a different degradation instance of the stochastic 

simulation of the same aircraft engine system [51]. The complete data for each cycle of each unit 

consists of unit ID, cycle index, 3 values for an operational setting and 21 values for 21 sensor 

measurements. The initial conditions of different engines start with different health conditions and 

simulated sensor data are contaminated with the measurement noise. The operational setting values 

have significant effect on the engine performance and degradation behaviors, resulting in 

distribution of six different operation regimes as shown in Table 4.2 [48, 51]. The 21 sensory 

signals were collected from six different operation regimes of 218 engine units. The objective of 

this case study is to classify the different health conditions based on the sensory signals.  

The stepwise procedure for preprocessing the data is clearly explained in the Table 4.3. 

Out of 21 sensors, sensory signals from 7 sensors are selected for complete 218 engine units. More 

information on the selection process of the 7 sensory signals from 21 sensors can be found in the 

reference [51]. Each cycle of each engine unit is assigned to the corresponding operational regime 

class based on its operational setting values. Each engine unit has unique failure time and their 

times of different HS differ. The time series data of each engine is divided into data of four health 

conditions based on its proximity to the failure with its corresponding regime data and they are 

divided as follows. The sensory signals of each engine unit is arranged in descending order based 

on the operation time of each engine and the first 50 data points are termed as HS 4 (failure HS); 
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the region between 75 and 125 data points is termed as HS 3; the region between 150 and 200 data 

points is termed as HS 2; and the region greater than 220 data points is termed as HS 1 (healthy 

HS). Each regime data with four health conditions is divided into training and testing data sets. 

Table 4.2. Six Different Operation Regimes 

Regime ID Operating parameter 
1 

Operating parameter 
2 

Operating parameter 
3 

1 0 0 100 
2 20 0.25 20 
3 20 0.7 0 
4 25 0.62 80 
5 35 0.84 60 
6 42 0.84 40 

 
 

Table 4.3. Procedure for PHM Challenge Data Preprocessing 

Step 1: Selected 7 sensory signals out of 21 sensory signals from complete engine 
simulation data 

Step 2: Collected 7 sensor data for each cycle of 218 engine units 

Step 3: Assigned operational regime class based on operational setting values 

Step 4: Divided the complete data into four health conditions based on its proximity 
to the failure 

Step 5: Divided each regime data into training and testing set 
 

4.7.1.2 Aircraft Engine Health Diagnostics using Multi-Attribute Classification Fusion  

In the fusion formulation process, a 10-fold CV model is developed with the training and 

testing data sets of the bearing. For the CV process, the data set with 600 data points from each 

HS are divided into ten data subsets with 60 data points each. Each data subset is used nine times 

for training and once for testing. The multi-attribute classifier models with ten sets of training and 

testing data sets are developed to classify different HSs. The five different classification techniques 

are used as member algorithms for the development of the diagnostic system: BNN, SVM, DBN, 
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SOM, and MD. The network architectures of each classifier model used in this health diagnostic 

system are as follows. The BNN architecture has three processing layers: input, hidden, and output, 

with 7, 5, and 4 neurons in each layer, respectively, and the transfer function used is TanH. A 

Gaussian kernel function is used to train the one against all SVM model. The trained DBN model 

architecture has one data layer with 7 neurons, one output layer with 4 neurons and three hidden 

layers with 100 neurons each. The SOM is trained using the 10x10 architecture of neurons. In MD-

based classification, the HS with the minimum determined MD is the corresponding HS of the 

data. The diagnostic model of each classification technique is trained using the training data subset 

and the accuracy and efficiency of the trained diagnostic model is validated with the testing data 

subset. The weight for each member algorithm is determined with accuracy-based weighting for 

each regime as listed in Table 4.4.  

The next step of the fusion process is the multi-attribute classifier diagnostics. In this step, 

the total data set is divided into equal training and testing data sets and the health diagnostic model 

of each classification technique is trained using the training data set and the accuracy of the trained 

diagnostic model is validated with the testing data set. The classification results from each 

individual classifier are combined into a single diagnostic solution using the WMVD process of 

classification fusion. The classification fusion approach is compared with individual member 

algorithms as the diagnostics results shown in Table 4.5. 

The diagnostics results of the member algorithms in Table 4.5 show that BNN provides 

more accurate diagnostic outcomes for the HS 2 of regime 1 compared to other member algorithms 

with classification rate of 96.40%. Similarly, DBN provided a better overall classification rate for 

HS 1 of regime 1 than the other member algorithms with correct classification rate of 100%. For 

HS 3 and HS 4 of regime 1, MD provides more accurate diagnostic outcomes compared to other 
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member algorithms with correct classification of 94.80% and 97.60% respectively. The classifier 

model with the highest classification rate of each HS will be used as the dominant algorithm for 

that corresponding HS and similarly the dominant algorithms for each regime are determined. The 

SOM diagnosed different HSs with low classification rates compared to other member algorithms; 

therefore SOM is not used as the DC for any of the HSs.  

 
Table 4.4. Weight Values using Accuracy-Based Weighting 

Health 
State 

Member 
Alg. 

Regime 
1 2 3 4 5 6 

HS1 

BNN 0.191 0.182 0.196 0.188 0.186 0.197 
SVM 0.214 0.232 0.209 0.23 0.192 0.225 
DBN 0.222 0.226 0.232 0.21 0.253 0.201 
MD 0.178 0.183 0.186 0.19 0.197 0.197 

SOM 0.194 0.177 0.178 0.182 0.173 0.18 

HS2 

BNN 0.214 0.215 0.203 0.203 0.198 0.19 
SVM 0.197 0.196 0.219 0.211 0.226 0.196 
DBN 0.205 0.218 0.213 0.199 0.167 0.22 
MD 0.205 0.201 0.211 0.22 0.21 0.208 

SOM 0.179 0.17 0.153 0.168 0.199 0.186 

HS3 

BNN 0.191 0.201 0.179 0.205 0.18 0.204 
SVM 0.208 0.221 0.219 0.186 0.216 0.205 
DBN 0.212 0.202 0.219 0.22 0.22 0.206 
MD 0.228 0.228 0.223 0.209 0.211 0.212 

SOM 0.161 0.149 0.161 0.181 0.173 0.173 

HS4 
 
 
 

BNN 0.197 0.199 0.208 0.2 0.195 0.182 
SVM 0.21 0.19 0.197 0.192 0.206 0.202 
DBN 0.194 0.213 0.213 0.208 0.204 0.222 
MD 0.222 0.208 0.202 0.204 0.213 0.206 

SOM 0.179 0.191 0.181 0.196 0.181 0.187 
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Table 4.5. Engine Diagnostics Results by Member Algorithms and the Fusion Approach (%) 

Diagnostics 
Algorithms 

Regime 1  Regime 2  

HS 1 HS 2 HS 3 HS 4  HS 1 HS 2 HS 3 HS 4  
BNN 84.4 96.4 78.4 87.2  76.4 99.2 86.8 94  
SVM 95.2 88.4 85.6 91.6  96.2 89.6 94.8 89.2  
DBN 100 92.8 88.8 85.6  94.8 99.6 86.4 99.6  
MD 79.2 91.6 94.8 97.6  78.4 92.8 98.4 97.2  
SOM 87.2 81.6 67.2 79.6  75.2 78.8 65.2 91.2  
Fusion 100 97.2 94.8 97.6  96.2 100 98.4 99.6  

Diagnostics 
Algorithms 

Regime 3  Regime 4  

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

BNN 83.6 87.6 78.4 96.4  78.8 85.6 94.4 96.4  
SVM 89.2 96.4 95.6 92.4  95.6 87.6 85.6 92.4  
DBN 98.8 93.2 95.6 100  86.4 83.6 100 100  
MD 79.6 92.4 96.8 93.6  79.2 90.8 94.8 97.6  
SOM 76.4 67.6 70.8 85.2  76.8 70.8 83.6 94.8  
Fusion 99.6 96.4 96.8 100  95.6 91.6 100 100  

Diagnostics 
Algorithms 

Regime 5  Regime 6  
HS 1 HS 2 HS 3 HS 4  HS 1 HS 2 HS 3 HS 4  

BNN 73.6 86.4 82.4 89.2  81.2 85.2 91.2 83.2  
SVM 76.4 98.8 97.2 94.4  94.2 88.4 92.4 91.2  
DBN 100 73.6 100 92.8  83.6 98.4 93.2 100  
MD 77.6 93.2 96.2 96.4  80.8 92.4 95.2 93.2  
SOM 69.6 88.4 79.2 83.2  75.6 84.4 78.8 85.6  
Fusion 100 98.8 100 96.4  94.2 98.4 95.2 100  

 

From the classification rate for each of the member algorithms, the dominant member 

algorithm for each HS can accordingly be determined. For example, the BNN is determined as the 

dominant classifier for HS 2 in regime 1. While BNN provided high classification results for HS 

2 in regime 1, the classification rate for other HSs were low compared with other member 

algorithms. The SVM is also used as the dominant classifier for several different HSs in regimes 

2-6 respectively. DBN supports classification of different health conditions in complex and not 
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linearly separable health conditions, and resulted as dominant algorithm for several HSs in regimes 

1-6 respectively. In addition, the MD classifier is the dominant classifier for the HS 3 and HS 4 of 

regime 1. The correlation between the sensor signals are utilized for analysis and resulted in high 

classification rate. Despite being the dominant classifier for both HS 3 and HS 4 of regime 1, the 

MD classifier has the lowest classification rate for HS 1 of regime 1due to the its inability to handle 

not linearly separable relationships between different HSs based on the sensory signals. 

The classification results of the individual member classifier models, as shown in Table 

4.5, indicate that none of the single member algorithm can perform consistently better 

classification for all existing HSs in the 2008 PHM challenge data diagnostics problem. To make 

the diagnostics results more robust, the advantages of each individual member algorithm can be 

utilized to combine the member classification results and produce a unified robust diagnostics 

result. The WMVD scheme is utilized to process the results from individual the member 

algorithms, and then the final classification result can be determined as discussed in the process 

shown in Table 4.1. The fusion diagnostics results are also listed in the Table 4.5. The results show 

that the classification fusion system can provide the classification rates for most of the HSs states 

that equal to the corresponding DC results and in some cases classification rates are higher than 

the DC results. Also indicated by the diagnostics results, none of the individual member algorithms 

can provide consistently robust classification rates for all HSs. For instance in regime 1, BNN is 

the dominant algorithm for the HS 2, but one of the lowest performing member algorithms for the 

HS 3. This shows that the member algorithms do not have a robust classification rate for each HS 

individually and thereby leading to a low overall classification rate. However, different algorithms 

perform well for their dominant HSs, but there is no single robust member algorithm to classify 
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all the different HS accurately. On the other hand, the developed classification fusion system 

robustly classified all the existing HS effectively compared to individual multi-attribute classifiers.  

4.7.2 Rolling Bearing Health Diagnostics 

Bearings are critical components in rotating machinery and failure of bearings could lead 

to catastrophic system failures [52]. Thus, it is important to monitor the performance of the 

bearings and access the severity of the defects before they cause any catastrophic consequences. 

This case study aims at demonstrating the multi-attribute classification fusion system for bearing 

health diagnostics based on sensory signals. 

4.7.2.1  Experimental Setup 

The bearing health diagnostics test rig in this experimental study, as shown in Figure 4.4, 

consists of DC stepper motor, motion interface, rotating shaft, Plummer block with bearing, 

accelerometer, multi-meter, data acquisition (DAQ) interface and onsite PC. The stepper drive 

controlled DC motor is connected to the rotating shaft and the Plummer block attached with the 

testing bearing. The tri-axial accelerometer PCB-Model 601B02 is mounted on the Plummer block 

to extract the vibration signals of the testing bearing. The current consumption data of the stepper 

motor is measured by multi-meter and the data are saved. The measured vibration signal from the 

accelerometer is acquired by the NI DAQ 9174 chassis with NI 9203 module and processed in the 

NI LabView on an onsite PC as shown in the Figure 4.4. 

4.7.2.2 System HS Definition and Data Processing 

Five different health conditions of the bearings have been considered as listed in Table 4.6, 

such as healthy bearing, bearing with defect in inner race way, bearing with defect due to inclusions 

of foreign particles, bearing with defect due to inclusion of metal debris, and bearing with defect 

due to acid etching are tested with the experimental set up and their corresponding vibration signals 
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and the current consumption data of the motor are collected continuously. The data extracted from 

each bearing test case is considered as distinct HS data and tested at speed level 300 rpm. The raw 

vibration signals of the bearings with different HSs are plotted against the time in seconds in Figure 

4.5A with a zoomed view shown in Figure 4.5B. As shown in the figures, there is a high deviation 

in the vibration signals for the acid etching bearing defect followed by bearing defect due to inner 

race way, metal debris bearing defect, foreign particles bearing defect and the healthy bearing. The 

healthy bearing HS has the least fluctuating vibration signals due to the less friction and high 

lubrication in the bearing. 

 

 
Figure 4.4. Bearing Health Diagnostics Experiment Test Rig 

 

Table 4.6. HS Definition for Bearing Health Diagnostics 

HS 1: Healthy HS 
HS 2: HS with bearing defect due to inclusion of foreign particles 
HS 3: HS with bearing defect due to inclusion of metal debris 
HS 4: HS with bearing defect due to inner raceway 
HS 5: HS with bearing defect due to acid etching 
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Figure 4.5A. Sensor Signal of Different HS at 300 RPM 

 

 
Figure 4.5B. Sensor Signal of Different HS at 300 RPM (Zoomed View) 

 

 
Figure 4.6. Current Consumption at 300 RPM 

10 20 30 40 50
2

4

6

8

10

12

14

16

Time (seconds)

R
a
w

 V
ib

ra
tio

n
 S

ig
n
a
l (

m
A

)

 

 

HS 1

HS 2

HS 3

HS 4

HS 5

10 20 30 40 50

3.1

3.2

3.3

3.4

3.5

3.6

Time (seconds)

R
a
w

 V
ib

ra
ti
o
n
 S

ig
n
a
l 
(m

A
)

 

 
HS 1

HS 2

HS 3

HS 4

HS 5

0 10 20 30 40 50
4.5

5

5.5

6

6.5

7

7.5

Time (seconds)

R
a
w

 V
ib

ra
tio

n
 S

ig
n
a
l (

m
A

)

 

 

HS 1

HS 2

HS 3

HS 4

HS 5



 

112 
 

The current consumption data for different HS at 300 rpm are plotted against the time in 

seconds as shown in the Figure 4.6. The healthy bearing and inclusion of foreign particles have 

high current consumption compared to the other HS. The acid etching HS have low current 

consumption data with high deviating signals due to the less friction in the bearing and uneven 

acid etching in the raceway. The ten minutes of vibration measurement and the current 

consumption data of each HS are collected and used to demonstrate the performance of bearing 

health diagnostics application.  

4.7.2.3 Rolling Bearing Health Diagnostics using Multi-Attribute Classification Fusion 

The bearing classification fusion system consists of three steps: fusion formulation, multi-

attribute classifier diagnostics, and classification fusion. In the fusion formulation process, a 10-

fold CV model is developed with the training and testing data sets of the bearing. For the CV 

process, the training data set with 1000 data points from each HS are divided into ten data subsets 

with 100 data points each. Each data subset is used nine times for training and once for testing. 

The multi-attribute classifier models with ten sets of training and testing data sets are developed 

to classify different HSs. The five different classification techniques are used as member 

algorithms for the development of the diagnostic system: BNN, SVM, DBN, SOM, and MD. The 

network architectures of each classifier model used in this health diagnostic system are as follows. 

The BNN architecture has three processing layers: input, hidden, and output with 2, 7, and 5 

neurons in each layer, respectively, and the transfer function used is TanH. The trained DBN model 

architecture has one data layer with 2 neurons, one output layer with 5 neurons and three network 

layers of 50, 50, and 100 neurons respectively. A Gaussian kernel function is used to train the 

SVM model. In MD-based classification, the HS with the minimum determined MD is the 

corresponding HS of the data. The diagnostic model of each classification technique is trained 
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using the training data subset and the accuracy and efficiency of the trained diagnostic model is 

validated with the testing data subset. The weight for each member algorithm is determined with 

accuracy-based weighting and listed in Table 4.7.  

Table 4.7. Weight Values of Member Algorithms using Accuracy-Based Weighting 

Member 
Classifier HS 1 HS 2 HS 3 HS 4 HS 5 

BNN 0.2557 0.1218 0.1507 0.2195 0.0680 

SVM 0.1953 0.2160 0.2263 0.1934 0.2784 

DBN 0.1899 0.2481 0.2277 0.2049 0.2813 

MD 0.1926 0.2205 0.2301 0.1973 0.2767 

SOM 0.1666 0.1936 0.1651 0.1850 0.0955 
 

In the next step of the fusion process, the total data set is divided into equal training and 

testing data sets. The health diagnostic model of each multi-attribute classifier is trained using the 

training data set and the accuracy of the trained diagnostic model is validated with the testing data 

set. The classification results of each HS for each member algorithm are shown in Table 4.8. The 

individual multi-attribute classifier results are combined into a single diagnostic solution using 

WMVD process of classification fusion as discussed in the Section 4.5. The classification fusion 

results are compared with individual multi-attribute classifier results and shown in Table 4.9. 

Table 4.8. Bearing Diagnostics Results by Member Algorithms and the Fusion Approach (%) 

Member 
Classifier HS 1 HS 2 HS 3 HS 4 HS 5 

BNN 74.60 32.60 65.00 99.20 23.80 

SVM 57.00 57.80 97.60 87.40 97.40 

DBN 55.40 66.40 98.20 92.60 98.40 

MD 56.20 59.00 99.20 89.20 96.80 

SOM 48.60 51.80 71.20 83.60 33.40 

Fusion 78.40 79.20 99.20 99.20 98.40 
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As shown in Table 4.8, the BNN provided more accurate diagnostic outcomes for the HS 

1 and HS 4 compared to other member algorithms with classification rate of 74.60% and 99.20% 

respectively, and similarly DBN provides a better overall classification rate for HS 2 and HS 5 

than the other member algorithms with correct classification of 66.40% and 98.40% respectively. 

For HS 3, MD provides more accurate diagnostic outcomes compared to other member algorithms 

with correct classification of 99.20%. The SVM and SOM diagnosed different HSs with low 

classification rate compared to other member algorithms; therefore SVM and SOM are not used 

as the DC for any of the HSs. Although the SVM can handle non-linear separable nature of 

different HSs, the classification rates are not higher than the other dominant algorithms. However, 

SOM does not need labeled data for training the diagnostics models, but it cannot handle the non-

linear separable HSs. 

From the classification results from each individual member algorithms, the dominant 

member algorithm for each different HS can be determined. For example, the BNN is determined 

as the dominant classifier (DC) for the HS 1 and HS 4. The BNN can be applied to different 

problems with diversified relationships, such as the non-linearity of the different health conditions 

and sensory signals. While BNN provided high classification results for HS 1 and HS 4, the 

classification rate for other HSs were low. The DBN supports classification of different health 

conditions in complex or non-linear separable health conditions based on the sensory signals, and 

resulted in classification rates of 66.40% and 98.40% for its dominant HSs, HS 2 and HS 5. 

Although DBN has a capability for learning the non-linear relationships between the sensory 

signals and the different HSs, the classification rate for other HSs are lower compared to other 

dominant member algorithms. In addition, the MD is determined as the DC for the HS 3. The MD 

can generally provide good results for the linearly separable data, and the implementation of MD 
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is straightforward without a training process involved. Despite being the DC for HS 3, MD has 

low classification rate for other HSs due to its inability to handle non-linear separable relationships 

between the different HSs. 

The classification results of the member classifier models show that none of the single 

member algorithm performs better classification consistently for all existing HSs in the bearing 

health diagnostic system. To make the diagnostics results more robust, the advantages of each 

individual member algorithms must be utilized to combine all the member classification results 

and form one unified fusion result. The WMVD rules are utilized to perform the classification 

fusion process based on the DCs and accuracy-based weighting process. The DCs used are BNN, 

DBN and MD. The WMVD method is utilized to process the individual results of the member 

algorithms, and then the final classification results are determined. The fusion diagnostics results 

are also listed in the Table 4.8. Based on the results, the classification fusion system provided 

better diagnostics performance for HS 1 and HS 2 compared to the other member algorithms with 

higher classification rates of 78.40% and 79.20% respectively. The results shown in Table 4.8 also 

indicated that the developed fusion diagnostics approach provided classification rates for other 

HSs states which are equal to the results provided by the corresponding DCs. None of the 

individual member algorithms provided a robust classification rate for all HSs. For instance, BNN 

is the dominant algorithm for the HS 4, but the lowest performing member algorithm for the HS 

5. This shows that the member algorithms do not have a robust classification rate for each HS 

individually. Although the different algorithms perform well for their dominant HSs, there is no 

robust member algorithm that can consistently classify all the different HS accurately. On the other 

hand, the developed classification fusion system can overcome these challenges and robustly 

classify all the existing HSs effectively. For the presented bearing diagnostics application, the 
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developed classification fusion algorithm provided better classification results than individual 

member algorithms for the determination of bearing health conditions. 

4.8 Conclusion 

In this chapter a novel classification fusion approach for health diagnostics is developed, 

which involves three primary steps: (i) fusion formulation using a k-fold cross validation model; 

(ii) diagnostics using multiple multi-attribute classifiers as member algorithms; and (iii) 

classification fusion using a weighted majority voting with dominance system. State-of-the-art 

multi-attribute classification techniques (i.e., supervised learning, unsupervised learning, and 

statistical inference) can be employed as member algorithms for the fusion approach. The 

developed fusion diagnostics approach was demonstrated with 2008 PHM challenge problem and 

rolling bearing health diagnostics applications. By combining the diagnostics results of all member 

classification algorithms, the classification fusion approach achieves better accuracy in HS 

classifications than any stand-alone member algorithm. Furthermore, the classification fusion 

approach has an inherent flexibility to incorporate any advanced diagnostic algorithm that will be 

developed. Since the computationally expensive training process is done offline and the online 

prediction process requires only a small amount of computational effort, the fusion approach is 

computationally feasible. Considering the enhanced accuracy in health diagnostics, the proposed 

approach provides an effective way to continuously monitor the health condition of an engineered 

system, which further enables the development of failure prognostics systems and the 

implementation of condition-based maintenance. 
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CHAPTER 5 

PROGNOSTICS-INFORMED OPERATION AND MAINTENANCE DECISION-

MAKING FRAMEWORK 

5.1 Abstract 

Maintaining systems in top operating condition ensures not only a continuous system 

availability but a reduction in operation and maintenance costs. Recent advancements in high 

performance sensing and signal processing technology enable the development of failure 

prognostics tools to detect, diagnose, and predict system-wide effects of failure events. However, 

the benefits of prognostics for proactive actions in preventing system failures have not been fully 

utilized for the operation and maintenance decision-making. This chapter presents a generic 

prognostics-informed decision-making methodology for operation and maintenance while 

considering the predictive failure information and its uncertainty. The stochastic damage growth 

model is used to characterize individual system performance degradation and failure prognostics 

in the proposed approach. Based on the customized information inputs, the developed decision-

making methodology can be used to optimize the maintenance strategies and thereby maximizing 

the cost saving and sustainability benefits concurrently. The efficacy of proposed prognostics-

informed maintenance strategy is compared with the condition based maintenance strategy and 

demonstrated with a wind farm case study. 

Index Terms: Carbon Credits, Damage Growth Model, Operation and Maintenance Costs, 

Optimization, Predictive Maintenance, Prognostics, Sustainability, Wind Farm 

5.2 Acronyms 

CBM =  condition based maintenance 

ECN = Energy research center of the Netherlands 

O&M = operation and maintenance 
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RUL = remaining useful life 

SBI = similarity based interpolation 

SNL = Sandia National Laboratories 

TU = Technical University 

WT = wind turbine 

5.3 Notations 

D = current damage level 

dD/dt = rate of damage growth 

dN/dt  = load cycles acting per hour on the WT 

C  = damage coefficient 

ΔK  =  change in the damage intensity factor 

m  =  damage exponent. 

β  =  geometry factor 

Hs  =  load factor 

Xs  =  proportionality factor 

Ctot = total cost 

Cins  = total inspection cost 

Crep  = total repair cost 

Cfail = total failure cost 

Ctrans = total transportation cost 

CCMS = condition monitoring system installation cost 

Cprod  = total cost incurred due to loss of production  

r  = rate of interest 
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b  = cost per KWH 

ndays  = number of days required to perform the repair 

nKWH  = number of units of power produced  

CC  = carbon credits 

d  = total number of downtime hours 

p  = loss of power production in one hour measured by KWH 

e = average CO2 emission in metric ton that coal power will generate 1 KWH 

Wj  = inverse of sum of squared error 

Dj
b(ti)  = jth damage growth path data 

PoD  = probability of detection of damage 

P0  = maximum probability of detection 

λ  = expected value of the smallest detectable damage 

5.4 Introduction 

Maintaining systems in top operating condition ensures not only a continuous system 

availability but a reduction in operation and maintenance costs. The O&M decision is generally 

governed by different stochastic parameters, such as health condition of the system, failure and 

repair costs, spare parts availability, and logistics constraints. The stochastic nature of these 

parameters during the lifecycle of a system makes the O&M decision-making a prominent but 

challenging problem. Due to a pervasive nature of O&M activities, maintenance and lifecycle 

management could significantly benefit from a good O&M strategy in this regard. Moreover, 

maintenance and life-cycle management activities constitute a large portion of overhead costs [1]. 

The unexpected breakdowns can be prohibitively expensive since they immediately result in loss 
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of production and poor customer satisfaction. Therefore, the need for O&M planning tools with 

greater functionalities is reaching a critical stage.  

Advances in high performance sensing and signal processing technologies enable the 

development of prognostics tools to detect, diagnose, and predict the system-wide effects of failure 

events [2]. O&M activities, which constitute a large portion of overhead costs, would greatly 

benefit from these advances in failure prognostics [38]. Although prognostics can provide 

valuable information for proactive decision-making in preventing system failures, the benefits 

brought by failure prognostics have not been fully utilized in O&M decision-making. Currently 

maintenance activities are mostly cost-oriented and maintenance planning models mainly account 

for the economic impact introduced by downtimes. Assessment of sustainability impact of the 

power generation should be considered not only in the manufacturing phase but also in the lifecycle 

use phase [9]. However, current literature in life cycle assessment area has been mainly focused 

on the development phase of service system units, whereas the associated sustainability impact 

due to the use phase O&M activities has not been fully studied and ways to further reduce the 

sustainability impact have not been investigated. In this chapter, offshore wind farm is considered 

for demonstrating the proposed prognostics-informed O&M decision-making approach.  

With an increasingly high cost of wind farm O&M and substantial losses of energy 

production due to failure of wind turbine (WT) units, it is essential to develop effective O&M 

strategies that can concurrently enhance economic and sustainability benefits of WTs. This chapter 

presents an optimized prognostics-informed stochastic decision-making framework for O&M, 

which takes into account failure prognostics information in the O&M decision-making process 

and the approach is demonstrated with wind farm case study. The rest of the chapter is organized 

as follows. Section 5.5 presents the related work of O&M; Section 5.6 details the proposed 
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optimized prognostics-informed O&M decision-making methodology; Section 5.7 demonstrates 

the proposed methodology with wind farm case study and a brief summary is presented in Section 

5.8.  

5.5 Related Work 

Maintenance activities can be broadly classified into two categories namely corrective 

maintenance and preventive maintenance. Corrective maintenance is carried out after a failure 

event whereas preventive maintenance is done before the occurrence of a potential failure [10]. 

Preventive maintenance can be further classified into scheduled maintenance and condition based 

maintenance (CBM). Scheduled maintenance is carried out as per on fixed scheduled times and it 

can be done in as minor and major scheduled maintenances. Some examples of minor scheduled 

maintenance in WTs include change of filters, lubrication etc. [11]. CBM is a form of preventive 

maintenance that involves continuous health monitoring of a WT unit. Currently the most common 

practice of maintenance activities in wind farms is scheduled maintenance. However with latest 

developments in the field of sensing and signal processing techniques, CBM has been gradually 

adopted into maintenance decision-making of wind farms [12]. In CBM, condition monitoring 

systems are installed on different system components, such as gearbox, bearing, drive train and 

generators, to record various sensory signals in order to determine physical states of these 

components. Different types of sensory signals can be used for condition monitoring purposes, 

such as vibration, sound waves, and electrical signals. Usually CBM in WTs can be executed based 

upon vibration monitoring [13], oil analysis [14], acoustic analysis or electrical signature analysis 

[15]. With the help of WT health information provided by condition monitoring systems, optimal 

O&M planning strategies can be ascertained to prevent system failures and improve turbine 

availability [16]. 
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The cost analysis models in the literature analyze the cost based on the present values as 

the total O&M cost model and life cycle cost model. The accumulated O&M costs such as 

operations cost, maintenance costs and downtime costs determines the total cost of the system. 

The life cycle cost includes the costs starting from the WT installation to its recycling. The 

maintenance costs of the scheduled maintenance can be estimated deterministically [17]. The costs 

of the corrective maintenance i.e. unscheduled maintenance cannot be found deterministically, 

they depend upon the stochastic variables such as damage initiation, damage growth and the 

working conditions of the WT. During the estimation of corrective maintenance costs, the 

stochastic nature of the maintenance activity should also be considered. The physics based models 

require simplifying assumptions for the corrective maintenance cost analysis with the validity of 

the model being not assured [18]. Therefore, the solution to handle the stochastic variables in the 

corrective maintenance cost estimation is to have simulation model [19]. 

The WT is composed different rotating components such as blades, rotor, gearbox, 

generator, and controls with different failure rates. The failure of any of the component can lead 

to the system failure, thus the failed component should be repaired or replaced to restore the system 

to its operating condition. This process leads to WT downtime in which the WT will not be in 

operating condition. The downtime of a component involves different parameters such as 

transportation time of the spare, equipment, lead time of the labor, repair time, assembling and 

disassembling time of the equipment. The downtime of WTs leads to the loss in revenue and should 

be included in the O&M cost model.  

The different cost models developed for analyzing the O&M aspects of the WT are limited. 

Some of the cost models include models developed by Energy research Centre of the Netherlands 

(ECN) [20], Technical University (TU) Delft Van [21] and Sandia National Laboratories (SNL) 
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[22]. The first two methods consider the O&M model of the offshore WTs with stochastic cost 

accumulation techniques and the last method utilizes the limit state functions of the reliability 

methods to determine the future O&M costs. The ECN model uses analytic expressions to 

determine the annual average O&M costs and downtime costs and the model has been extended 

for handling the stochastic variables in the cost determination process. The TU developed the 

O&M modeling program named CONTOFAX in which the O&M costs are simulated by analyzing 

the state of the each component in the WT over a period of time. The failures of the component 

are simulated based on the distributions and the mean time to failure functions provided by the 

wind farm manufacturers. Both ECN model and CONTOFAX consider the stochastic nature of 

weather conditions and the O&M costs are accumulated based on the simulated failures of the 

components. Similarly, the SNL developed the cost model called FAROW for O&M cost modeling 

and the model evaluates the fatigue and reliability of WT components using limit state functions 

of first and second order reliability methods. The comparison of determined lifetime with the 

required target lifetime enables the premature failure probability assessment and Veers [22] 

utilized this methodology for determining the future O&M costs. Recently, Nielsen et al. [10] 

proposed a cost based O&M planning with Bayesian pre-posterior theory considering the past 

historic data related to inspection and maintenance activities. The damage growth model is 

simulated using the Paris’ law and the different stochastic parameters considered in the model are 

weather conditions, interruption and delay, uncertainty in lead times etc. The O&M costs are 

calculated as present values and accumulated for the total O&M cost analysis. 

In current practice, O&M cost models and O&M decision-making process for wind farms 

is mostly cost-oriented, in which associated sustainability impact has seldom been investigated 

and the benefits of prognostics for determining the remaining useful life (RUL) have not been fully 
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utilized. Pacca et al. considered the global warming effect of operational and construction phases 

of WTs [2]. Life cycle assessment of a wind farm in wind farm construction and maintenance 

phases has also been conducted [23]. The emissions during manufacturing of WT components, 

operation and future dismantling of WT systems have been considered as the environmental impact 

factors [24]. Similarly, existing life cycle assessment reports available in the field [2328] provide 

limited information on the O&M phase after manufacturing which is a very significant dimension 

over 20 years of a turbine life. The operational phase of WTs offers a great opportunity for 

sustainability or life cycle improvement of green wind energy, even though it has not been 

integrated into wind farm O&M decision-making processes. 

Activities of sensory health monitoring and life prediction are of great importance to 

critical O&M decision-making processes. Research on real-time failure prognostics which 

interprets data acquired by distributed sensor networks, and utilizes these data streams in making 

critical decisions provides significant advancements across a wide range of applications [29]. The 

early awareness of the WT health condition through prognostics-informed maintenance helps in 

proper planning and scheduling of maintenance activities which avoids delay in execution of 

necessary repair activity and thus minimizes the system downtime. The prognostic techniques, 

which aim on predicting the RUL of the system, can be classified into three broad categories: 

model based prognostics, data driven prognostics and hybrid (fusion) prognostics [30]. Most 

recently, Wang et al. developed a generic framework of structural health prognostics in which a 

generic health index system, a sparse Bayes learning technique and a similarity-based interpolation 

(SBI) technique were proposed and integrated for the RUL prediction and uncertainty management 

[31].  
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Based on the known current damage level, the approximate failure period (RUL) of WT 

can be predicted through the prediction approaches and utilized to enhance the maintenance 

decision planning. Optimal planning and maintenance strategies are aimed to prevent the complete 

failure of the system and focus on the objective of maximizing the benefits through continuous 

power generation with minimal downtime and also to achieve significant reduction in the 

inspection, repair and failure costs. Although prognostics can provide valuable information for 

proactive maintenance decision-making, the benefits have not been fully utilized for wind farm 

O&M decision-making. This chapter presents an optimized prognostics-informed stochastic 

decision-making framework for wind farm O&M that concurrently improve the economic and 

sustainability benefits. This framework is detailed in the next section. 

5.6 Prognostics-Informed Stochastic O&M Decision-Making Framework 

The developed framework, as shown in Figure 5.1, is composed of three essential modules: 

(i) performance degradation modeling module based on stochastic damage growth models; (ii) 

O&M optimization module for evaluation of O&M plans as shown in the bottom left shaded box, 

which includes the O&M cost accumulation; and (iii) failure prognostics module that predicts the 

remaining useful life (RUL) with the SBI prognostics technique.  

The performance degradation modeling module models the performance degradation of 

WT while considering the stochastic effects of loading conditions and randomness of individual 

turbine units. The stochastic damage growth model developed in module (i) can realize the failure 

development process over time and enable the implementation and evaluation of different O&M 

plans. The O&M performance analysis module will evaluate the total cost and loss of sustainability 

benefits for any given O&M plan over projected WT life span, and provide the sensitivities for 

improvements. The optimized critical damage level with minimum maintenance costs and loss of 
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sustainability benefits is determined. The WT failure prognostics module employs the SBI 

technique to predict the remaining useful lives (RULs) of WT units. With the predicted RULs of 

WT units, optimum O&M plans can be determined to concurrently improve the economic and 

sustainability benefits of WT. The O&M costs are accumulated throughout the wind farm O&M 

processes. 
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Figure 5.1. Architecture of the Developed O&M Decision-Making Framework 

5.6.1 Stochastic Damage Growth Model 

Within the proposed framework, growth models are employed to characterize the 

performance degradation of WT over time. Damage growth over time is modeled by the influence 

of the stochastic parameters such as the loading factors, primarily wind or combination of both 

wind and wave height in case of offshore WTs, weather conditions and also the lead times involved 

in accumulation of the required resources to perform the maintenance activities. Damage growth 

model is most widely used for fatigue crack growth and it gives the relationship between the 

damage growth over time and the load cycles acting on the component based on the Paris Law. 

Paris law is primarily applied to study the damage growth rate in the field of fracture mechanics 
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and material science. In this study, the performance degradation of WTs is modeled with a 

stochastic damage growth model as [10, 32]: 

 
mdD dN C K

dt dt
    (5.1) 

where dD/dt is the rate of damage growth, dN/dt is the load cycles acting per hour on the WT, C 

is the damage coefficient and ΔK is the change in the damage intensity factor and m is the damage 

exponent. 

Further, the change in the damage intensity factor can be given as, 

 s sK H X D       (5.2) 

where β is the geometry factor, Hs is the load factor, Xs is the proportionality factor to estimate the 

uncertainty in the cyclic damage range and ‘D’ is the current damage level. Damage level ’D’ of 

WT components is given on a relative scale, where “0” indicates that there is no damage in the 

system and “1” indicates that the system has failed completely. 

5.6.2 Operation and Maintenance Cost Model 

Various costs incurred during the use phase of WTs are modeled mathematically to 

compute the accumulated risks involved in the O&M process. The total cost incurred is denoted 

as total O&M cost, Ctot. The risk of the O&M activities is measured by the cost induced by the 

O&M events, such as inspection, part repair or replacement, and probabilities of occurrence of 

these events. The Ctot incurred can be given as, 

 tot ins rep fail trans CMS prod CCC C C C C C C C        (5.3) 

where Cins is the total inspection cost, Crep is the total repair cost, Cfail is the total failure cost, Ctrans 

is the total transportation cost, CCMS is the condition monitoring system installation cost, Cprod is 

the total cost incurred due to loss of production during the entire life span of a WT and Cprod is the 
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total cost incurred due to loss of carbon credits. All the individual costs CT at time of occurrence 

T are discounted into present values C based on the rate of interest r. The present costs CT is given 

as, 

 (1 )
T T

C
C

r



 (5.4) 

The above equation is utilized for determining the different O&M costs in the life span of 

WTs. The costs incurred due to loss of production is provided as, 

 (1 )
days

prod T
b nKWH n

C
r

 



 (5.5) 

where b is cost per KWH, ndays is the number of days required to perform the repair and nKWH is 

the number of units of power produced based on the capacity of WT. Estimation of the total cost 

during the operation stage of WT is used to optimize the O&M decision parameters to minimize 

total O&M cost as well as the loss of sustainability benefits.  

5.6.3 Quantification of Sustainability Benefits 

The downtime of WT forces to use other conventional and more polluting energy sources 

such as coal power plant to generate electricity to compensate the loss of power production by 

wind farms. Therefore, the downtime of WT should be taken into account for the environmental 

hazard. Each renewable energy power generation resource earns carbon credits, denoted as CC, 

for generating the energy by avoiding the carbon emission to the atmosphere. One carbon credit is 

measured as one metric ton of CO2 emission. Similarly, the loss of sustainability benefits of O&M 

events that cause WT downtimes can be quantified by the loss of carbon credits, i.e., the total 

number of carbon credits that a WT failed to earn during its usage due to the downtime, which can 

be calculated as  
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 * *CC d p e  (5.6) 

where, d represents total number of downtime hours (hours), p represents loss of power production 

in one hour measured by KWH (KWH/hour) and e represents average CO2 emission in metric ton 

that coal power plant will generate in order to produce the same amount of power (metric tons of 

CO2 per KWH). Average CO2 emission rate by coal source electricity production is 2.3 lbs of 

CO2/KWH [33]. The loss of carbon credits during the downtime of repair and failure will be 

calculated as CCrep and CCfail respectively. The loss of sustainability benefits due to downtime of 

WTs can be accounted as cost due to the loss of carbon credits and it is determined by using the 

Eq. (5.7). 

 
tot rep fail

CC tot CC

CC CC CC

C CC f

 

 
 (5.7) 

where fcc cost of unit carbon credit and average cost of unit carbon cost used in this O&M decision-

making methodology is $15 [34]. 

5.6.4 Wind Farm O&M with Prognostics 

Activities of condition monitoring and remaining useful life prediction are of great 

importance for the decision-making process of WT O&M. In proposed prognostics-informed 

stochastic decision-making framework, the similarity-based interpolation (SBI) technique is 

employed to accomplish the prognostic task, which assess the current health condition of WT and 

predict the time of occurrence for the next failure event [31]. The SBI technique involves both the 

offline training and online prediction processes. In the offline training process, the SBI will 

develop the background health knowledge, which constitutes of n number of random realizations 

of individual WT run-to-failure degradation paths. In the online prediction process, the SBI 

technique will interpolate the partially degraded WTs over the background health knowledge to 
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generate the similarity weights and predict the RUL using these weights. The detail steps involved 

in the SBI technique are outlined in Table 5.1. 

Table 5.1. Procedure for WT O&M Prognostics 

Step 1: Generate n number of random realizations of the stochastic degradation 
process model  

Step 2: Develop the background health knowledge with n run to failure degradation 
paths; 

Step 3: Interpolate the partially degraded WT over the background health 
knowledge to generate the similarity weights; 

Step 4: Determine the weighted RUL for each online WT in wind farm based on 
similarity weights. 

 

In this study, the offline training process of the SBI technique is accomplished through n 

simulation runs of the stochastic damage growth model which produce n number of individual WT 

run-to-failure damage growth paths. The next process is to determine the similarity weights of 

online WTs. For an online WT, the similarity weight based on the jth offline WT in the background 

health knowledge, Wj, can be defined as the inverse of the square-sum error comparing the damage 

growth path of an online WT unit with those for the offline training units as 

  
1

2

0
( ) ( )

T
b

j j
t

W D t D t




 
  

  
  (5.8) 

where D(t) and Dj
b(ti) are the damage level at the current time T for the online WT and the jth 

damage growth path data in the background health knowledge respectively. It is obvious that 

greater similarity weight is given to the offline WT with greater similarity to the online WT. The 

predictive RUL of an online WT unit can then be interpolated based on the similarity weights as 

  
1 1

1      where   
n n

j j j
j j

RUL W RUL W W
W  

     (5.9) 

where RULj is the projected RUL on the jth damage growth curve and Wj is the jth similarity weight. 
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The detailed version of this method can be found in [31]. Therefore, the weighted RUL of each 

WT is determined and the 90% confidence interval values of the weighted RULs can be calculated 

as the next predicted maintenance period of the wind farm. In the next section, a case study is 

employed to demonstrate two different O&M plans, CBM and the proposed prognostics-informed 

CBM, while considering both economic and sustainability benefits.  

5.6.5 Optimization of Wind Farm O&M 

Wind farm O&M optimization aims to find the best compromise between total cost and 

critical damage threshold value for maintenance by taking uncertainties into account. The general 

formula for wind farm O&M cost optimization is given by 

 

Minimize: 
                          

Subject to: 0 1

tot ins rep fail
trans CMS prod CC

c

C C C C
C C C C

D

   
  

 

 (5.10) 

Ctot is the objective function which denotes the total cost including both O&M costs and 

carbon credit cost; Dc is the design variable and it denotes the critical damage threshold value. The 

objective is to determine the optimized critical damage value, Dc which minimize the O&M cost 

and loss of sustainability benefit.  

5.7 Case Study 

The wind farm employed in this case study consists of 100 WTs and its O&M is decided 

primarily by considering two O&M plans of the operation of wind farm. Case I considers condition 

based maintenance of the wind farm and case II considers CBM with failure prognostic 

information while making CBM maintenance decisions. The life span of WTs is assumed to be 20 

years in both cases. The stochastic parameters affecting the O&M of WTs are estimated based on 

the failure rates of the WT failure modes. The damage growth over time is estimated in a CBM 
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environment based on the Paris law as given in Eq. (5.1), where dN/dt is considered to be 360/hour. 

The damage growth is simulated for every 8 hours and updated using the Euler’s method as, 

 t t t
dDD D t
dt     (5.11) 

where Dt is the damage index at time t and Dt+∆t is the updated damage index after a ∆t of 8 hours. 

The capacity of WT is considered to be 5 MW and the power generated is monitored for every 

hour. The amount of power generated is assumed to be affected by the load acting on the WT and 

also on the rate of damage growth. The effectiveness of maintenance activities such as health 

monitoring and the damage detection is modeled in a probabilistic approach to account for the 

uncertainties involved during the WT O&M process. The inspection in the normal CBM process 

is scheduled for every 180 days and in the prognostics-informed CBM, the next maintenance 

period is determined based on the prognostic results and the O&M costs are calculated for the 

lifetime of WT. The probability of detection of damage is considered to be dependent on the 

current damage level and is given as, 

 

  
0 1

D t

PoD P e


 
 

  
 
 
 

 (5.12) 

where P0 is the maximum probability of detection, which is considered as one in this case study, 

and λ is the expected value of the smallest detectable damage and is considered to be 0.4. 

Table 5.2. Random Parameters in the Case Study 

Parameters Mean COV Distribution 

C 9.26E-10 0.2 Lognormal 
Xs 11.5 0.1 Lognormal 
M 2 - Deterministic 
B 1 - Deterministic 
D0 0.02 - Exponential 
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Table 5.3. Parameter Values for the Cost Model 

Parameters Symbol Value 

Failure cost/failure Cfail $ 20000 

Repair cost/repair Crep $ 10000 

Inspection cost/inspection Cins $ 2500 

Power price b $ 0.04/KWH 

Rate of interest r 5%/year 

Transportation cost/ maintenance Ctrans $ 10000 

CMS installation cost/unit CCMS $ 15000 

Carbon credit cost/carbon credit fCC $ 15 
  

The critical damage value, Dc, to perform the repair activity will be determined using 

sensitivity analysis. The Dc values are chosen such that the failure of the system does not occur 

before the next inspection. The repair activity is also affected by the inspection effectiveness which 

is characterized by the probability of detection. For simpler calculations, it is assumed that there 

are no false indications during damage detection. The repair activity is carried out based on the 

comparison of the detected damage D(t) with the Dc. If D(t) is greater than Dc, the repair will be 

executed thus the repair cost will be accumulated and after the repair the damage level of the 

system is set to D0. 

If the damage level reaches 1, corrective maintenance is performed and current damage 

level of the system is set to D0. In this scenario, the failure cost is accumulated and the loss of 

production cost is calculated as given in Eq. (5.5). Finally the total cost incurred during the life 

span of the WT is calculated based on Eq. (5.3). Tables 5.2 and 5.3 provide the random parameters 

and model parameter values used in this case study. In Table 5.3, the parameters such as power 

price, inspection cost, repair cost and rate of interest are utilized from [3] and the other parameters 

are assumed.  
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5.7.1 Strategy 1: CBM 

This maintenance strategy considers CBM in which the WT is monitored periodically. The 

flowchart, as shown in Figure 5.2, indicates the procedure involved in the O&M strategy of wind 

farm based on CBM. The regular inspection interval of WT is once in 180 days and the process is 

repeated for 20 years. Initial damage level in the WT component is considered as D0 which is 

exponentially distributed with a mean of 0.02. The performance degradation is simulated based on 

the stochastic damage growth model in which the damage level is estimated every 8 hours and the 

maintenance strategy is performed based on the current damage level.  
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Figure 5.2. Decision-Making Flowchart of Strategy 1 
 

The three important conditions through which the maintenance strategy is implemented 

are: i) D(t) > 1, ii) D(t) < Dc, and iii) Dc < D(t) < 1. If D(t)>1, corrective replacement is performed 
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and total cost constitutes the failure cost, transportation cost and cost of loss of production. If the 

current damage level of the system reaches one which indicates that there is a complete failure of 

the system, the number of days required to perform the repair is determined. If D(t) < Dc, no repair 

activity is needed and damage growth continues. If Dc < D(t) < 1, the repair activity is performed 

on the same day and the total cost constitutes the inspection cost, repair cost, transportation cost 

and cost of loss of production. Damage growth over life time is estimated using Paris law and the 

costs associated with O&M are calculated. As the damage growth in WT is affected by stochastic 

parameters and the variability in O&M costs is observed. Economic analysis by determining O&M 

costs and sustainability analysis by determining carbon credit cost during the downtime of WT is 

accumulated for the simulation of wind farm over its lifetime. The critical damage level, Dc that 

minimizes the total cost which includes both maintenance costs and loss of carbon credit cost is 

determined using the optimization process.  

 

 
 

Figure 5.3. Total Cost Function during Iterative O&M Decision-Making Process of Strategy 1 
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Figure 5.4. Dc Level during Iterative O&M Decision-Making Process of Strategy 1 
 
By performing O&M decision-making optimization, an optimum design should be 

obtained to minimize the total cost for the life time of the WT. The initial Dc level is 0.1, and the 

total cost is $ 3.41 x107. Starting from the initial Dc level, the O&M decision-making optimization 

is performed, and the optimum Dc level is achieved after fourteen iterations. The total cost function 

and the design variable, Dc level during the iterative process of O&M decision-making 

optimization is shown in Figures 5.3 and 5.4 respectively. For the optimum design, the total cost 

is found to be $ 2.84 x107 at the critical damage level, Dc =0.1854. The optimal critical damage 

level result obtained is similar to the results of Nielsen et al. [10] as the optimal damage level lies 

between 0.1 and 0.2.  

5.7.2 Strategy 2: Prognostics-Informed CBM 

This maintenance strategy considers the same wind farm considered in the Strategy 1 with 

100 WT with failure prognostics information in order to identify the next maintenance period. The 

flow chart indicates the procedure involved in the prognostics-informed CBM strategy of wind 

farm as shown in Figure 5.5. Damage growth over life time is estimated using Paris law and the 

costs associated with O&M are calculated. As the damage growth in WT is affected by stochastic 

2 4 6 8 10 12 14
0

0.2

0.4

0.6

0.8

1

Iterations

D
c 

Le
ve

l



 

141 
 

parameters and the variability in O&M costs is observed, the statistical analysis is implemented 

for different O&M costs such as inspection costs, repair costs, failure costs and total costs.  
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Figure 5.5. Decision-Making Flowchart of Strategy 2 

The maintenance will be carried out in the predicted next maintenance period. The 

prognostics model of wind farm O&M is developed by generating degradation models of 100 

offline WTs and the RUL is determined for each online unit based on the SBI as discussed in 

Section 5.6.4. The weighted RUL for each online WT is determined and the next maintenance 

period is predicted as 90% confidence interval of the weighted RULs of WT in wind farm. The 

inspection is carried out in the predicted maintenance period and cost of inspection is accumulated. 

As discussed in the plan A, there are three important conditions through which the maintenance 
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strategy is implemented: i) D(t) > 1, ii) D(t) < Dc, and iii) Dc < D(t) < 1. The process is repeated 

for the entire life span of WT which is assumed to be 58400 hours. 

 
 

Figure 5.6. Total Cost Function during Iterative O&M Decision-Making Process of Strategy 2 
 

 
 

Figure 5.7. Dc Level during Iterative O&M Decision-Making Process of Strategy 2 
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the design variable, Dc level during the iterative process of O&M decision-making optimization is 

shown in Figures 5.6 and 5.7 respectively. For the optimum design, the total cost is found to be $ 

9.18 x106 at the critical damage level, Dc =0.7964.  

The comparison of strategies 1 and 2 at their optimal critical damage levels based on O&M 

and carbon credits costs is shown in Figure 5.8. The total O&M costs and carbon credits costs at 

optimal Dc levels for Strategy 1 is greater than the Strategy 2 mainly due to high repair and 

inspection costs. In Strategy 1, the WT is inspected for every 6 months and repaired whenever the 

damage level is beyond the optimized damage level (Dc = 0.1894). The CBM case has high repair 

cost with no CMS installation cost compared to prognostics-informed CBM. Moreover, Strategy 

2 has the CMS installed which can track the current health condition of WT and next maintenance 

period is scheduled accordingly to avoid potential loss of production due to complete system 

failures. Although, the repair cost of the prognostics-informed CBM is the major portion of its 

total O&M costs, the repair cost of CBM is approximately around three times the repair cost of the 

prognostics-informed CBM. 

 
Figure 5.8. Cost Comparison of Strategies 1 and 2 
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The loss of carbon credit comparison due to WT downtime is also presented in Figure 5.8. 

As there is no failure cost involved in the Strategy 1, the only portion of total carbon credits in 

Strategy 1 is due to the repair activities for WT, whereas the prognostics-informed CBM in 

Strategy 2 involves both repair and failure carbon credits. Overall, the total carbon credits led by 

Strategy 1 are approximately three times bigger than the one induced by prognostics-informed 

CBM of Strategy 2. Based on the case study results, the proposed prognostics-informed stochastic 

decision-making framework generates better economic and sustainability benefits compared to the 

traditional CBM technique for the discussed case study. 

5.8 Conclusion 

This section presents an optimized prognostics-informed stochastic decision-making 

framework for the operation and maintenance of WTs with concurrent consideration of economic 

and sustainability benefits. In the presented approach, the probabilistic damage growth model is 

used to characterize individual WT performance degradation and failure prognostics. Based on the 

customized wind farm information inputs, the developed decision-making methodology can be 

used to identify optimum and robust strategies for wind farm O&M in order to maximize the 

economic and sustainability benefits concurrently. The proposed O&M decision-making 

methodology is compared with the existing condition based maintenance (CBM) models and 

demonstrated with one wind farm case study. The case study results indicate that the prognostics-

informed stochastic decision-making framework for wind farm O&M perform better compared to 

the traditional CBM technique by substantially increasing the economic and sustainability benefits 

concurrently. 
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CHAPTER 6 

CONCLUSION AND FUTURE WORK 

6.1 Conclusion 

The main objective of this dissertation is to improve the PHM field with multi-sensor data 

handling in diagnostics, UHS detection, robust diagnostics and prognostics informed O&M 

decision-making. The above mentioned objectives are accomplished through different research 

problems proposed in the Chapter 1. The first research solution for multi-sensor data handling in 

diagnostics is proposed in the Chapter 2 with the title “A Multi-Sensor Health Diagnostics using 

Deep Belief Networks” and the proposed methodology is demonstrated with two engineering case 

studies. Case study results indicated that the proposed DBN classifier model generally results in a 

higher classification rate in most of the cases for the discussed engineering case studies, compared 

to other classification methods. 

Chapter 3 presents the second research solution for UHS detection with the title “Health 

Diagnostics with Unexampled Faulty States”. The THC method which detects the unexampled 

system faulty states based upon sensory data to avoid sudden catastrophic system failures is 

developed as the research solution 2. The EMD method and THC methodology is proposed and 

demonstrated with engineering case studies. The case study results show that there is an increase 

in the overall classification rate of UHS for THC classifier compared to the preliminary analysis 

by EMD classifier. More importantly, the proposed THC approach is able to detect and isolate 

unexampled faulty states in real time health monitoring. 

Chapter 5 presents the third research solution for robust diagnostics with the title “Health 

Diagnostics using Multi-Attribute Classification Fusion”. This research solution presents the 

proposed robust classification fusion approach combines the diagnostics results from different 

algorithms into a robust unified diagnostic decision. The developed algorithm was demonstrated 
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with PHM challenge data and bearing health diagnostics. By combining the classifications of all 

member algorithms, the classification fusion approach achieves better accuracy in HS 

classifications than any stand-alone member algorithm. Furthermore, the classification fusion 

approach has an inherent flexibility to incorporate any advanced diagnostic algorithm that will be 

developed. 

Chapter 5 presents the fourth research solution with the title “Prognostics-Informed O&M 

Decision-Making Framework”. The optimized prognostics-informed stochastic decision-making 

framework for the operation and maintenance of WTs with concurrent consideration of economic 

and sustainability benefits is proposed. The O&M decision-making methodology is compared with 

the existing condition based maintenance (CBM) models and demonstrated with one wind farm 

case study. The case study results indicate that the prognostics-informed stochastic decision-

making framework for wind farm O&M perform better compared to the traditional CBM technique 

by substantially increasing the economic and sustainability benefits concurrently.  

6.2 Future Work  

Considering the enhanced accuracy in health diagnostics by the proposed approaches, the 

proposed approach provides an effective way to continuously monitor the health condition of an 

engineered system, which further enables the development of failure prognostics systems with 

deep learning algorithms and the implementation of condition-based maintenance. Due to 

advancement in sensing technologies, the high dimensionality of the sensor networks is common 

in complex systems. Each diagnostics algorithm might be efficient with different sets of sensory 

signals, therefore selection of appropriate sensors based on the capability of the 

diagnostics/prognostics algorithm is needed to improve the failure detection and prediction.  
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