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ABSTRACT 

Effective health diagnostics for engineered systems provide tremendous benefits such as 

improved safety, reliability, and reduced costs of operation and maintenance. Extensive literature 

review on health diagnostics and prognostics of complex engineered systems have identified 

following three important challenge problems. 

 Because of the implicit relationships between different health states of a system and 

sensory signals in complex engineered systems, it is difficult to develop a generally 

applicable yet robust failure diagnosis algorithm. 

 A challenge for health diagnostics of dynamic environments is that the relationships 

between sensory signals and their health states may change or examples which belong to a 

novel health state appears over time. These changes may degrade the performance of the 

trained health diagnosis algorithm. 

 Although querying procedure can provide valuable information for dynamic health 

diagnostics and prognostics, sometimes the high costs of labeling make it difficult to 

acquire the true health states of new incoming examples immediately. 

To address these important challenges, three research solutions are proposed: a 

classification fusion with concurrent subset algorithm selection for health diagnostics, an adaptive 

fusion learning approach to build a robust classification model, an active learning with holding 

method for health diagnostics of data streams. In this dissertation, in order to demonstrate the 

effectiveness of the proposed research solutions numerical examples and different real-world 

applications are employed as case studies. 
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CHAPTER 1 

 INTRODUCTION 

1.1 Research Background 

Real-time health diagnostics and prognostics interpret data acquired by smart sensors to 

make critical operation and maintenance decisions [1, 2]. Effective health diagnosis for engineered 

systems in service provides multifarious benefits for system owners and operators, leading to 

improved system safety, reliability, and reduced costs [3, 4]. In manufacturing and service sectors, 

accurately assessing the health condition of a system through effective health diagnostics enables 

the reduction and possibly elimination of unexpected breakdowns, thereby reducing the operation 

and maintenance costs of the system [5-7].  In the literature, condition monitoring has been used 

for health diagnostics of engineered systems using the sensory information to assess their 

degradation states, thereby enabling failure prognostics for crucial decision-makings on reliability 

and safety improvements [8-11]. 

 

 

Figure 1.1 Prognostics and health management steps 

Prognostics and health management (PHM) is an advancing field that aids to make 

appropriate operation and maintenance decisions based on the current and predictive health 

conditions of an engineered system [12-14]. As shown in Figure 1.1, PHM consists of three main 
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steps: (i) diagnostics, (ii) prognostics, and (iii) health management. PHM can be applied to a wide 

range of applications such as transforms [6], turbines [10], bearings [15], and machine tools [16]. 

1.2 Research Challenges 

Based on the literature reviews, the following three important challenges have been identified 

for PHM of complex engineered systems. 

(1)  A key challenge for health diagnostics is that because of the implicit relationship between 

different sensory signals and system health states, it is difficult to develop a generally 

applicable yet robust failure diagnosis algorithm. There are some factors that affect the 

performance of a diagnosis algorithm such as the size of the training set, and the large 

uncertainties in operational conditions. Thus, it is so difficult to form a diagnostic approach 

based on a single classifier to work well for all diagnostics applications. 

(2)  The changes that happen in evolving data streams is the main challenge for health 

diagnosis procedure. There are two kinds of changes that may occur in evolving data 

streams over time: namely concept drift and concept evolution. The learned diagnosis 

algorithm may face with degradation over time and cannot respond to concept drift and 

concept evolution in data streams. These changes happen without any prior knowledge or 

available training data. Thus the performance of diagnosis algorithm cannot react well to 

these changes and it is required to adapt the real time health diagnostics to the changes 

happen in data streams. 

(3)  Health diagnosis in dynamic environments requires the information about the true label of 

arriving instances. Active learning method through querying requires the true health state 

of examples to relearn the diagnosis algorithm. The main challenge is that the acquiring 

the true health states of examples is a costly procedure due to required human inputs (labor 
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costs), and expensive laboratory tests or sometimes the true labels are not available 

immediately. Thus, the main challenge in health diagnostics of evolving data streams 

resides on how to decrease the costs of labeling and still preserve the accuracy of diagnosis 

algorithm. 

(4) In imbalanced engineering datasets, the number of instances per health state is not equitably 

distributed. The imbalanced datasets pose challenges for typical classifiers such as neural 

networks or decision tree that are designed to be trained without taking into account the 

relative distribution of each health states. Therefore, these classifiers tend to be 

overwhelmed by the majority health state. 

The following research questions are summarized the identified important research 

problems: (1) how to select and combine different classifiers out of a pool of member algorithms 

to form a robust diagnosis algorithm; (2) how to select and adapt classifiers to changes happen in 

evolving environment; (3) how to select and label the examples in order to relearn the diagnosis 

algorithm. (4) how to have combine different classification methods for imbalanced problems to 

form an accurate diagnosis algorithm. 

1.3 Research Scope and Objectives 

The main objective of this research is to improve the diagnostics and prognostics with multi-

sensor data in static and dynamic environments. The scope of the work in this dissertation is to 

address the identified challenges in section 1.2 by developing the following research solutions: 

1.3.1 Research Solutions 

Research Solution 1: a classification fusion with concurrent subset algorithm selection for 

health diagnostics: 
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A classification with concurrent subset algorithm selection (CF-CSAS) presented in chapter 

2 selects classifiers through a pool of learners and leverages the strengths of them to form a robust 

health diagnosis algorithm. The developed CF-CSAS methodology consists of three primary steps: 

(i) classification and accuracy ranking using member algorithms with k-fold cross validation; (ii) 

Classifier selection on each health state based on diversity and accuracy; (iii) classification fusion 

using the weighted majority voting system. The developed classification fusion system provides 

an effective tool for health diagnostics of engineered systems in static environments. 

Research Solution 2: an adaptive fusion learning approach to build a robust classification 

model: 

The adaptive fusion learning (AFL) method presented in Chapter 3 provides a technique to 

select classifiers out of a pool of learners adaptively. The AFL procedure is performed using the 

developed combination strategy of active learning to selectively query and tries to detect concept 

drift and concept evolution as soon as they appear in data streams. The developed adaptive 

classification fusion system can be used as an effective technique for health diagnostics of sensory 

signals which arrive from an evolving environment. 

Research Solution 3: a novel active learning with holding method for health diagnostics of 

data streams: 

Diagnostics of evolving data streams usually try to respond the true health states of arriving 

examples at the time of arrival, while in many applications a delay in diagnosis of some examples 

is acceptable. The proposed active learning with holding (ALH) method uses the holding method 

for responding of some examples in order to gather more information during the time and reduce 

the querying cost. The ALH consists of two primary steps: (i) detection and selection of examples 

which may belong to the novel concept or have drifts; (ii) the decision-making process to hold, 
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query, or declare the true health state of examples. The developed active learning with holding 

method can be used to effectively perform health diagnosis and reduce the costs of labeling through 

holding procedure. This research solution is presented in Chapter 4. 

Research Solution 4: a classification fusion algorithm for health diagnosis of multi-class 

imbalanced problems using developed adjusted G-mean measure: 

In some real-world case-studies, balanced training balanced datasets where all classes are 

equally represented are not available. The imbalanced datasets pose challenges for typical 

classifiers because they tend to be overwhelmed by the classes with higher number of instances. 

Various preprocessed methods have been used to provide balanced datasets for classifiers. The 

proposed classification approach fuses different imbalanced classification methods as member 

algorithms to form more accurate imbalanced classification model than any stand-alone member 

algorithm. The proposed approach consists of three primary steps: (i) fusion formulation using k-

fold cross-validation model; (ii) diagnostics with multiple imbalanced classification methods as 

member algorithms; (iii) classification fusion using the developed Geometric-mean weighting 

scheme. This research solution is presented in Chapter 5. 

1.4 Dissertation Overview 

This proposal dissertation is organized as follows. Chapter 2 presents the classification fusion 

with concurrent subset algorithm selection and the developed framework. Chapter 3 presents the 

developed AFL framework for robust health diagnostics of evolving sensory data. Chapter 4 

discusses the proposed active learning with holding procedure. Chapter 6 provides a classification 

fusion for health diagnostics of imbalanced problems. In Chapter 5, conclusions and future work 

are summarized. 

 



6 
 

CHAPTER 2 

 FAILURE DIAGNOSIS USING CLASSIFICATION FUSION WITH CONCURRENT 
SUBSET ALGORITHM SELECTIONS 

 

 

2.1 Abstract 

This paper presents a new failure diagnosis method based on classification fusion with 

concurrent subset algorithm selection (CF-CSAS) to leverage the strengths of a subset of classifiers 

and improve the robustness of diagnosis. Selection of diverse classifiers in fusion models could 

potentially provide more accurate diagnosis results with better ensemble of algorithms. Thus, 

diversity and accuracy are considered for selecting classifiers through a pool of learners. The 

developed CF-CSAS methodology consists of three steps: (i) classification and accuracy ranking 

using member algorithms with k-fold cross validation; (ii) subset selection based on accuracy and 

diversity (SSAD) for each health state; (iii) classification fusion using weighted majority voting. 

In the developed CF-CSAS approach, the geometric mean (G-mean) has been used as the accuracy 

measure of each member algorithm whereas the number of mutual mistakes between each pair of 

classifiers is applied as the diversity measure. The accuracy-based weighting mechanism is 

developed thereafter to determine the corresponding weights of the classifiers in the subsequent 

subset algorithm selection and fusion processes. To implement the developed fusion diagnosis 

approach, a set of nine popular classification approaches have been used as the member algorithms.  

A numerical example and a fault diagnosis problem for electric power transformers are employed 

to demonstrate the effectiveness of the developed fusion diagnosis methodology. The case studies 

results indicated that the proposed CF-CSAS technique outperforms each individual member 

algorithm and existing fusion methods with higher overall accuracy and robustness. 
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2.2 Introduction 

Effective health diagnosis for engineered systems in service provides tremendous advantages 

for system owners and operators, leading to improved system safety, reliability, and reduced costs.  

Accurately assessing the health condition of a system through effective health diagnosis enables 

the mitigation and recovery of unexpected system breakdowns, thereby reducing the operation and 

maintenance costs of the system, which generally account for a large portion of overall system 

lifecycle costs in many industries [17].  In the literature, there are in general two categories of 

methodologies for health diagnosis, namely the machine learning based approaches, and the 

statistical inference. The machine learning based diagnosis approaches, which employ one of 

machine learning techniques for fault classification, have been used for failure diagnosis widely 

due to the general applicability and convenience in implementation with available machine 

learning toolboxes. Some of these machine learning techniques include back-propagation neural 

networks (BNNs) [6, 18-20], deep belief networks (DBNs) [5, 21], support vector machines 

(SVMs) [6, 22-26], naïve Bayes (NB) [27], and self-organizing maps (SOMs) [28]. Besides, 

statistical inference based diagnosis techniques have also been used for the classification or 

clustering of the degradation states of system components or subsystems, based on statistical 

features such as the Mahalanobis distance (MD) method [29], the k-nearest neighbor method 

(KNN) [30] and the k-mean clustering method [31]. 

Despite demonstrated successful applications of classification techniques in various 

engineering fields, a key challenge for successful failure diagnosis lies on the implicit relationship 

between sensory signals and different system degradation states, which makes it very difficult to 

develop a generally applicable yet robust failure diagnosis approach. Due to complicated 

characteristics in different diagnosis applications, one single algorithm could not generally work 
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well for all possible diagnosis applications. Therefore, researchers have combined two or more 

existing techniques to form a relatively more robust multi-attribute classification fusion model. In 

the literature, based on the combination strategy used, the fusion methods can be generally divided 

into two categories: consensus-based fusion and learning based fusion [32]. As a representative of 

the consensus-based fusion approaches, Wang et al. [15] employed a bagging method to determine 

class labels with the weighted majority voting as provided by multiple classification algorithms 

while simultaneously considering the dominant classifiers for different classes. Although the 

developed weighted majority voting with dominance [18] has been very successful in forming an 

effective fusion model for accurate diagnosis, only a fixed number of member algorithms have 

been used and the impact of a dominant classifier for one health state on other health states has 

been largely ignored. Additionally, as the learning based fusion approaches, boosting [33], 

Adaboost [34], and rule ensemble [27] techniques have been developed in the literature to form 

different training strategies of member classification algorithms in order to achieve a better fusion 

algorithm.  

To improve the performance of health diagnosis, the idea of using only a subset of algorithms 

in the fusion model from a large pool of candidate algorithms has been employed in recent years, 

referred to as ensemble pruning [35]. The rationale of ensemble pruning is that training of all 

candidate classifiers, especially the similar ones, and using them in the ensemble could be time 

consuming and unnecessary [36]. Moreover, pruning some weak classifiers from the voting system 

in the selected set could potentially improve the accuracy performance of the fusion results [37-

40]. The key challenge in ensemble pruning is selecting the best subset of algorithms from the pool 

of candidates to achieve the best diagnosis results. In the selection of the candidate algorithms, 

diversity among classifiers plays an important role in ensemble pruning methods [41]. Bhatnagar 
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et al. [42] proposed a heuristic method which performs an accuracy-diversity based pruning 

algorithm to search a homogeneous ensemble combination. It aims to provide the smallest 

ensemble with highest achievable accuracy in the pool, while greedy heuristic algorithms can 

easily be stuck in local optima. A common way to achieve diversity in choosing member 

algorithms from a pool of candidates is to train all member algorithms using the same training data 

set and then select member algorithms that minimize the overlaps of the training instances with 

which member algorithms have induced errors. Although the common way of selecting member 

algorithms in ensemble could improve the diversity, the diagnosis results based on selected 

member algorithms would not necessarily be accurate. Moreover, to ensure good diagnosis results, 

it is not sufficient to select accurate classifiers that make the same mistakes. Therefore, both 

diversity and accuracy have been considered as two criteria for classifier selection [37]. Although 

there have been multiple definitions of diversity in the literature [43], there has not been a generally 

applicable one and moreover, the relationship between two different measures which are accuracy 

and diversity has not been jointly considered on each health state of engineered systems.  

Due to the diversified learning ability of the classifiers, there is no single classifier that can 

diagnose all HSs effectively or work well on all diagnostic applications. Most of the existing 

ensemble classification algorithms focus on improving the overall accuracy of the classification. 

Wang et al. [15] have used weighted majority voting with dominance (WMVD) to develop a multi-

attribute classification fusion system that leverages the strengths of multiple classifiers to form a 

robust classification model for health diagnostics. WMVD uses all member classifiers in the pool 

while using only a subset of classifiers could potentially increase the efficiency of health 

diagnostics. This paper presents a new failure diagnosis method based on classification fusion with 

concurrent subset algorithm selection to leverage the cumulative strength of a selective subset of 
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classifiers and improve the robustness of diagnosis. The developed method consists of three steps: 

(i) classification and accuracy ranking using member algorithms with k-fold cross validation; (ii) 

subset selection based on accuracy and diversity (SSAD) for each health state; (iii) classification 

fusion using weighted majority voting. In the CF-CSAS approach, the geometric mean (G-mean) 

has been used as the accuracy measure of each member algorithm whereas the number of mutual 

mistakes between each pair of classifiers is applied as the diversity measure. The accuracy-based 

weighting mechanism is developed thereafter to determine the corresponding weights of the 

classifiers in the subsequent subset algorithm selection and fusion processes. To implement the 

developed fusion diagnosis approach, a set of nine popular classification approaches are used as 

the member algorithms. The remainder of this paper is organized as follows: Section 2.3 provides 

a brief introduction to the member algorithms used for developed fusion diagnosis methodology. 

Section 2.4 details the developed CF-CSAS, and Section 2.5 shows the applications of the 

proposed approach in a numerical example and an electric power transformer health diagnosis 

study. Section 2.6 concludes the paper. 

 
2.3 Overview of Member Diagnosis Algorithms 

In this section, a selective set of nine states of the art classification techniques, including both 

machine learning based and statistical inference based approaches, are briefly overviewed. These 

techniques will form a pool of candidate algorithms to be used for the developed fusion diagnosis 

methodology to be explained in next section.  

2.3.1 Naïve Bayes 

Bayesian classifiers that work based on the Bayesian theorem have been found to have good 

performance as reported in the literature [27]. The naïve Bayes (NB) is one of the representatives 
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for this type of classifiers. To formulate NB, we assume x=(x1, x2, …, xn) to be the feature vector 

and y be the class variable. According to Bayes theorem, we have 

  
   

 

|
| ;

p x y p y
p y x

p x
   (2.1)                                                                                  

where p(y) is the prior distribution of the classes that can be estimated by counting the proportion 

of class y in the training set, and p(x) is the normalizing factor which could be ignored in this 

application since the posteriors probabilities or p(y|x) are compared for different class label y on 

the same x. Thus, we only need to consider p(x|y). If we can get an accurate estimate of p(x|y), the 

best classifier can be obtained in theory with the smallest error rate. However, the challenge is that 

estimating p(x|y) is generally not straightforward since it involves the estimation of large numbers 

of joint probabilities of features. To make the estimation tractable, some assumptions are made for 

the naïve Bayes classifier. It is assumed that the n features are independent of each other given the 

class label. Thus, we have 
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which implies that we only need to estimate each feature value in each class in order to estimate 

the conditional probability, and therefore the calculation of joint-probabilities is avoided. 

In the training stage, the NB classifier estimates the p(y) for all classes and p(xi|y) for all 

features i=1, …, n  for all features values xi from the training set. In the test stage, a test instance x 

will be predicted with label y if y leads to the largest value of Eq. (2.3) among all the class labels. 
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2.3.2 Support Vector Machine 

The support vector machine (SVM) is a kernel-based machine learning technique that can be 

used as a classifier for health diagnostics. The SVM separates incoming data by the maximal 

margin. A two-class case with the optimal separating hyper-plane and the maximum margins is 

shown in Figure 2.1. If the two classes are linearly separable, as shown in Figure 2.1, the optimal 

hyper-plane separating the data can be expressed as 

 ( ) 0;Tg x w x b     (2.4) 

where vector w is a normal vector that is perpendicular to the hyper-plane and b is the offset of the 

hyper-plane. The parameter b/||w|| as can be seen in Figure 2.1 determines the offset of the hyper-

plane from the origin along the normal vector w. In the training procedure, the SVM optimizes w 

and b. As a result of optimization, the achieved parameters 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 2.1. 

 

 

Figure 2.1 Concept of a two-class SVM 
 

Through the optimization problem, a set of optimized w and b are found which finally yields 
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to the 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; εi is a slack variable represents 

the error. If the Lagrangian multipliers are introduced, the optimization problem in Eq. (2.6) is 

transformed to a dual quadratic optimization problem and expressed as 
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  (2.6) 

After solving the above optimization problem, the solution of w can be expressed as 
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   (2.7)                                                                                             

During the test phase, it is determined that on which side of the separating hyper-plane a test 

instance x lies and based on that the corresponding class is assigned. The SVM algorithm tries to 

maximize the objective function by searching through the feasible region of the dual problem. The 

decision function can be expressed mathematically as sgn(wTx+b). The SVM is not only limited 

to two-class classification problems and can also be used for classification of multiclass problems. 

The main approach for classification of multiclass diagnosis problems is to reduce them to multiple 

binary classification problems [44].  

2.3.3 Back-Propagation Neural Network 

Artificial neural network is a common supervised learning method, which employs a network 

learning structure that consists of three types of layers: input layer, output layer, and hidden layers 
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[6, 18-20, 45]. The size of the input layer depends on the dimensions of the inputs for the diagnosis 

problem, while the size of the output layer changes based on the number of different output classes 

for the diagnostic applications. The size of hidden layer is determined based on the complexity of 

the problem. The back-propagation neural network (BNN) is one type of the artificial neural 

networks that use backpropagation as a supervised learning technique for the network training. In 

the BNN training, not only the inputs are fed to the output layer via hidden layers, but the errors 

are back propagated to the input layer, thereby reducing the errors iteratively by adjusting the 

synaptic weights and biases. The weights and biases are optimized through the training procedure 

of BNN model. The new instance is an input to the trained BNN model and the output will be the 

corresponding predicted class of classification. 

2.3.4 Radial Basis Function Network  

The radial basis function network (RBFN) is a proactive type of artificial neural networks, 

similar in topology to the BNN [46]. Figure 2.2 shows a general diagram of an RBF network. It 

shows the N-dimensional input (X) is being mapped to M-dimensional outputs (Z), with nodes in 

the adjacent layers exhaustively connected. Copies of the input variables are being sent to each 

node in the hidden layer from the input layer. The nodes in the hidden layer are each specified by 

a transfer function f, which transforms the incoming signals. We define P as Pth input, where N is 

the number of dimensions in the training set. For the Pth input (XP), the response of the Jth hidden 

node yJ is of the form 

 2 ;
2

P
J

J
J

X U
y f

  
  

  


  (2.8) 

where ||.|| is the Euclidian norm, the center of the Jth radial basis of function f is defined as UJ and, 

σ spread of the RBF that is indicative of the radial distance from the RBF center within which the 
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function value is significantly different from zero.  

The output of the network is given by a linear weighted summation from the hidden node 

responses at each of the nodes in the output layer. For the Kth node, the output on the output layer 

ZPK is 
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   (2.9) 

where wKJ is weight connection between hidden and all of the output nodes. The classification 

decision is made by assigning the Pth input to the highest ZPK, where K=1, 2, …, M. There are 

many basis functions in the literature but commonly used one is Gaussian function [33]. 

 

   

Figure 2.2 A general RBF network 
 

2.3.5 Logistic Regression 

The logistic regression (LR) is a method for classification of diagnostic problems which 

works based on the logistic function (sigmoid function) [47] that can be expressed as 

 1( ) ;
1 xf x

e



  (2.10) 

where x is the input of logistic function. If x is a linear function of m explanatory variables, it can 
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be expressed as 

 0 1 1 .... .m mx X X        (2.11) 

The inverse of the logistic function which is the logit can be expressed as 

  logit( ( )) ( ) / (1 ( ))f x Ln f x f x    (2.12) 

Eq. (2.13) can be achieved based on the Eq. (2.10), Eq. (2.11) and Eq. (2.12). 

 0 1 1logit( ( )) .... .m mf x X X        (2.13) 

Maximum likelihood estimation helps fitting regression coefficients, by solving the logit. The 

probability of success for each subject (π) can be computed based on Eq. (2.13):  
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   (2.14) 

In binary classification, if the estimated probability is greater than 0.5, then the subject is classified 

into the success group; otherwise, if the estimated probability is equal or less than 0.5, it would be 

classified into the failure group. 

2.3.6 Mahalanobis Distance 

Mahalanobis distance (MD) classifier is one kind of statistical inference methods. MD is a 

distance measure based on the correlation between each instance with a distribution. It considers 

the correlation of the dataset and is scale-invariant. As shown in Eq. (2.15), MD measures the 

degree of dissimilarity between the observed instance xf = (x1, x2, …, xF) which is a multi-

dimensional instance and a reference training set μ with covariance matrix S. 

 1( ) ( ) ( ).T
f f fMD x x S x      (2.15) 

The MD classifier uses the correlation between different input variables and determines the 

class of each incoming instance based on the minimum MD values of testing instances, compared 
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to training instances from different classes. MD has been used for health diagnosis problems 

because of its straightforwardness and ease of implementation [15].  

2.3.7 K-Nearest Neighbor 

The k-nearest neighbor (KNN) method is one of the most fundamental supervised tools for 

data mining. In the KNN classification method, the test point will be assigned to the majority class 

label based on the given training data. Two parameters are needed in this algorithm: Parameter k 

which is the number of the nearest neighbor, and distance function to compute the similarities 

between instances. Euclidean distance is a common distance metric for continuous variables. 

When a testing instance is fed to the KNN, the majority voting of k nearest training instances 

determines the output of new incoming instance [48]. The performance of the KNN method 

significantly depends on the distance metric and parameter k in order to find the nearest neighbors 

[49].  

2.3.8 Functional Trees 

A decision tree algorithm uses a tree-like model to predict the classes of an instance and 

conclude the instance’s target value. The functional trees (FT) are one type of classification tree 

algorithms that use logistic regression as the function in inner nodes or at leaves. In the first step, 

a function is constructed and mapped to new features. In the second step, by using the constructor 

function a model is built and in the third step, the model is mapped to new features. The algorithm 

can be employed in binary and multi-class target classification problems with numeric and nominal 

attributes and even problems with missing values. This algorithm can be used to build multivariate 

trees for regression and classification problems. Functional decision nodes are built during growth 

of the tree, and functional leaves are constructed during pruning the tree. There are general 
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algorithms for building and pruning a functional tree. The reader is referred to [50] for more details 

on functional trees. 

2.3.9 Random Forest 

The random forest (RF) is a learning method which uses the ensemble of decision trees.  RF is 

created as a result of the strategy of increasing the diversity among the trees. Decision trees are 

not very reliable, in which a slight change in the dataset can lead to a large change in the developed 

model [51]. RF employs a bootstrap replicate method to increase the diversity among the members 

of the ensemble. A bootstrap replicate [52] is a random subset of the available dataset, of the same 

length, taken with replacement. Another source of diversity can be introduced during the growth 

of each tree. For each node, the bootstrap method selects a small random subset of m attributes 

(from the total M attributes available) to search for the best split which will improve the prediction 

performance by producing easy-to-build ensembles. 

The RF technique is generally very effective in taking control of overfitting, even when the 

ensemble contains thousands of individual trees. The error rate of RF on unseen instances has a 

slow convergence tendency to a limiting value when the number of trees grows rapidly. The RF 

algorithm has only one free parameter, m, which is the number of attributes made available at each 

node during the growth of the trees. But, as shown by [53], results from RF are not completely 

dependent on this parameter and the default value of m (the square root of the total number of 

attributes M) can usually give us near optimal results. 

2.4 Fusion Diagnosis Using CF-CSAS  

It is essential to improve the robustness of diagnosis and accurately predict system health 

states using data features extracted from sensory signals. In the presented study, a novel fusion 

based diagnosis methodology is developed, referred to as the classification fusion with concurrent 
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subset algorithms selections (CF-CSAS). The developed CF-CSAS methodology consists of three 

steps: (i) classification and accuracy ranking using member algorithms with k-fold cross 

validation; (ii) subset selection based on accuracy and diversity (SSAD) for each health state; (iii) 

classification fusion using weighted majority voting. In the presented study of the CF-CSAS 

approach, the geometric mean (G-mean) is used as the accuracy measure of each member 

algorithm whereas the number of mutual mistakes on each HS between each pair of classifiers is 

applied as the diversity measure to select classifier for each HS. The accuracy-based weighting 

mechanism is developed thereafter to determine the corresponding weights of the classifiers in the 

subsequent subset algorithm selection and fusion processes. This section is organized as follows. 

Section 2.4.1 introduces the diagnosis performance assessment for member algorithms using the 

k-fold cross validation. Section 2.4.2 provides accuracy and diversity assessment of member 

algorithms on each health states, where the G-mean and double-fault measures are introduced. 

Section 2.4.3 presents the developed subset selection based on the accuracy and diversity (SSAD) 

approach for selecting subset classifiers of each health state. Section 2.4.4 then summarizes the 

overall procedure of the developed CF-CSAS fusion diagnosis methodology.  

2.4.1 Diagnosis Performance Evaluation of Member Algorithms 

In this study, k-fold cross validation is used in the offline process to evaluate the performance 

of a classifier. It randomly divides the data set Y into k subsets (or folds) Y1, Y2,…, Yk with an 

approximately equal size [54].  Among k subsets, one is used as the test set and the remaining k-1 

subsets are put together as a training set. This is performed k times, with each of the k subsets used 

exactly once as the test set. Let Si =[s: ys  ∈ Yi],  i = 1, 2,…, k denotes the index set of the 

experimental trial whose sensory signals and health states construct the subset, Yi. ys=(Xs, Cs) 
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where Xs is the multi-dimensional signal with true health state Cs. Cm(Xs) denotes the predicted 

health state of Xs by the mth classifier. 

True positive and true negative [55] of each member algorithm for each class or health state 

can be achieved by k-fold cross validation. Table 2.1 shows the confusion matrix comprises of 

results from classification outputs.  

Table 2.1 Confusion Matrix of a Binary-Class Problem 

 Predicted class: Positive Predicted class: Negative 

Actual class: Positive True Positive (TP) False Negative (FN) 

Actual class: Negative False Positive (FP) True Negative (TN) 

 

The true positive (TP) of the mth classifier (1≤m≤M) for the jth class (1≤j≤J) is computed as 

the sum of true positives of mth classifier for jth class over all 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 class) 

and 0 otherwise as shown in Eq. (2.17); R(Cm(Xs),j) denotes a binary evaluation metric that takes 

1 if the prediction of mth member classifier is jth class.  Index TPmj represents true positive of mth 

classifier for the jth class where it is the positive class. 
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TNmj in Eq. (2.19) represents the true negative of the mth classifier for the jth class where the jth class 

is considered as the positive class, and all other classes as the negative class. Eq. (2.20) and Eq. 

(2.21) show FPmj and FNmj which are the false positive and the false negative of mth classifier for 

the jth class respectively.  
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2.4.2 Accuracy and Diversity Assessment 

In this study, the accuracy of member algorithms on each health state and diversity among 

classifiers have been considered as two major criteria for subset algorithm selection. In the 

following, these two criteria are explained. 

2.4.2.1 The accuracy matrix by G-mean 

The G-mean introduced by Wong et al. [14] indicates the ability of classification in balancing 

between positive and negative classes. Abdi et al. [56] have used G-mean as a performance 

measure for a dataset with positive and negative classes. The CF-CSAS selects classifiers for 

fusion diagnostics based on their performance in each health state. Eq. (2.22) shows the G-mean 

of mth classifier on jth health state.  
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Different with the G-mean measure, a general accuracy (GA) measure of mth classifier on jth 

health state, as shown in Eq. (2.23), has been commonly used in the literature [15]. 
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  (2.23) 

The reason behind using G-mean as a performance measure instead of GA in this study is 

that unlike GA which only considers the performance of classifiers in the positive class, the G-

mean measure is affected by the performance of classifiers on both positive and negative classes.  

Therefore, the G-mean measure provides more information about the performance of a classifier, 

as compared to the GA measure.  

In this paper, a simple example for the classification on an assumed dataset with 10 positive 

instances and 20 negative instances is used to demonstrate the differences between GA and G-

mean. The results of performances of two assumed classifiers which are classifier 1 and classifier 

2 are shown in Table 2.2 and Table 2.3 by confusion matrix respectively.  

Table 2.2 Confusion Matrix of Classifier 1 

 Positive prediction Negative prediction 

Positive class 7 3 

Negative class 5 15 

 

Table 2.3 Confusion Matrix of Classifier 2 

 Positive prediction Negative prediction 

Positive class 7 3 

Negative class 0 20 
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As can be seen in Table 2.2 and Table 2.3, the Classifier 1 and Classifier 2 have the same 

true positives and false negatives, but Classifier 2 has more true negatives and less false positive 

which makes it as the better classification algorithm. Table 2.4 shows the G-mean and GA values 

of positive class for Classifier 1 and Classifier 2 based on Eq. (2.22) and Eq. (2.23).  

Table 2.4 G-mean and GA Values for the Classifier 1 and Classifier 2 

 Classifier 1 Classifier 2 

G-mean 0.724 0.837 

GA 0.7 0.7 

 

Higher G-mean of Classifier 2 shows that the classification performance is better but based 

on GA value the classification performances of the classifiers are the same. Therefore, G-mean 

carries more information than GA when we consider the performance of classifiers on each health 

state and it is used in this study as the accuracy measure of classification. The weights of member 

algorithms on each health state can be expressed by Eq. (2.24) which is normalized of Eq. (2.22) 

with respect to the g-mean values of all member algorithms. 
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  (2.24) 

The member algorithm with higher G-mean for each class will have a larger weight for the 

corresponding class as can be seen in Eq. (2.24). 

2.4.2.2 Diversity matrix of each health state 

Accuracy as an obvious criterion has an enormous impact on the fusion accuracy. But, it does 

not seem to be enough to have accurate classifiers. It is well known that sets of classifiers which 
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make the same mistakes cannot improve the classification performance. Thus, diversity is applied 

as a very important criterion in classifier combination. After selecting the most accurate classifier 

for each health state, the second classifier of each health state is selected to make the highest 

diversity with the first one. Diversity in classification fusion method generally is determined based 

on the instances which are misclassified by selected member algorithms. In the CF-CSAS method, 

the most accurate classifier for each HS is selected as the first classifier of that HS. Diversity 

measure has been used to select the second classifier which has the highest diversity with the first 

classifier on each HS. There are some pair-wise diversity measures in the literature such as: Q-

statistics, correlation coefficient, disagreement measure, and double-fault [43]. Among them, only 

double-fault measure is not dependent to the number of instances which the first classifier 

classified them correctly, but the second classifier misclassified them. Since, a poor classifier 

misclassifies many instances that the most accurate classifier has classified correctly, considering 

this value in Q-statistics, correlation coefficient, and disagreement measure leads to choosing a 

very poor classifier as the second classifier in the subset of algorithm. Because of this reason, 

double-fault measure has been considered as the diversity measure among these diversity measures 

in this study. For each health state, a diversity matrix is built based on the Eq. (2.25). 
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In Eq. (2.25), I(.) denotes an indication function as shown in Eq. (2.16), and em,n(j) shows the 

number of instances that both of mth and nth classifiers misclassified them where the true class or 

health state is the jth class. A higher number of em,n(j) shows that there are more number of mutual 

misclassified instances between mth and nth classifiers and therefore lower diversity exists between 

them. 
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2.4.3 Subset Selection based on Accuracy and Diversity (SSAD) 

In order to have robust and accurate diagnostic solution, selection of the most accurate 

classifier on each health state is the first essential step. On each health state, the classifier which 

has larger G-mean weight is selected as the first classifier and is named as a leading classifier (LC) 

of the corresponding health state. After choosing leading classifier, for each health state, the 

classifier which has less mutual misclassified instances based on k-fold cross validation will be 

chosen as the second classifier. For each health state, among the previously non-selected classifiers 

of that HS, the classifier that maximizes the accuracy based on weighted majority voting will be 

selected as the third classifier. The procedure of selecting other classifies in the same as selecting 

the third classifier. Eq. (2.26) represents the accuracy based on weighted majority voting of the 

selected classifiers of jth HS and mth classifier on jth HS. In Eq. (2.26), SCj denotes the previously 

selected classifier of jth health state and m denotes the candidate classifier.  
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TSC
j
,m in Eq. (2.27) shows the prediction weight of jth health state based on previously selected 

classifiers of jth health state and mth classifier as the candidate classifier. 
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HSC
j
,m(Xs) in Eq. (2.28) determines whether the final decision by considering mth classifier based 

on weighted majority voting formula is jth HS or not. If the prediction weight of jth HS is larger 

than other HSs, the HSC
j
,m(Xs) is equal one and zero otherwise. This procedure will be continued 
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until all classifiers are selected.  

Table 2.5 illustrates the pseudo code for the proposed method of selecting classifiers after k-

fold cross validation. In the last step, the fusion level to be used for testing signals is selected based 

on the average of AV on all classes. When the level p is selected, the selected classifiers from level 

1 to level p for each health state construct the final combination of the selected classifiers of the 

corresponding health state. Therefore, the outputs of the SSAD procedure are the selected level 

and selected classifiers for each health state. 

The main contribution of this paper is to form a robust and accurate diagnostic algorithm by 

the subset of classifiers selection for each health state out of a pool of classifiers. In this case, only 

if a classifier predicts the corresponding health state for a new incoming data point, it will have 

influences on the ensemble based on its G-mean weight. The method has also been graphically 

demonstrated in Figure 2.3 with a simple example for a problem with three health states (1, 2, and 

3) and a set of four classifiers (A, B, C, and D). The number of columns depends on the number 

of health states and each row shows the level of choosing classifiers. After choosing leading 

classifiers (classifiers with the highest G-means for each health state), classifiers of the next level 

will be chosen. In each column, a single classifier cannot be repeated. For example, in order to 

choose a classifier in the second level of health state 1, among classifiers B, C, and D a classifier 

which has lower similarity with classifier A will be selected. In a case that there is more than one 

classifier with the lowest similarity, the one with higher G-mean will be picked which is classifier 

B in this example. By using the proposed method, it has been seen that based on the last step of 

Pseudo code in Table 2.5, p is equal to 3. Therefore, only the combination of chosen classifiers in 

first three levels will be used to decide for a new incoming data point. In this example, classifier 

D does not exist in selected classifiers of health state 1, which means that if the prediction of 
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classifier D for a new data point is health state 1, it does not have any effect in the fusion system 

to decide the output of corresponding data point. 

Table 2.5 Pseudo Code for Proposed Method of Selecting Classifiers for Each Class 

Input: a pool of algorithms, [C1, C2, …, Cm, Cn, …, CM]; A list of target classes: [A1, A2, …, 

Aj, …AJ]; 

            w: wm,j as shown in Eq. (2.24)  

            e: em,n(j) as shown in Eq. (2.25) 

1 for j = 1 to J 

2 Selected_Classifierj(1) = argmaxm (wm,j) 

3 end 

4 if M > 1 

5 for j = 1 to J 

6 Selected_classifierj(2) = argminm, m ∉ [Selected_Classifier
j
( 1)] [eSelected_Classifier

j
(1), m(j)]  

7 end 

8 end 

9 if M > 2 

10 for j = 1 to J 

11 for p = 3 to M 

12 Selected_classifierj(p) = argmaxm, m ∉ [Selected_Classifier
j
(1 to p-1)] [AV Selected_Classifier

j
 (1 to 

p-1), m( j))] 

13 end 

14 end 

15 end 

16 Selected_Level = argmaxp [∑ j(AV Selecteed_Classifier
j
(1 to p-1), Selected_Classifier

j
 (p) (j))/J] 

17 Selected_Classifierj=Selected_Classifierj(1 to Selected_Level) 

Output: Selected_Classifierj      j∈[1, 2, …, J] 

 

After classifier selection procedure which is performed in the offline process, the subsets 

obtained for each health state are used in to decide about the output of new incoming data points 
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based on weighted majority voting. To be more exact, the classification result of an incoming data 

point Xs can be shown as 

 ,

1 ( ) ;
( )

0 ;
m s

m j s

if C X j
inc X

otherwise


 


  (2.29) 

where Cm(Xs) denotes the predicted HS of Xs by the mth member classifier. The CF-CSAS approach 

combines the classification results of the selected classifiers of each health state with respect to 

each HS in a weighted-sum formula and selects HS with the maximum weighted-sum value as the 

fused HS, expressed as 

 , ,
_

( ) arg max . ( ) .
j

s m j m j s
m Selected Classifier

j

F X w inc X


 
  

  
   (2.30) 

 

Figure 2.3 Example for a case with 3 health states and 4 classifiers (A, B, C, and D) 

2.4.4 Overall Procedure of the CF-CSAS Methodology 

The procedure of the developed CF-CSAS methodology for health diagnosis is summarized 

in Figure 2.4. This method consists of offline and online processes. In the offline process, the k-

fold cross validation is used to compute the classification results of all member algorithms. In this 
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process, for each health state, some classifiers will be selected to be effective in the fusion system. 

The online process only needs the small amount of computation, which are related to the 

classification of selected classifiers and the fusion result is achieved based on weighted majority 

voting of each health state. For each new incoming data point, the health state with a larger weight 

will be the output of fusion system. The main computation happens only for training signals, but 

not for new data points. In most engineered systems, the diagnostic accuracy is more important 

than computational complexity, because of higher economic loss of catastrophic system failure 

than increased computational costs. Thus in most diagnostic problems, the fusion approach is 

preferred in comparison with any single member algorithm because although it requires higher 

computational efforts, it provides higher diagnostic accuracy and robustness [33].  

2.5 Health Diagnostic Applications 

In this section, the developed CF-CSAS method for health diagnostics have been used for 

two case studies. The first case study is a numerical example using synthetic dataset, and the 

second one is power transformer mechanical fault diagnosis. The developed CF_CSAS method 

based on the pool of nine classification algorithms as discussed in Section 2.3 consists of three 

steps: (i) classification and accuracy ranking using member algorithms with k-fold cross 

validation; (ii) subset selection based on accuracy and diversity (SSAD) for each health state; (iii) 

classification fusion using weighted majority voting. The rest of this sections details the two case 

studies and results using the developed classification fusion system. 

2.5.1 A Numerical Example 

A numerical example using the generated data is used to evaluate the performance of the 

developed CF-CSAS technique. The data has been generated from different distributions to 
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construct different classes. The aim of this case study is to diagnose the different classes in an 

accurate and robust manner with generated data. 

 

 

Figure 2.4 Overall procedure of the proposed fusion pruning method 
 

2.5.1.1 Dataset Description 

In this case study, a dataset with 600 instances and 2 attributes from normal distribution has 

been generated. This dataset consists of three equal health state or classes. The instances of first 

class belong to the normal distribution with means 0 and 2 for the first and second attributes 

respectively. The features of second class have been generated based on a normal distribution with 

means 0.5 and 3 for the first and second attributes respectively. Means of the normal distribution 

of the third class for the first and second attributes are 1 and 2 respectively. The standard deviations 

of all distributions are considered as 0.5. 
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2.5.1.2 Classification of Generated Dataset Using CF-CSAS Method 

In the fusion formulation process, nine different classifiers which have been explained in 

Section 2.3 are used as member algorithms for health diagnostic system: NB, SVM, BNN, KNN, 

RBFN, FT, LR, MD, RF. The architectures of each classifier in this case study are as follows. NB 

uses Gaussian distribution to model the predictor distribution within each class. A polynomial 

kernel function is used to train the SVM model. The BNN structure has the input layer, 2 hidden 

layers and the output layer with two, three, three, and three neurons in each layer, respectively. 

The hyperbolic tangent has been used as the transfer function of BNN. Euclidean distance is used 

as the nearest neighbor search algorithm in KNN and K is one in this study, therefore it assigns a 

point to the class of its closest neighbor in the feature space. RBFN uses the k-means clustering 

algorithm to provide the basis functions and it trains a logistic regression on the transformed data. 

Logistic regression has been used at the interior nodes of the FT to provide oblique splits and at 

the leaves for prediction, and the minimum number of instances at which a node is considered for 

splitting is 15. Also, 15 number of iterations have been considered for boosting in FT. In this study, 

ridge estimator have been used to improve the parameter estimates in LR [47]. In MD-based 

classification, the class with the minimum MD is the corresponding class of the instance. In this 

study, RF has been used as an ensemble classifier with 100 number of iterations and the size of 

bag is the same as the size of the training set.  

In the first step, 100 instances from each health state are considered as the training dataset 

and the rest of instances compose testing instances to use in the online process of the proposed 

algorithm. Table 2.6 shows the G-mean of each classifier for each class after implementing 10-

fold cross-validation on the training dataset respectively. As can be seen in Table 2.6, NB for the 

first and second classes and LR for the third class are Leading classifiers. 
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Table 2.6 The G-Mean Results of All Classifiers for Training Set of Numerical Example 

Classifier 
G-mean 

Class 1 Class 2 Class 3 

NB 0.805 0.812 0.802 

SVM 0.777 0.802 0.790 

BNN 0.767 0.777 0.775 

RBFN 0.762 0.782 0.775 

LR 0.784 0.800 0.805 

KNN 0.673 0.682 0.717 

MD 0.793 0.790 0.788 

FT 0.758 0.780 0.789 

RF 0.730 0.730 0.749 
 

Based on the results of the training set, the first 3 levels have been found to make the best 

result. As can be seen in Table 2.7, out of nine classifiers six classifiers have been used to achieve 

a higher accuracy in the fusion system.  

In the next step, the proposed weighting system is used in the online process for testing 

signals. The G-mean values of all classifiers, the WMVD method, and the CF-CSAS method for 

the testing dataset are shown in Table 2.8. The overall accuracy measure in Table 2.8 is the average 

of accuracies on all health states. As can be seen in Table 2.8, CF-CSAS could achieve higher 

overall accuracy than any single member algorithm. It also could leverage the strengths of different 

algorithms. The WMVD uses all nine member classifiers in the pool while the CF-CSAS selected 

six out of nine member algorithms to use for testing set. Moreover, CF-CSAS performs better than 

WMVD on all health states. The same results have been achieved by using GA measure, but it has 

not been shown in this paper to save some space. Therefore, the CF-CSAS leads to more accurate 

classification results with lower computation effort in the online process than the WMVD. 
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Table 2.7 Selected Classifiers Using the CF-CSAS for Each Health State of Numerical Example 

Level Classifiers for 
Class 1 

Classifiers for 
Class 2 

Classifiers for 
Class 3 

1 NB NB LR 

2 MD RF KNN 

3 SVM LR SVM 
 

2.5.1     Power Transformer  

Power transformers can be counted as the most expensive components high voltage power 

systems. Condition-based maintenance causes significant savings in lifecycle maintenance costs 

and needs continuous monitoring of the transformer health states [57]. Gaining direct data inside 

the transformer is effortful, therefore for power transformers, indirect data collection methods are 

often used for both diagnosis and prognosis [58]. 

Table 2.8 G-Mean Results for Testing Set of Numerical Example 

Classifier 
G-mean 

Class 1 Class 2 Class 3 Overall 

NB 0.785 0.797 0.788 0.790 

SVM 0.782 0.804 0.793 0.793 

BNN 0.772 0.780 0.778 0.777 

RBFN 0.764 0.787 0.778 0.776 

LR 0.774 0.795 0.799 0.789 

KNN 0.684 0.687 0.723 0.698 

MD 0.762 0.762 0.775 0.767 

FT 0.766 0.787 0.794 0.783 

RF 0.732 0.735 0.752 0.740 

WMVD 0.755 0.789 0.792 0.779 

CF-CSAS 0.809 0.825 0.825 0.820 
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For example, data collected by electric parameters and analysis of moisture content of the 

cooling oil are often employed for the diagnosis and health condition monitoring purposes [59]. In 

order to identify transitory overloads and lasting damages before any irreversible failure happens, 

the vibration of the magnetic core of the winding should be considered and checked. To detect the 

mechanical damages of winding support joints inside the transformer, measurement of vibration 

responses made by the magnetic field loading have been used. This case study tries to diagnose 

the mechanical failures of the winding support joints of power transformer based on vibration 

signals which are collected from the sensor network located on the exterior wall of the transformer. 

2.5.1.1 System HS Definition and Data Processing 

This case study focused on the winding support joint faults as the failure of interest. Vibration 

signals made by the magnetic field loading are used to detect the failure modes. In Figure 2.5 a 

validated finite element (FE) model of a power transformer was created in ANSYS 10, where one 

exterior wall is uncovered to make the interior structure visible [29]. Figure 2.6 shows 12 

simplified winding support joints with 4 for each winding while the transformer is fixed to the 

bottom surface. the vibration load which applied to the transformer core has a frequency of 120 

Hz. In this case study when the stiffness of winding joints was reduced, the joint loosening 

happened. Different health states of the power transformer are made up with different 

combinations of the loosening joints which will be explained in details in this section. 

Table 2.9 shows the defined 9 different health states of the winding support joints. HS 1 

represents no failure of winding support joint, and HS2 to HS 4 are health states with only one 

loosening joint. HS 5 to HS 9 represents the health condition of system with two loosening joints. 

200 random instances were used to simulate 9 different health states. The simulation results show 

the vibration response of displacement amplitudes for all the finite element nodes. Figure 2.7 
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shows the stress contour of winding support joints. The vibration response contour of the covering 

wall is shown in Figure 2.8. Figure 2.9 shows the placement of 9 sensors at the external wall 

surface of the transformer. 

Table 2.9 Definition of System Health States of Power Transformer 

Health State 1 2 3 4 5 6 7 8 9 

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

 

 

 
Figure 2.5 A Power Transformer FE Model [5] 

 

 
Figure 2.6 Winding Support Joints [5] 
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Figure 2.7 Stress Contour of the Winding Supports for the Healthy State Power Transformer [5] 
 

 
Figure 2.8 Vibration Displacement Contour of the Covering Wall for the Healthy State [5] 

 
In this case study, an equal number of instances in both training and testing datasets with 100 

for each health state has been considered. 

 



37 
 

 

Figure 2.9 Sensor Placement on the Covering Wall of the Power Transformer [5] 
 

2.5.1.2 Power Transformer Health Diagnostics Using CF-CSAS Method 

In the fusion formulation process, nine different classifiers which have been explained in 

section 2.3 are used as member algorithms for health diagnostic system: NB, SVM, BNN, KNN, 

RBFN, FT, LR, MD, RF. The architectures of each classification algorithm used in this health 

diagnostics are as follows. NB uses Gaussian distribution to model the predictor distribution within 

each class. A polynomial kernel function is used to train the SVM model. The BNN structure has 

the input layer, 2 hidden layers and the output layer with nine, three, three, and nine neurons in 

each layer, respectively. The hyperbolic tangent has been used as the transfer function of BNN. 

Euclidean distance is used as the nearest neighbor search algorithm in KNN and K is one in this 

study, therefore it assigns a point to the class of its closest neighbor in the feature space. RBFN 

uses the k-means clustering algorithm to provide the basis functions and it trains a logistic 

regression on the transformed data. Logistic regression has been used at the interior nodes of the 

FT to provide oblique splits and at the leaves for prediction, and the minimum number of instances 

at which a node is considered for splitting is 15. Also, 15 number of iterations have been considered 

for boosting in FT. In this study, ridge estimator has been used to improve the parameter estimates 
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in LR [47]. In MD-based classification, the class with the minimum MD is the corresponding class 

of the instance. In this study, RF has been used as an ensemble classifier with 100 number of 

iterations and the size of the bag is the same as the size of the training set.  

In the first step, a 10-fold cross validation model has been used for the training set. Table 

2.10 shows the G-mean results of each classifier for each class on training set respectively. In the 

CF-CSAS, a classifier with higher G-mean on a particular health state of training set will be 

selected as the LC of that health state. As can be seen in Table 2.10, RBFN for class 1, RF for 

classes 2, 3, 4, 5, 6, 7, 8, and SVM for class 9 are leading classifiers. 

Based on the results of proposed selection of classifiers, 3 levels of classifiers will be picked 

because of having higher AV. The selected classifiers for each health state and level are shown in 

Table 2.11. In these 3 levels, eight classifiers out of nine classifiers in the pool are used to construct 

more accurate and robust fusion result with a special combination for each health state as can be 

seen in Table 2.11. Although NB has been selected in most of the health states and has lower G-

mean than other classifiers, it has helped the combination of classifiers to be more diverse in terms 

of decisions. 

As can be seen in Table 2.12, the G-mean values of all classifiers, the fusion system accuracy 

using WMVD, and CF-CSAS results for testing signals are achieved with k-fold cross validation 

respectively. Based on the results in Table 2.12, the overall G-mean of the CF-CSAS is larger than 

any single member algorithm, and also it could leverage the strengths of all member algorithms. 

The same results are achieved by using GA measure, but it has not been shown in this paper to 

save some space. Results indicate that not only the accuracy of WMVD method is less than the 

proposed method, but also it uses more computation effort in the online process because it uses all 

nine classifiers. 
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Table 2.10 G-Mean Results for Training Set of Power Transformer Case Study 

Classifier 
G-mean 

HS 1 HS 2 HS 3 HS 4 HS 5 HS 6 HS 7 HS 8 HS 9 

NB 0.790 0.821 0.731 0.821 0.821 0.541 0.566 0.462 0.669 

SVM 0.767 0.972 0.972 0.972 0.972 0.972 0.972 0.964 0.968 

BNN 0.855 0.891 0.932 0.891 0.600 0.932 0.932 0.928 0.916 

RBFN 0.911 0.984 0.984 0.984 0.984 0.980 0.984 0.980 0.954 

LR 0.906 0.984 0.984 0.984 0.984 0.984 0.984 0.975 0.953 

KNN 0.910 0.983 0.983 0.983 0.983 0.979 0.983 0.979 0.943 

MD 0.889 0.971 0.967 0.971 0.975 0.971 0.971 0.967 0.922 

FT 0.896 0.984 0.984 0.984 0.984 0.979 0.984 0.979 0.962 

RF 0.908 0.986 0.986 0.986 0.986 0.986 0.986 0.981 0.964 
 

Table 2.11 Selected Classifiers of Power Transformer Case Study 

Level HS 1 HS 2 HS 3 HS 4 HS 5 HS 6 HS 7 HS 8 HS 9 

1 RBFN RF RF RF RF RF RF RF SVM 

2 NB LR FT LR LR MD MD RF NB 

3 RF NB NB NB NB NB SVM NB BNN 

 

2.6 Conclusion 

This paper presents a novel fault diagnosis method based on classification fusion with 

concurrent subset algorithm selection (CF-CSAS), which consists of three steps: (i) performance 

evaluation of member algorithms using k-fold cross validation; (ii) subset selection of member 

algorithms for health states based on accuracy and diversity (SSAD); (iii) classification fusion 

using weighted majority voting.  
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Table 2.12 G-Mean Results for Testing Set of Power Transformer Case Study 

Classifier 
G-mean 

HS 1 HS 2 HS 3 HS 4 HS 5 HS 6 HS 7 HS 8 HS 9 Overall 

NB 0.748 0.784 0.598 0.784 0.781 0.466 0.513 0.387 0.636 0.646 

SVM 0.778 0.971 0.971 0.971 0.971 0.971 0.971 0.945 0.967 0.931 

BNN 0.899 0.981 0.981 0.981 0.981 0.977 0.981 0.973 0.941 0.960 

RBFN 0.914 0.982 0.982 0.982 0.977 0.969 0.977 0.977 0.947 0.963 

LR 0.898 0.980 0.980 0.980 0.980 0.968 0.976 0.980 0.941 0.959 

KNN 0.914 0.982 0.982 0.982 0.982 0.969 0.977 0.982 0.937 0.963 

MD 0.766 0.927 0.915 0.915 0.890 0.886 0.864 0.855 0.841 0.864 

FT 0.899 0.982 0.982 0.982 0.982 0.969 0.982 0.973 0.956 0.961 

RF 0.887 0.979 0.979 0.979 0.979 0.966 0.974 0.979 0.934 0.955 

WMVD 0.860 0.977 0.972 0.972 0.977 0.964 0.972 0.977 0.951 0.958 

CF-
CSAS 0.940 0.989 0.989 0.989 0.989 0.985 0.989 0.989 0.967 0.981 

 

The main contribution of CF-CSAS is selecting classifiers for each health state based on 

accuracy and diversity among them. The geometric mean has been used in this paper as the accuracy 

measure of each member algorithm because it provides more information about the performance of 

classifiers on all health states. Pair-wise double-fault measure has been used in this study as a 

diversity measure. The accuracy-based weighting scheme is applied to determine the predicted 

health state of fusion method for new incoming instances. A set of nine popular classifier algorithms 

has been used in this study as member algorithms. A numerical example and power transformer 

health conditions dataset are employed as two case studies. The results show the effectiveness of 

the fusion method in leveraging the strengths of different classifiers. By selecting classifiers out of 

the pool of classifier members not only the fusion model achieves a higher average of accuracies 

on all health states but also it can lead to less computation effort. Based on the results, CF-CSAS 
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outperforms weighted majority voting with dominance method. Considering the enhanced 

performance and robustness of the results, CF-CSAS provides an effective approach to diagnose 

the health condition of an engineered system. Actually, the proposed method does not involve 

dynamic models such as streaming data where the training set is updated and changes over the time. 

Health diagnosis of these models will be addressed in our future work. 
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CHAPTER 3 

 ADAPTIVE FUSION LEARNING FOR HEALTH DIAGNOSTICS OF EVOLVING 
DATA STREAMS 

 

3.1 Abstract 

Real-time health diagnostics interprets data stream acquired by smart sensors and makes 

inferences about the health condition of engineered systems, thereby making critical operation and 

maintenance decisions. This paper addresses concept drift and concept evolution as two major 

challenges in health diagnostics of data streams. Concept drift occurs when the relationship of 

inputs and their labels change over time. Concept evolution happens when new classes appear in 

the stream. Since these changes may cause the degradation of classification over time, the 

diagnosis models need to adapt. This paper presents an adaptive fusion learning (AFL) approach 

to build a robust classification model for health diagnosis of data streams. Classification fusion 

with concurrent subset algorithm selection (CF-CSAS) is used to form the learning model for 

health diagnosis of data streams. The learning model requires to adapt when concept drift happens 

and/or novel concept emerges. Because of the costs of querying, the developed approach selects 

limited number of instances for querying based on their likelihood of having concept drift or 

concept evolution. Also, the distance-based approach to monitoring the movement (DA-MM) of 

data distribution has been proposed to detect the movement and the changes in the shape of data 

distribution. A numerical example and rolling element bearing health diagnosis problem are 

employed to demonstrate the effectiveness of the developed AFL approach for diagnosis. The case 

studies results indicate that the developed AFL method provides an effective fusion diagnosis 

model that reacts well to changes in data streams and outperforms any single member algorithm. 
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3.2 Introduction 

Effective health diagnostics improve system safety and reliability in engineered systems. 

Diagnosis of correct health states (HSs) of engineered systems based on sensory signals can 

significantly help to make critical operation and maintenance decisions. In general, machine 

learning methods such as back-propagation neural networks (BNNs) [18] deep belief networks 

(DBNs) [5], support vector machines (SVMs) [6], naïve Bayes (NB) [60], logistic regression (LR) 

[61], self-organizing maps (SOMs) [28] and decision trees (DT) [62] have been applied in the 

literature for health diagnostics. Inference statistical techniques have also been used for classifying 

degradation states of system components based on statistical distance such as Mahalanobis 

distance [63], the k-nearest neighbor method (KNN) [48] and the k-mean clustering method [31]. 

Because of the implicit relationship between health states and sensory signals, it is difficult to find 

a single member algorithm that works well on all health states of engineered systems [15]. Thus, 

leveraging the strength of different classifiers to build a robust algorithm could potentially help 

the robustness of classification [15]. There are several fusion methods in the literature such as 

bagging, boosting, and weighted majority voting with dominance which employ all classification 

algorithms in a pool of classifiers to improve the accuracy and robustness of health diagnostics 

[27, 33, 64]. Pruning fusion algorithms have been used in the literature in which the classifiers are 

selected out of a pool of classifiers and aggregated in a fusion algorithm to increase the accuracy 

and efficiency of fusion algorithms [65, 66].. Although accuracy has been widely considered in 

pruning fusion algorithms as a criterion for selecting classifiers, it does not seem to be enough to 

have a combination of an accurate classifier that makes the same decisions. Therefore diversity 

has also been considered as another criterion to select a pool of diverse and complementary 

individual classifiers for the fusion algorithm [67]. 
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The above-mentioned machine learning methods are generally not capable of accurately 

predicting the health states of an engineered systems the data stream acquired from which over 

time consists of concept drift and concept evolution [68]. Concept drift refers to the changes of the 

statistical characteristic of the data over time for system health states which potentially deteriorate 

the accuracy of diagnosis algorithms because they have been trained using the past instances 

without taking into account the current changes. For example, in a chemical plant where the aim 

is to predict the quality of production output, the relationship between sensory signals and output 

may change over time due to the physical sensor replacements or manual retuning [69]. In order 

to cope with concept drift in data streams, drift detection methods need to be employed to trigger 

retraining of the classification algorithms or substituting the old diagnosis model with the new one  

[70-72]. 

The arrival of new classes over time which is called concept evolution also affects the 

diagnosis algorithms performances which have been trained using historical data [73]. Emerging 

novel topics (classes) in underlying of text messages is an example of concept evolution. 

Therefore, concept evolution is another grand challenge for health diagnostics of evolving data 

streams [73]. The detection of appearing a novel class will potentially help the prediction accuracy 

of member classifiers. Few studies such as [68, 73-75] have addressed the concept evolution 

problem. Abdallah et al. [74] proposed a technique for detection of novel concepts by continuously 

monitoring of the data movement because detecting a novel class as soon as emerging, requires an 

exact monitoring of arriving data. 

Monitoring distances of arriving instances from the historical instances in data streams help 

to detect the occurrences of concept drift and concept evolution [68]. In order to detect the 

occurrences of these changes, true labels of instances need to be obtained. Obtaining true labels 
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may be a costly procedure. Active learning studies how to query only a limited number of instances 

instead of asking for the true labels of all instances without losing information [69]. Online active 

learning has been discussed in [74] for a static environment. Zeliobaite et al. [69] proposed some 

active learning strategies for streaming data that faces with concept drift. Although several 

preliminary studies have been conducted in the literature addressing diagnosis problems with data 

streams, there has not been a holistic fusion learning algorithms that can systematically address 

both concept drift and concept evolution in health diagnosis with evolving data streams to form a 

consistent robust classification algorithm [76]. 

This study presents an algorithm to develop a robust and accurate classification of streaming 

data by monitoring data movements. The developed active learning combination strategy has been 

employed to query instances with a higher likelihood of having concept drift and concept evolution 

in data streams. The rest of this paper is organized as follows. Section 3.3 details the developed 

CF-CSAS. Section 3.4 provides the developed CS-AL methodology. Section 3.5 presents the 

proposed DA-MM approach. In Section 3.6, the overall proposed framework of health diagnostics 

for drifting data streams is presented. Section 3.7 demonstrates the effectiveness of the proposed 

AFL method with a numerical example and rolling bearing health diagnosis problem. Section 3.8 

concludes the work with a summary. 

3.3 CF-CSAS 

Different classification techniques have been employed for health diagnosis of evolving data 

streams in the literature [15]. A key challenge in health diagnostics is that it is difficult to find a 

single member algorithm that works well for all health states of engineered systems, because of 

the implicit relationships of sensory signals and system health states. Classification fusion methods 

have been employed to leverage the strengths of different algorithms and improve the robustness 
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of classification results [15]. The classification fusion using concurrent subset algorithm selection 

(CF-CSAS) has been applied in this study as the classification fusion model which selects 

classifiers out of a pool of classifiers to form robust and accurate results. The CF-CSAS has three 

primary steps: (i) the use of k-fold cross validation for evaluation of accuracies of all member 

algorithms; (ii) the introduction of accuracy-based weighting scheme to determine the weights of 

all member algorithms for each health state; (iii) the use of weighted majority voting to select 

member algorithms of each class out of a pool of classifiers. Section 3.3.1 introduces the diagnostic 

performance assessment for member algorithms using k-fold cross validation. Section 3.3.2 

provides the accuracy and diversity assessment of member algorithms using the G-mean and 

double-fault measure are introduced. Section 3.3.3 presents the proposed approach for subset 

selection based on accuracy and diversity. Section 3.3.4 summarizes the overall procedure of CF-

CSAS for the classification fusion approach. 

3.3.1 Diagnosis Performance Evaluation of Member Algorithms 

K-fold cross validation has been used in this study to evaluate the diagnosis performance of 

member algorithms. It randomly divides the data set D into k subsets (or folds) D1, D2, …, Dk with 

an approximately the same size [54]. One subset is randomly selected to be used as the test set, 

and the other subsets are put together to make the training set. This procedure is performed k times, 

with each of the k subsets used exactly once as the test set. Let Si=[s: ds ∈ Di],  i = 1, 2,…, k  denote 

the index set of the experimental trial whose sensory signals and health states construct the subset 

Di. ds=(Xs, Cs) constructs the matrix of instances Xs with true health state Cs. Cm(Xs;D\Di) denotes 

the predicted health state of Xs by the mth classifier. The output of k-fold cross validation is used 

for the proposed CF-CSAS method. 

In the proposed CF-CSAS method, classifiers are selected for each health state. If the 
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corresponding health state is the positive class, and the other health states are the negative class, a 

confusion matrix for each classifier can be built after k-fold cross validation as can be shown in 

Table 3.1.  

The true positive (TP) of the mth classifier (1≤m≤M) for the jth class is computed as the 

average of TP of mth classifier for jth class over all k trials and can be expressed as 
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Table 3.1 Confusion Matrix of a Binary-Class Problem 

 Predicted class: 

Positive 

Predicted class: 

Negative 

Actual class: Positive True Positive (TP) False Negative (FN) 

Actual class: Negative False Positive (FP) True Negative (TN) 

 

where I(.) denotes an indicator function that takes the value 1 if Cs=j (or ys belongs to the jth class) 

and 0 otherwise as shown in Eq. (3.2); R(Cm(Xs),j) denotes a binary evaluation metric that takes 1 

if the prediction of mth member classifier is jth class.  Index TPmj represents true positive of mth 

classifier for jth class where it is the positive class. 
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TNmj in Eq. (3.5) represents the true negative of the mth classifier for the jth class. Eq. (3.6) and Eq. 

(3.7) show FPmj and FNmj which are the false positive and the false negative of mth classifier for 

the jth class respectively. 
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3.3.2 Accuracy and Diversity Assessment 

To effectively select classifiers for each health state, accuracy and diversity of classifiers 

have been considered as two criteria. These two criteria are explained in this section. 

3.3.2.1 The Accuracy Matrix by G-mean 

The G-mean indicates the ability of classification in balancing between positive and negative 

classes. Abdi et al.  [56] have used G-mean as a performance measure for a dataset with positive 

and negative classes. Eq. (3.8) shows the G-mean of mth classifier on jth health state. 

 , ,
,

, , , ,

mean m j m j
m j

m j m j m j m j

TP TN
g
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  (3.8) 

Different from the G-mean measure, a general accuracy (GA) measure of mth classifier on jth 

health state, as shown in Eq. (3.9), has been commonly used in the literature [15]. 

 ,
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m j m j
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TP FN




  (3.9) 

To select classifiers for each health state, the accuracy of classifiers on the corresponding 

health state which is called the general accuracy in this paper does not represent the performance 
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of the classifier on other health states. The difference between GA and G-mean has been explained 

more with an example. Table 3.2 shows the GA and G-mean of two classifiers with a different 

number of true negatives and false positive. As can be shown in Table 3.2, GA measure does not 

reflect these differences, while the G-mean measure is sensitive to these differences. 

Table 3.2 An Example To Compare the GA and G-Mean Performances 

Classifier TP FN FP TN GA G-mean 

1 7 3 5 15 0.7 0.724 

2 7 3 0 20 0.7 0.837 

 

Although the performance of both classifiers on positive class are the same, the second 

classifier predicted more negative instances correctly. Therefore, it can be concluded that G-mean 

carries more information than GA when we consider the performance of classifiers on each health 

state. Thus, Geometric mean (G-mean) has been used as the accuracy measure in this study instead 

of general accuracy to determine the performance of each classifier on each health state. 

After evaluating the G-mean of a member classifier using Eq. (3.10), the weight of a member 

classifier for each health state by using weighting scheme based on G-mean can be determined:  

 ,
,

,
1

mean

mean

m j
m j M

m j
m

g
w

g






  (3.10) 

where wm,j is the weight of mth member algorithm on jth class. Therefore, the member algorithm 

with higher G-mean for each class will have a larger weight for the corresponding class. 
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3.3.2.2 Diversity matrix of each health state 

Accuracy is not enough criterion for choosing classifiers in fusion classification because a 

set of accurate classifiers that make the same mistakes cannot improve the classification fusion 

performance. Thus, diversity among classifiers has been considered in CF-CSAS. In this paper, 

the number of mutual misclassified instances of each two classifiers which is called double-fault 

measure have been used as a diversity metric between them. For each health state, a diversity 

matrix is built based on the Eq. (3.11). 

 ,
1

( ) ( )(1 ( ( ; \ ), ))(1 ( ( ; \ ), ))
i

k

m n j s m s i n s i
i s S

e j I C R C X D D j R C X D D j
 

     (3.11) 

where I(.) denotes an indication function as shown in Eq. (3.2). em,n(j) shows the number of 

instances that both of mth and nth classifiers misclassified them where the true health state is the jth 

class. Higher em,n(j) means lower diversity between the pair of classifiers. 

3.3.3 Classifiers Subset Selection 

The procedure of choosing classifiers for each health state to form a robust and accurate 

diagnostic fusion method has been shown in Table 3.3. In the first level of CF-CSAS, the first 

classifier for each health state is the one which has the highest accuracy for the corresponding 

health state. The first classifiers are called the leading classifiers (LCs). In the second level, the 

second classifier for each health state is selected from other classifiers which have the highest 

diversity with LC. For each health state, the procedure of selecting classifiers from non-selected 

classifiers is performed to have higher accuracy based on weighted majority voting. After 

comparing the weighted majority voting by considering all health states, the level with the highest 

accuracy will be picked to be used in the online process. The selected classifiers from level one to 

the selected level will be used based on the weighted majority voting for testing signals. 
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A simple example of selected classifiers in CF-CSAS method has been demonstrated in Fig 

3.1. This example has 3 health states and the CF-CSAS selects classifiers out of a pool of four 

classifiers for each health state. As can be seen in Figure 3.1, classifier A is LC for health state 1 

because it has the highest G-mean for health state 1. Classifier C has been selected as LC for health 

states 2 and 3. The CF-CSAS procedure is performed till 4th level because there are four classifiers 

in the pool. After comparing the accuracies of all levels accumulatively, the selected classifiers of 

the first three levels have higher accuracy on their corresponding health states and will be picked 

as the selected set of classifiers to be used for the online process. 

 

Figure 3.1 Example a problem with 3 health states and a pool of 4 classifiers 
 

After classifier selection procedure which is performed in the offline process, the selected 

classifiers for each health state with their G-means as their weights will decide about the output of 

new incoming data points based on weighted majority voting. 
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Table 3.3 Pseudo Code of CF-CSAS for Selecting Classifiers of Each Health State 

Input: Pool of classifiers=[1, 2, …, m, …, M], Classes=[1, 2, …, n, …, N], 

wmj=accuracy_based weight of classifier m (1≤ m≤M) for class n (1≤ n≤N ), 

NMM(m′, m″)=number of mutual misclassification errors between classifiers m′, m″ 

(1≤ m′, m″ ≤M ) 

1 SC = ∅ 

2 for n = 1 to N 

3 Selected_Classifier (1) for class n = argmaxm (wmi) 

4 end 

5 if M > 1 

6 for n = 1 to N 

7 Selected_Classifier (2) for class n = argminm, m ∉ [Selected_Classifier (1) for class n] [NMM (SC (1) 

for class n, j)] 

8 end 

9 end 

10 if M> 2 

11 for n = 1 to N 

12 for k = 3 to M 

13 Selected_Classifier (k) for class n = argmaxm, m ∉ [Selected_Classifier (1 to k-1) for class n] 

[AWMV(Selected_Classifier (1 to k-1) and m, for class n)] 

14 end 

15 end 

16 end 

17 Selected_Level = argmaxk [AWMV (Selected_Classifiers (1 to k) ) on all classes] 

Output: Selected_Classifier, Selected_Level 

 

3.3.4 Overall Procedure of the CF-CSAS 

The procedure of the developed CF-CSAS methodology for health diagnosis has been 

summarized in Figure 3.2. This method consists of offline and online processes. In the offline CF-
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CSAS, the k-fold cross validation is used to compute the predicted health state of all member 

algorithms. The output of the offline process is the sets of selected classifiers for each health state. 

In online CF-CSAS, the selected classifiers are tested on new coming data points. The fusion 

predicted health state for each new data point is achieved by weighted majority voting. For each 

new incoming data point, the health state with a larger weight will be the output of fusion system. 

The main computation happens only for training signals, but not for new data points.  In most 

engineered systems, the diagnostic accuracy is more important than computational complexity, 

because of higher economic loss of catastrophic system failure than increased computational costs. 

Thus in most diagnostic problems, the fusion approach is preferred in comparison with any single 

member algorithm when leads to higher diagnostic accuracy and robustness [33]. 

 

Figure 3.2 Offline and online procedure of CF-CSAS 
Through CF-CSAS offline process, the selection of classifiers is based on the training set. In 

evolving data streams cases, because of changes occur in data distribution, the selected classifiers 

need to adapt. 

3.3.5 Active Learning Using CS-AL 

In data streams, the relationship between input data and their labels may change over time, 

or instances which belong to novel class may appear. These changes may cause the deterioration 



54 
 

in accuracy of the trained learners based on the historical data. Querying the true label of new 

coming instances is used to detect any concept drift and concept evolution in streaming data. Since 

querying procedure is costly and time-consuming usually there is a limited budget for querying  

[69]. In this study like [69], B has been used as the budget of querying at each time step. B can be 

shown as the percentage of arrival instances at each time step which can be asked for the true label. 

For example, if B=0.20, it means that the true label of only %20 of arriving instances can be 

achieved. The main idea of the AFL method in this study is to select instances which have higher 

probabilities to face with concept drift and concept evolution. 

Mahalanobis distance (MD) which is a distance measure based on the correlations between 

variables has been used in this study to measure the distance of new coming instance with the 

existing data. As shown in Eq. (3.12), MD(x,Y) measures the degree of dissimilarity between the 

observed data point x and a reference dataset Y with covariance matrix S. 

 
1( , ) ( ) ( )TMD x Y x Y S x Y     (3.12) 

Section 3.4.1 details the procedure of selecting instances which have higher probabilities to 

face with concept drift. Section 3.4.2 discusses the procedure of selecting instances which have 

higher probabilities to face with concept evolution. Section 3.4.3 explains the proposed method 

which focuses on both concept drift and concept evolution for selecting instances to be used in 

querying procedure. 

3.3.6 Concept Drift Detection Perspective for Active Learning 

Concept drift or changing in relationships of inputs with their labels may happen over time 

in drifting data streams. Concept drift usually happens close to decision boundaries [69]. 

Therefore, in order to detect concept drift, instances closer to decision boundaries should have a 

higher likelihood to be selected for querying procedure.  Figure 3.3 shows the changes which occur 
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close to decision boundaries because of concept drift. This kind of changes can be detected by 

exact monitoring of instances which appear in these areas. 

 

Figure 3.3 Concept drift in data streams 
 

Mahalanobis distance has been used to find out the closeness of new coming instances to 

decision boundaries. Eq. (3.13) shows the distance of ith new coming instance to decision boundary 

of mth and nth classes where I is the total number of new coming instances and C is the total number 

of existing classes. dim and din in Eq. (3.13) represent the Mahalanobis distance of ith new coming 

instance to mth and nth existing classes respectively.  

 , | | 1 , 1 ,nm n m
i i id idMD I n Cd m       (3.13) 

Z is the total number of instances arrive at each time step in Eq. (3.13). For every two existing 

classes, the new coming instances which have lower dMD will have a higher likelihood to be 

selected for querying procedure. Figure 3.3 illustrates the distances of two new coming instances 

to their two existing classes in a 2D environment. As can be seen in Figure 3.3, instance 2 has 

higher dMD value and will have a higher likelihood to be asked for the true label. 

 



56 
 

3.3.7 Concept Evolution Detection Perspective for Active Learning 

In evolving data streams, novel class or classes may appear over time. Instances which are 

from novel class may appear anywhere but usually far from the existing classes [73]. Therefore, 

in this study, for each existing class, the arriving instances which are further from it will have a 

higher likelihood to be selected for querying procedure. 

The Mahalanobis distance of ith new coming data point to its mth existing class is shown by 

dim as can be seen in Figure 3.3 Among N instances which arrive at each time step, an instance 

which has less Mahalanobis distance to its closest existing class will have a higher likelihood to 

be asked for the true label based on the novel concept detection perspective. As shown in Figure 

3.3, for both class 1 and 2, based on concept evolution detection perspective, instance 1 will have 

a higher likelihood to be selected for querying procedure than instance 2.  

3.3.8 Combination Strategy for Active Learning 

In order to detect changes that happen because of concept drift and concept evolution in data 

streams, instances should be selected for querying procedure based on both concept drift detection 

and concept evolution detection perspectives. Thus, the combination strategy has been used in this 

study. In this strategy, the data streams at each time step are randomly divided into two parts. In 

one part, the instances are selected for querying based on concept drift detection perspective, and 

in the other part, the instances are selected based on concept evolution perspective. Then, the true 

labels of instances are asked and used in the developed AFL procedure. Table 3.4 shows the pseudo 

code of combination strategy for active learning (CS-AL). 

3.1 Movement Detection Based on DA-MM 

After active learning procedure, if any novel concept or concept drift detected, the CF-CSAS 

offline procedure needs to be performed to adapt the learning model. Another change that 
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potentially affects the classification results is data movement or changes in the shape of data 

distribution because the diagnosis algorithms have already been trained based on different 

instances space. 

Table 3.4 Pseudo Code of CS-AL Strategy 

Input:  Existing classes at time t-1   

           Data chunk with size N at time t 

           B = percentage of new coming instances which can be selected for querying procedure 

1. C = number of existing classes at time t-1 

2. Drift = random number between 1 and N*B 

3. Novel = N*B – Drift 

4. for every instance i in the data chunk 

5.         for each two existing classes m and n at time t-1 

6.                     Calculate and save dMDi
m,n     % Eq. (3.13) 

7.          end 

8. end 

9. for every two existing classes m and n at time t-1 

10.         Norm (1/dMDi
m,n ) = Normalize 1/dMDi

m,n 

11. end 

12. Randomly select [Drift*2/(C*(C-1))] of new coming instances with weights 

Norm(1/dMDi
m,n ) 

13. for each instance i in the data chunk 

14.         for each class m at time t-1 

15.                   Calculate and save di
m 

16.         end 

17. end 

18. for each existing class m 

19.         Norm(di
m) = Normalize di

m 

20. end 

21.  Randomly select [Novel/C] of new coming instances with weights Norm(di
m) 

Output:  Selected instances for querying procedure 
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In order to monitor the data movement, the Mahalanobis distances of all new coming 

instances at time t from existing instances at time step t' can be shown by MDD(t)
D(t') which is a 

vector with N (the size of data chunk) elements. Mahalanobis distance of instances at time t' from 

themselves can be shown by the vector of MDD(t’)
D(t') which has N elements. If these two vectors 

are from different distributions, it shows that data has moved at time step t in comparison with 

time step t’ and therefore, the diagnosis algorithm requires to adapt using the up to date 

information. Kolmogrov-Smirnov (KS) test have been used in the literature to test whether two 

underlying one-dimensional probability distributions differ [77]. KS test has been used in this 

study to test whether two vectors are from the same distribution or not. If KS test shows that they 

are from two different distributions, the CF-CSAS offline process requires to be performed and 

classifiers need to be selected for each health state in classification fusion algorithm.  

3.2 Overall Procedure of AFL 

Diagnostic fusion model of evolving data streams needs to adapt over time when changes 

happen in new coming data points. The CS-AL procedure is used to detect any arrival of novel 

concept or concept drift in data streams. By using the CS-AL procedure, instead of all new coming 

instances, only limited number of instances (because of the limited budget for querying) will be 

selected that are suspected to have concept drift and concept evolution. Sometimes concept drift 

and concept evolution does not occur in data stream but the movement of data affects the 

performance of classifiers. The DA-MM has been used in this study to detect any movement of 

new coming instances in comparison with existing. 

Figure 3.4 shows the overall procedure of AFL, which consists of CS-AL and DA-MM 

procedures in order to detect changes and movement in data streams. In case of any detection of 

concept drift, concept evolution, or data movement, the procedure of CF-CSAS will be performed 
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using the updated information to retrain and select classifiers for health diagnosis of arriving 

instances. 

 

Figure 3.4 The framework of AFL in evolving data streams 
 

3.3 Experimental Studies 

In this section, the developed AFL technique is applied to two case studies. In these studies, 

the pool of classifiers consists of six popular classifiers in the literature. These six classifiers are 

back-propagation neural network (BNN), support vector machines (SVM), naïve Bayes (NB), k-

nearest neighbors (KNN), logistic regression (LR), decision trees (DT). BNN in this study has 2 

hidden layers with 3 nodes in each layer. SVM uses a Gaussian kernel function and NB uses 

Gaussian distribution for all attributes. LR uses a multinomial logistic regression with a ridge 

estimator. DT in this study applies a binary classification decision tree based on the features. To 

evaluate the performance of classification, 10-fold cross validation has been applied in this study. 

The first case study is a numerical example and the second case study is rolling bearing diagnostic 
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problem. In this research three values for labeling budget have been considered which are [0.20, 

0.50, 0.80]. It means that at each time step 20%, 50%, or 80% of arriving instances can be asked 

for true labels. In DA-MM method, KS test with significance level of 0.95 has been used. The 

algorithm was implemented in Matlab 2016. The experiments were run on Intel core i7 with 16 

GB memory and 3.4 dual processor CPU. 

3.3.1 Example using Synthetic Data Streams 

In this section, a numerical example with synthetic data is used to verify the performance of 

the proposed method. Data points at the first time step come from two classes with two attributes. 

Each attribute is generated from a Gaussian distribution. Mean of the first and second attributes of 

class one are respectively 1+0.3*t, and t where t represents time steps (sec). Mean of Gaussian 

distribution that generated features one and two of class 2 are 1+0.01*t, and t+1 respectively. In a 

random time, class 3 with two attributes from the Gaussian distribution will appear with mean 

1+0.25*t for the first attribute and t+0.5 for the second attribute. The standard deviations of both 

features of all classes are 0.5. The size of data chink is 200 and each time step has been considered 

to be one second. The CF-CSAS procedure will be performed using the first time step data chunk 

as the training set. By using this synthetic dataset, gradual and sudden drift and concept evolution 

will occur in the data stream and the performance of the developed method can be investigated. In 

this case study, at each time step, almost equal instances from different existing classes arrive. The 

CS-AL method has been applied to detect concept drift and evolution for twenty time steps on this 

synthetic dataset. Table 3.5 illustrate the time steps in which concept drift and concept evolution 

are detected when the novel concept arrives at time 11 for B=0.20, B=0.50, and B=0.80. As can 

be seen in Table 3.5, by increasing the labeling budget (B), more instances can be asked for the 

true label and there would be higher probability to detect small changes in the data stream. 
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Table 3.5 Detection of Changes Happen in Synthetic Data Streams by CS-AL Method 

B Time steps (s) concept drift detected Time steps (s) concept evolution detected 

0.20 2, 3, 11, 17, 18 11 

0.50 2, 3, 4, 5, 6, 11, 15, 16, 17, 18, 19 11 

0.80 2, 3, 4, 5, 6, 7, 9, 11, 12, 13, 14, 15, 16, 17, 18, 19 11 

 
Table 3.6 Accuracy Results at Each Time Steps for B=0.20 

 
 

Time 
Step 
 (s) 

Accuracy 

BNN SVM NB KNN LR DT AFL 

Rnd CS-
AL 

Rnd CS-
AL 

Rnd CS-
AL 

Rnd CS-
AL 

Rnd CS-
AL 

Rnd CS-
AL 

Rnd CS-
AL 

2 0.805 0.805 0.790 0.805 0.740 0.765 0.710 0.735 0.780 0.805 0.755 0.765 0.800 0.805 

3 0.740 0.750 0.730 0.755 0.730 0.755 0.745 0.765 0.745 0.775 0.710 0.720 0.740 0.775 

4 0.820 0.835 0.800 0.835 0.855 0.875 0.850 0.885 0.810 0.855 0.820 0.835 0.850 0.895 

5 0.760 0.795 0.760 0.780 0.745 0.785 0.700 0.720 0.785 0.795 0.700 0.740 0.790 0.815 

6 0.810 0.825 0.855 0.855 0.855 0.875 0.800 0.815 0.825 0.825 0.820 0.835 0.865 0.875 

7 0.865 0.865 0.860 0.860 0.805 0.855 0.810 0.855 0.840 0.855 0.880 0.895 0.880 0.890 

8 0.880 0.885 0.855 0.855 0.855 0.865 0.885 0.895 0.870 0.875 0.815 0.805 0.880 0.890 

9 0.790 0.825 0.780 0.805 0.720 0.775 0.780 0.780 0.770 0.785 0.780 0.815 0.805 0.825 

10 0.775 0.800 0.775 0.805 0.795 0.810 0.730 0.765 0.795 0.805 0.735 0.785 0.805 0.825 

11 0.610 0.625 0.615 0.615 0.645 0.640 0.605 0.655 0.610 0.625 0.610 0.655 0.620 0.655 

12 0.745 0.745 0.715 0.740 0.780 0.785 0.750 0.745 0.710 0.740 0.745 0.745 0.785 0.785 

13 0.800 0.830 0.815 0.830 0.810 0.820 0.805 0.830 0.810 0.830 0.810 0.835 0.815 0.850 

14 0.805 0.805 0.810 0.805 0.800 0.815 0.805 0.830 0.800 0.830 0.815 0.810 0.800 0.830 

15 0.880 0.890 0.890 0.890 0.880 0.890 0.870 0.870 0.820 0.870 0.830 0.870 0.895 0.900 

16 0.875 0.875 0.890 0.885 0.850 0.885 0.850 0.880 0.860 0.880 0.895 0.890 0.890 0.895 

17 0.800 0.810 0.855 0.855 0.825 0.850 0.810 0.850 0.880 0.880 0.860 0.885 0.890 0.890 

18 0.875 0.895 0.875 0.875 0.875 0.870 0.860 0.870 0.860 0.870 0.875 0.885 0.890 0.900 

19 0.780 0.805 0.780 0.805 0.725 0.755 0.740 0.755 0.785 0.800 0.740 0.755 0.790 0.820 

20 0.740 0.755 0.765 0.765 0.745 0.765 0.740 0.765 0.740 0.775 0.720 0.765 0.760 0.780 

Ave. 0.798 0.812 0.801 0.812 0.791 0.812 0.781 0.803 0.794 0.814 0.785 0.805 0.818 0.837 
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Table 3.7 Accuracy Results at Each Time Step for B=0.50 

 

In time steps that concept drift and/or concept evolution have been detected the offline 

procedure of CF-CSAS will be performed using the most recent information which is labeled 

instances. Thus the classification fusion adapt at this time steps and prevent the deterioration of 

health diagnosis.  In order to investigate the influence of fusion method and CS-AL method as a 

selecting instances strategy, another strategy of selecting instances which is a random selecting 

have also been considered. Table 3.6, Table 3.7, and Table 3.8 illustrate the classification 

accuracies of each classifier and fusion method using both random strategy and CS-AL method 

for selecting instances to be queried at each time step when B=0.20, B=0.50, and B=0.80 

Time 
Step 
 (s) 

Accuracy 

BNN SVM NB KNN LR DT AFL 

Rnd CS-
AL 

Rnd CS-
AL 

Rnd CS-
AL 

Rnd CS-
AL 

Rnd CS-
AL 

Rnd CS-
AL 

Rnd CS-
AL 

2 0.820 0.820 0.800 0.825 0.790 0.795 0.750 0.790 0.800 0.815 0.800 0.800 0.820 0.825 

3 0.750 0.750 0.750 0.775 0.750 0.755 0.765 0.790 0.760 0.785 0.750 0.755 0.790 0.815 

4 0.830 0.830 0.835 0.850 0.880 0.885 0.885 0.885 0.850 0.885 0.850 0.855 0.890 0.895 

5 0.760 0.805 0.760 0.800 0.755 0.790 0.750 0.765 0.755 0.795 0.725 0.785 0.800 0.825 

6 0.845 0.845 0.845 0.850 0.850 0.885 0.825 0.835 0.820 0.830 0.850 0.855 0.870 0.890 

7 0.885 0.895 0.880 0.890 0.855 0.870 0.850 0.885 0.845 0.880 0.885 0.915 0.905 0.915 

8 0.885 0.895 0.850 0.890 0.850 0.865 0.895 0.890 0.890 0.890 0.860 0.860 0.890 0.910 

9 0.820 0.825 0.825 0.830 0.825 0.875 0.800 0.805 0.805 0.805 0.825 0.825 0.825 0.835 

10 0.800 0.800 0.800 0.820 0.805 0.825 0.765 0.775 0.790 0.825 0.775 0.795 0.800 0.830 

11 0.680 0.695 0.685 0.695 0.690 0.710 0.685 0.695 0.685 0.695 0.685 0.725 0.695 0.720 

12 0.780 0.795 0.770 0.795 0.750 0.795 0.755 0.795 0.720 0.805 0.720 0.805 0.785 0.800 

13 0.880 0.880 0.885 0.880 0.880 0.915 0.855 0.900 0.855 0.895 0.850 0.905 0.870 0.900 

14 0.825 0.820 0.830 0.825 0.865 0.820 0.850 0.850 0.850 0.855 0.810 0.875 0.850 0.885 

15 0.900 0.900 0.905 0.935 0.885 0.895 0.890 0.890 0.885 0.895 0.850 0.895 0.900 0.935 

16 0.865 0.885 0.885 0.895 0.890 0.895 0.870 0.905 0.860 0.905 0.890 0.905 0.890 0.915 

17 0.825 0.820 0.865 0.885 0.855 0.855 0.855 0.885 0.855 0.905 0.860 0.905 0.890 0.905 

18 0.880 0.905 0.875 0.885 0.875 0.885 0.860 0.885 0.865 0.885 0.870 0.905 0.890 0.905 

19 0.800 0.835 0.800 0.805 0.755 0.745 0.760 0.775 0.795 0.800 0.750 0.795 0.820 0.835 

20 0.745 0.805 0.760 0.795 0.745 0.795 0.760 0.795 0.745 0.770 0.770 0.775 0.790 0.805 

Ave. 0.820 0.832 0.821 0.838 0.818 0.834 0.812 0.831 0.812 0.838 0.809 0.839 0.841 0.860 
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respectively. As can be seen in these tables the accuracy of classification by using CS-AL strategy 

increases in comparison with randomly selecting instances, and also it can be said that by 

increasing the labeling budget, more instances are asked for the true label and therefore the 

accuracy increases. The AFL using CS-AL strategy consistently performs better than all single 

member algorithms or has equal performance with the best algorithm at each time step regardless 

of the labeling budget (B). By comparing the average of classification accuracies over all time 

steps for different values of B, it can be concluded that the overall accuracy increases when more 

instances can be selected for active learning procedure.   

Table 3.8 Accuracy Results at Each Time Step for B=0.80 

 

Time 
Step 
 (s) 

Accuracy 

BNN SVM NB KNN LR DT AFL 

Rnd CS-
AL 

Rnd CS-
AL 

Rnd CS-
AL 

Rnd CS-
AL 

Rnd CS-
AL 

Rnd CS-
AL 

Rnd CS-
AL 

2 0.820 0.825 0.820 0.825 0.795 0.795 0.775 0.795 0.800 0.825 0.800 0.835 0.820 0.835 

3 0.770 0.775 0.750 0.775 0.770 0.775 0.775 0.815 0.770 0.785 0.765 0.795 0.780 0.825 

4 0.850 0.885 0.855 0.855 0.880 0.895 0.885 0.895 0.850 0.890 0.850 0.885 0.880 0.905 

5 0.795 0.815 0.770 0.810 0.770 0.790 0.770 0.775 0.770 0.790 0.755 0.805 0.815 0.825 

6 0.850 0.855 0.855 0.855 0.860 0.885 0.850 0.860 0.850 0.850 0.855 0.870 0.880 0.895 

7 0.895 0.890 0.905 0.905 0.885 0.890 0.880 0.880 0.885 0.895 0.905 0.915 0.910 0.915 

8 0.905 0.905 0.890 0.905 0.860 0.895 0.925 0.920 0.900 0.900 0.865 0.860 0.900 0.925 

9 0.855 0.855 0.855 0.850 0.865 0.860 0.840 0.840 0.855 0.860 0.855 0.860 0.850 0.860 

10 0.810 0.815 0.830 0.835 0.835 0.835 0.805 0.820 0.805 0.820 0.815 0.830 0.810 0.835 

11 0.705 0.705 0.700 0.700 0.705 0.700 0.660 0.695 0.670 0.695 0.695 0.705 0.695 0.700 

12 0.825 0.825 0.830 0.835 0.825 0.845 0.825 0.835 0.830 0.835 0.825 0.840 0.830 0.845 

13 0.915 0.920 0.900 0.925 0.935 0.930 0.935 0.955 0.920 0.920 0.920 0.935 0.920 0.950 

14 0.885 0.890 0.880 0.885 0.885 0.885 0.910 0.925 0.880 0.890 0.870 0.870 0.920 0.925 

15 0.920 0.920 0.955 0.965 0.905 0.905 0.900 0.905 0.910 0.930 0.870 0.905 0.950 0.965 

16 0.900 0.910 0.920 0.925 0.900 0.905 0.900 0.925 0.910 0.910 0.885 0.920 0.925 0.935 

17 0.880 0.895 0.870 0.915 0.860 0.865 0.890 0.885 0.890 0.925 0.895 0.905 0.910 0.915 

18 0.890 0.900 0.890 0.895 0.900 0.925 0.900 0.925 0.885 0.895 0.875 0.870 0.905 0.925 

19 0.850 0.850 0.840 0.850 0.795 0.795 0.790 0.805 0.800 0.825 0.795 0.805 0.855 0.855 

20 0.755 0.790 0.780 0.795 0.780 0.805 0.795 0.805 0.805 0.805 0.805 0.805 0.805 0.805 

Ave. 0.846 0.854 0.847 0.858 0.843 0.852 0.843 0.856 0.841 0.855 0.837 0.853 0.861 0.876 
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3.3.2 Rolling Bearing Health Diagnostic Problem 

The rolling bearing health diagnostics test rig in this study consists of DC stepper motor, 

motion interface, rotating shaft, Plumber block with bearing, accelerometer, multi-meter, data 

acquisition interface and onsite PC. In order to extract the vibration signals of testing bearing, the 

tri-axial accelerometer PCB-Model 601B02 has been used on the Plummer block. The current 

consumption of stepper motor is measured by multi-meter and saved. At first time step, four 

different health states of bearings are considered and the fifth health state is considered as a novel 

class as listed in Table 3.9. 

Table 3.9 Definitions of Rolling Bearing Health States 

HS 1: Healthy Bearing 

HS 2: Bearing with inclusion of foreign particles 

HS 3: Bearing with inclusion of metal debris 

HS 4: Bearing with inner raceway 

HS 5 (Novel HS): Bearing with acid etching 

 

Bearing with all health states are tested with experimental setup and their corresponding 

vibration signals and the current consumption data of the stepper motor are collected. To test the 

effectiveness of the proposed method at first time step only the first four health states will be 

considered, and the novel class which is HS 5 will arrive in a random time step. Each time step is 

considered as 10 minutes and 2400 instances arrive at each time step equally from all health states. 

Figure 3.5 and Figure 3.6 show raw vibration signals and current consumption of bearings in 50 

seconds of the first time step with the first four HSs are plotted against the time in seconds at 300 

RPM respectively. 
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Figure 3.5 Raw vibration signals of the first time step at 300 RPM. 

 

Figure 3.6 Current consumptions of the first time step at 300 RPM. 
In this study, the novel concept arrived at time step 19. Figure 3.7 and Figure 3.8 illustrate 

raw vibration signals and current consumptions of bearings in 50 seconds of the nineteenth time 

step at 300 RPM respectively. The acid etching health state has lower current consumption and 

higher deviation signals than other HSs because of less friction in the bearing. 
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Figure 3.7 Raw vibration of the nineteenth time step at 300 RPM. 

 

Figure 3.8 Current consumptions of the nineteenth time step at 300 RPM. 
As shown in Table 3.10 the number of time steps in which concept drift are detected increases 

when the labeling budget increases. The reason is that by increasing B, more instances will be 

asked for the true label and gradual and small changes in data will be detected.  
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Table 3.10 Detection of Changes Happen in Rolling Bearing Data Streams By CS-AL Method 
B Time steps concept drift detected Time steps concept evolution detected 

0.20 2, 6, 8, 9, 10, 11, 15, 19 19 

0.50 2, 3, 4, 5, 6, 7, 8, 9, 11, 13, 15, 16, 17, 19 19 

0.80 2, 3, 4, 5, 6, 7, 8, 9, 11, 12, 13, 14, 15, 16, 17, 18, 19 19 

 
Table 3.11 Accuracy Results at Each Time Step for B=0.20 

Time 
Step 
 (s) 

Accuracy 

BNN SVM NB KNN LR DT AFL 

Rnd CS-
AL 

Rnd CS-
AL 

Rnd CS-
AL 

Rnd CS-
AL 

Rnd CS-
AL 

Rnd CS-
AL 

Rnd CS-
AL 

2 0.962 0.970 0.790 0.823 0.954 0.970 0.942 0.955 0.701 0.720 0.948 0.961 0.966 0.981 

3 0.962 0.980 0.795 0.873 0.961 0.983 0.950 0.972 0.702 0.712 0.958 0.973 0.960 0.968 

4 0.950 0.960 0.775 0.821 0.950 0.959 0.923 0.963 0.632 0.664 0.947 0.960 0.962 0.971 

5 0.952 0.972 0.801 0.833 0.949 0.974 0.929 0.962 0.662 0.662 0.946 0.963 0.955 0.980 

6 0.943 0.970 0.800 0.844 0.957 0.980 0.917 0.971 0.654 0.680 0.940 0.972 0.963 0.985 

7 0.962 0.983 0.801 0.877 0.975 0.986 0.968 0.976 0.713 0.739 0.965 0.980 0.961 0.985 

8 0.965 0.983 0.818 0.852 0.956 0.986 0.962 0.980 0.690 0.714 0.961 0.980 0.965 0.986 

9 0.947 0.981 0.786 0.874 0.980 0.986 0.973 0.982 0.711 0.737 0.964 0.981 0.980 0.990 

10 0.968 0.982 0.819 0.870 0.940 0.990 0.958 0.982 0.701 0.736 0.961 0.985 0.981 0.993 

11 0.972 0.993 0.822 0.873 0.963 0.994 0.959 0.988 0.749 0.767 0.974 0.986 0.981 0.988 

12 0.973 0.981 0.832 0.861 0.942 0.990 0.962 0.980 0.740 0.750 0.983 0.984 0.983 0.976 

13 0.960 0.977 0.820 0.842 0.953 0.984 0.969 0.972 0.701 0.724 0.975 0.981 0.968 0.989 

14 0.953 0.985 0.850 0.874 0.974 0.989 0.951 0.980 0.741 0.765 0.970 0.980 0.952 0.986 

15 0.952 0.983 0.842 0.857 0.978 0.987 0.953 0.972 0.704 0.738 0.970 0.978 0.967 0.984 

16 0.961 0.985 0.831 0.860 0.950 0.985 0.955 0.985 0.757 0.785 0.970 0.985 0.979 0.989 

17 0.974 0.990 0.840 0.862 0.973 0.993 0.980 0.990 0.771 0.781 0.976 0.988 0.971 0.980 

18 0.962 0.983 0.852 0.864 0.960 0.986 0.981 0.979 0.720 0.738 0.972 0.980 0.983 0.991 

19 0.665 0.707 0.630 0.644 0.718 0.745 0.734 0.749 0.750 0.797 0.701 0.714 0.800 0.790 

20 0.790 0.821 0.702 0.777 0.800 0.809 0.741 0.828 0.759 0.811 0.774 0.801 0.801 0.828 

Ave. 0.935 0.957 0.800 0.841 0.939 0.962 0.932 0.956 0.714 0.738 0.940 0.954 0.951 0.965 
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Table 3.12 Accuracy Results at Each Time Step for B=0.50 

Time 
Step 
 (s) 

Accuracy 

BNN SVM NB KNN LR DT AFL 

Rnd CS-
AL 

Rnd CS-
AL 

Rnd CS-
AL 

Rnd CS-
AL 

Rnd CS-
AL 

Rnd CS-
AL 

Rnd CS-
AL 

2 0.962 0.970 0.791 0.824 0.954 0.975 0.942 0.957 0.701 0.720 0.948 0.961 0.968 0.982 

3 0.965 0.981 0.797 0.873 0.964 0.984 0.952 0.972 0.702 0.713 0.958 0.973 0.962 0.969 

4 0.951 0.967 0.777 0.821 0.950 0.968 0.924 0.964 0.632 0.666 0.947 0.962 0.965 0.974 

5 0.958 0.973 0.800 0.833 0.951 0.974 0.929 0.966 0.661 0.662 0.946 0.968 0.958 0.980 

6 0.951 0.978 0.801 0.844 0.961 0.980 0.917 0.972 0.654 0.686 0.940 0.972 0.965 0.987 

7 0.962 0.983 0.805 0.877 0.976 0.986 0.969 0.975 0.719 0.738 0.965 0.980 0.969 0.986 

8 0.969 0.983 0.825 0.853 0.957 0.988 0.964 0.980 0.691 0.718 0.969 0.983 0.964 0.987 

9 0.949 0.980 0.788 0.874 0.980 0.988 0.975 0.982 0.711 0.737 0.970 0.983 0.981 0.990 

10 0.970 0.988 0.821 0.871 0.940 0.990 0.962 0.987 0.701 0.736 0.961 0.985 0.982 0.993 

11 0.971 0.993 0.826 0.873 0.963 0.995 0.967 0.990 0.749 0.767 0.974 0.986 0.981 0.988 

12 0.970 0.988 0.832 0.868 0.942 0.990 0.962 0.985 0.740 0.750 0.983 0.986 0.983 0.977 

13 0.961 0.977 0.820 0.843 0.957 0.988 0.969 0.977 0.704 0.726 0.979 0.981 0.971 0.991 

14 0.958 0.989 0.850 0.874 0.981 0.991 0.951 0.980 0.743 0.768 0.978 0.988 0.952 0.988 

15 0.958 0.983 0.842 0.857 0.978 0.986 0.958 0.978 0.705 0.739 0.972 0.978 0.971 0.988 

16 0.962 0.985 0.831 0.864 0.950 0.987 0.958 0.984 0.757 0.785 0.971 0.985 0.979 0.990 

17 0.980 0.990 0.840 0.869 0.977 0.994 0.980 0.993 0.771 0.783 0.979 0.990 0.971 0.985 

18 0.965 0.983 0.852 0.864 0.961 0.988 0.981 0.982 0.720 0.738 0.972 0.980 0.983 0.995 

19 0.701 0.727 0.630 0.646 0.720 0.745 0.735 0.750 0.754 0.799 0.701 0.714 0.801 0.803 

20 0.791 0.823 0.712 0.775 0.802 0.809 0.741 0.828 0.761 0.813 0.774 0.803 0.805 0.840 

Ave. 0.940 0.960 0.802 0.842 0.940 0.963 0.933 0.958 0.715 0.739 0.941 0.956 0.953 0.968 

 

The classification results for each labeling budget have been shown in Table 3.11, Table 

3.12, and Table 3.13. Rnd and CS-AL in these tables show the random strategy and CS-AL strategy 

for selecting suspected instances to be queried. As can be seen, for each classification method, CS-

AL strategy of selecting instances leads to higher accuracy. The accuracy of AFL using CS-AL 
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strategy has the highest accuracy or at least it has the same performance as the most accurate 

classification algorithm at each time step. 

Table 3.13 Accuracy Results at Each Time Step for B=0.80 

Time 
Step 
 (s) 

Accuracy 

BNN SVM NB KNN LR DT AFL 

Rnd CS-
AL 

Rnd CS-
AL 

Rnd CS-
AL 

Rnd CS-
AL 

Rnd CS-
AL 

Rnd CS-
AL 

Rnd CS-
AL 

2 0.962 0.970 0.791 0.824 0.956 0.975 0.948 0.957 0.701 0.720 0.951 0.961 0.968 0.985 

3 0.968 0.983 0.798 0.869 0.964 0.986 0.955 0.975 0.705 0.721 0.959 0.982 0.962 0.970 

4 0.955 0.967 0.788 0.829 0.950 0.970 0.925 0.958 0.632 0.655 0.948 0.962 0.965 0.978 

5 0.958 0.977 0.801 0.839 0.954 0.977 0.929 0.965 0.681 0.684 0.947 0.970 0.958 0.978 

6 0.950 0.976 0.815 0.851 0.964 0.979 0.918 0.965 0.654 0.688 0.940 0.965 0.965 0.986 

7 0.967 0.985 0.806 0.868 0.978 0.989 0.968 0.974 0.729 0.745 0.969 0.982 0.969 0.987 

8 0.969 0.985 0.825 0.854 0.956 0.988 0.968 0.976 0.699 0.709 0.968 0.980 0.964 0.989 

9 0.954 0.973 0.789 0.878 0.981 0.990 0.977 0.987 0.711 0.729 0.969 0.984 0.981 0.992 

10 0.971 0.987 0.819 0.879 0.947 0.993 0.961 0.984 0.701 0.715 0.962 0.985 0.982 0.993 

11 0.972 0.992 0.825 0.871 0.964 0.993 0.968 0.984 0.748 0.775 0.974 0.984 0.981 0.989 

12 0.978 0.989 0.836 0.870 0.947 0.991 0.969 0.984 0.741 0.764 0.980 0.988 0.983 0.989 

13 0.962 0.986 0.821 0.854 0.958 0.988 0.969 0.978 0.706 0.725 0.979 0.981 0.971 0.991 

14 0.961 0.989 0.856 0.888 0.981 0.990 0.951 0.985 0.743 0.767 0.978 0.988 0.952 0.989 

15 0.963 0.984 0.840 0.860 0.978 0.987 0.959 0.986 0.706 0.735 0.974 0.982 0.971 0.995 

16 0.969 0.985 0.829 0.864 0.952 0.988 0.958 0.989 0.757 0.770 0.971 0.985 0.979 0.990 

17 0.981 0.994 0.845 0.880 0.979 0.995 0.982 0.990 0.774 0.793 0.981 0.991 0.971 0.990 

18 0.965 0.987 0.854 0.871 0.963 0.991 0.980 0.987 0.721 0.726 0.973 0.987 0.983 0.996 

19 0.701 0.732 0.632 0.652 0.724 0.750 0.736 0.758 0.784 0.809 0.705 0.725 0.801 0.823 

20 0.799 0.854 0.715 0.784 0.803 0.810 0.754 0.829 0.791 0.824 0.784 0.809 0.815 0.854 

Ave. 0.942 0.963 0.804 0.847 0.942 0.965 0.936 0.958 0.720 0.740 0.943 0.957 0.954 0.972 
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3.4 Conclusion 

Effective health diagnostics of evolving data streams acquires by sensors has enormous 

benefits such as improved reliability, safety and reduced operation and maintenance costs. Concept 

drift, novel concept, and data movement, are changes that may happen in data streams, thereby the 

diagnosis classification faces with degradation. 

In order to prevent degradation of classification over time, the changes need to be detected 

and the learning model needs to adapt. The proposed adaptive fusion learning (APL) model detects 

these changes and relearns the model to form a robust fusion algorithm for health diagnosis of 

evolving data streams. The CF-CSAS has been used in this study to select classifiers out of a pool 

of classifiers for each health state. The proposed CS-AL technique has been used to select instances 

with higher probabilities of facing with concept drift and concept evolution for querying 

procedure. DA-MM has been used in this study to detect movement of data streams. If any changes 

in data streams are detected, the offline CF-CSAS will be performed to adapt learning model. The 

developed AFL method was demonstrated with the synthetic dataset and rolling bearing health 

diagnostics application. Considering the enhanced accuracy in health diagnostics, the developed 

AFL method provides an effective fusion diagnosis model that react well to changes in data 

streams and outperforms any single member algorithm. 
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CHAPTER 4 

 HEALTH DIAGNOSIS WITH EVOLVING DATA STREAMS USING A NOVEL 
ACTIVE LEARNING WITH HOLDING APPROACH 

   

4.1 Abstract 

Health diagnosis with evolving data streams acquired from a dynamic operating environment 

of an engineering system faces grand challenges such as the concept drift and concept evolution 

of data in representing different system health states. In many engineering applications, it is not 

required to predict the label of all coming instances right away thus a delay within a prescribed 

short diagnosis window is often acceptable. This paper presents a novel active learning with 

holding (ALH) approach for health diagnosis with evolving data streams that addresses the concept 

drift and concept evolution challenges. The developed ALH approach consists of two primary 

steps: (i) detection of instances that are suspected of having concept drift or belonging to a novel 

concept; and (ii) adaptive determination of holding, querying or declaring the suspected instances. 

The developed diagnosis approach separates the suspected instances based on the likelihood of 

having concept drift or concept evolution, and adapts itself after every querying procedure based 

on the most recently gained information, thereby benefits from requiring substantially less number 

of expensive data queries in the process of health diagnosis. The developed ALH method 

performance is demonstrated with a numerical example and an engineering case study for power 

transformer fault diagnosis. The case studies results indicate that the developed ALH approach 

outperforms existing techniques with higher diagnosis accuracy and efficiency. 
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4.2 Introduction 

Real-time health diagnosis interprets operational data acquired continuously by smart 

sensors from engineering systems to make critical operation and maintenance decisions, thereby 

improving system reliability and reducing operational costs. As unexpected breakdowns of 

engineering systems could lead to loss of production or poor customer satisfactions, effective 

health diagnosis that accurately assesses the health condition of the engineered could provide 

significant benefits to maintenance and life-cycle management decision makings [15, 78-80]. In 

general, machine learning methods and statistical inference methods as two categories of 

methodologies have been widely applied to health diagnosis [81-85]. In the recent literature, 

significant advances have been achieved in accurate diagnosis of health conditions of engineering 

systems, by applying techniques based on machine learning such as artificial neural networks 

(ANNs) [86-88],  support vector machines (SVMs) [6], naïve Bayes (NB) [60], decision trees (DT) 

[62], or based on statistical inference such as Mahalanobis distance (MD) [63], the k-nearest 

neighbor method (KNN) [48] and the k-mean clustering method [31]. In a static diagnosis 

environment where data are coming from the stationary distribution representing one of well-

defined health states of the system, the diagnosis system using one of the classification techniques 

can be well trained by historical data leading to good prediction accuracy for new instances [5, 15, 

44, 48, 89]. These classification techniques however are generally not capable of accurately 

predicting the health states of an engineered system when the data stream acquired from which 

over time consists of concept drift or concept evolution [71, 72, 90-92]. Concept drift refers to the 

changes of the statistical characteristic of the data over time for system health states [93], which 

could deteriorate the accuracy of the diagnosis algorithms which are trained using the past 

instances without taking into account the new changes [90, 94, 95]. On the other hand, the evolving 
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nature of system health states over time could potentially lead to occurrences of novel concepts 

where the incoming data instances do not belong to any of existing health states of the system, 

referred to as concept evolution. The novel concepts may be caused by some abnormality or a new 

health state of the system that has not been previously identified [73, 76, 96-98]. 

Identification of occurrence of concept drift or concept evolution without obtaining the true 

labels of new incoming data instances is extremely challenging in health diagnosis, if not 

impossible [97]. Moreover, in order for the learning models of the diagnosis algorithms to adapt 

the changes in data stream, true labels of new instances consisting concept drift or concept 

evolution must be incorporated into the training of the models [69]. However, frequent query of 

true labels of incoming instances can be very costly, thus in practical diagnosis applications it is 

almost impossible to ask for the true labels, or health states, for all incoming instances of the data 

chunks in each time step of the data stream [74, 94, 96, 99]. To seek for a balance between the cost 

of query for true labels of data instances and the accuracy of health diagnosis, active learning 

strategy [100] has been developed that investigates how to label only a limited number of instances 

of arriving data chunks at each time step without sacrificing the prediction accuracy. One of the 

primary challenges in active learning is to determine most informative instances to be labeled and 

used for training the learner model [99, 101]. In the literature, active learning frameworks have 

been proposed for diagnosis with data streams where the true labels are only partially available for 

incoming instances [101, 102]. Moreover, several active learning strategies [69] have been 

developed in order to detect concept drift in diagnosis with data streams. Although several 

preliminary studies have been conducted in the literature addressing diagnosis problems with data 

streams, there has not been a holistic active learning solution that can systematically address both 

concept drift and concept evolution in health diagnosis with evolving data streams. Moreover, 
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existing active learning frameworks in the literature have been largely focused on an instant 

response of the diagnosis algorithm without taking the advantages of the potential benefits 

provided by an allowable delay of the response within a prescribed time window in many practical 

diagnosis applications [69, 71, 102]. For instance, in the health diagnosis application for a wind 

turbine drivetrain system, an immediate determination of the health condition of a gear in the 

gearbox from sensor data streams may not be as essential as an accurate assessment of the health 

condition for the gear within a certain time window (e.g. one day).  

To addresses the concept drift and concept evolution challenges in health diagnosis with 

evolving data streams, this paper presents a novel active learning with holding (ALH) approach 

that takes advantages of the holding process for instances that are detected as suspected instances. 

There are two types of suspected instances, namely suspected drift and suspected novel. Suspected 

drift denotes the instances that are suspected to have concept drift, whereas suspected novel refers 

to the instances that are suspected to belong to new classes or health states. The developed ALH 

approach consists of two primary steps: (i) detection of instances that are suspected of having 

concept drift or belonging to a novel concept; and (ii) adaptive determination of holding, querying 

or declaring the suspected instances. Thus, for each new coming instance, the developed ALH will 

be able to claim one of three scenarios: (i) the instance belongs to one of the existing classes, (ii) 

the instance is coming from a novel class, or (iii) the instance is unknown because of uncertainty 

between the first two scenarios. The ALH approach separates the suspected instances based on the 

likelihood of having concept drift or concept evolution, and adapts itself after every querying 

procedure based on the most recently gained information. The rest of this paper is organized as 

follows. Section 4.3 provides a brief introduction to the classification algorithms that are employed 

in this study. Section 4.4 presents the developed ALH health diagnosis approach. Section 4.5 
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presents two health diagnosis case studies using the developed ALH approach, and Section 4.6 

provides a summary of the presented work. 

4.3 A Review of Three Diagnosis Techniques 

In this session, three state-of-the-art classification techniques that are commonly used for 

health diagnosis are briefly reviewed, which will be used in Section 4.4 later for the demonstration 

of the developed ALH method. These three classification techniques are Support vector machines 

(SVM), Back-propagation neural network (BNN) and Naïve Bayes (NB), which are all based on 

supervised learning. Supervised learning methods can be trained based on the historical or existing 

instances and tested on new coming instances. K-fold cross validation is used in this study to 

evaluate the performance of each classification algorithm in the developed ALH method. In the 

following, these three classification techniques are briefly explained. 

4.3.1 Support Vector Machine 

Support vector machine (SVM) is a supervised kernel-based classification algorithm which 

is popular as a learning algorithm in health diagnostic applications. The SVM organizes the input 

data as [(X1, C1), (X2, C2), …, (XN, CN)], where Xi is an N-dimensional real vector which represents 

the N-dimensional sensory data, and Ci is the ith class label indicating the class or health state that 

the instance Xi belongs. The SVM constructs separating hyperplanes that maximize the margins of 

instances with different class labels. The concept of a two-class SVM is shown is Figure 4.1. The 

optimal separating hyperplane can be expressed as Eq. (4.1) if the two class are linearly separable. 

 ( ) 0.Tf X w X b     (4.1) 

 Vector w is known as the weight vector which is perpendicular to the hyperplane and b is 

known as bias which is the offset of the hyperplane. X represents the training instances.  
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Figure 4.1 The SVM concept on two-dimensional input space 
 

The parameter b/||w|| is used to determine the offset of the hyperplane from the origin along 

the normal vector w. The SVM uses the training data to define optimal w and b in order to 

maximize the margin. This optimizing problem can be expressed as 

 
21min || ||

2
Subject to    C ( . ) 1.i i

w

w X b 

  (4.2) 

For non-linear spaces, the optimal hyper-plane algorithms can be performed by using kernel 

functions. When a test instance arrives, its predicted health state can be determined by the SVM 

algorithm based on the side of a hyperplane that the instance lies [15]. By reducing the multiclass 

diagnostic problems to multiple binary classification problems, they can be solved by SVM 

algorithm [25]. 

4.3.2 Back-propagation Neural Network 

Artificial neural network (ANN) can be used as a supervised classification technique which 

is categorized as network-based machine learning methods. The ANN structure consists of three 

types of layers which are: input layer, hidden layers, and output layer [103, 104]. The dimensions 

X1

X2

Support 
Vectors

b w
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of the input which are sensory data determine the size of the input layer. The size of output layer 

depends on the number of health states of the diagnostic problem. The structure of the hidden 

layers is determined based on the complexity of the problem. Figure 4.2 shows the structure of 

ANN and the connection between layers through the synaptic weights with one hidden layer. The 

instances in the training set are fed to the input layer and are connected to next using synaptic 

weights and biases. ANN tries to adjust weights and biases such that the relationship between input 

and output layer is learned. The back-propagation neural network (BNN) is the most commonly 

used type of artificial neural network. In BNN, the error values are evaluated and back-propagated 

to train the hidden layers. The BNN model optimizes the synaptic weights and biases until it 

reaches the maximum number of epochs. The trained BNN model is used for any new coming 

instance to predict its class or health state. 

 

Figure 4.2 Artificial neural network structure with one hidden layer 
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4.3.3 Naïve Bayes 

The Naïve Bayes (NB) is a classification technique that works based on Bayes theorem. For 

an N-dimensional input data (x1, x2, …, xN) with y as the class variable, the Bayes theorem can be 

expressed as 

 ( | ) ( )( | )
( )

p x y p yp y x
p x

   (4.3) 

where p(y) is the class prior probability and p(x) is the predictor prior probability. 

The challenge is that estimating the p(x|y) is not tractable and involves estimation of large 

numbers of joint probabilities of features. Naïve Bayes classifier makes the estimation tractable by 

assuming independence between every pair of predictors. This assumption can be expressed as 

 
1

( | ) ( | ).
N

i
i

p x y p x y


   (4.4) 

Eq. (4.4) shows that the estimation of conditional probability is possible by only estimating each 

feature value in each class. Using the training set, the naïve Bayes calculates the Prior probabilities 

for all classes and the likelihood for all features. When a new instance arrives, the predicted class 

is the one with the highest posterior probability. 

4.4 The Active Learning with Holding Algorithm 

This section presents the developed active learning with holding (ALH) algorithm for health 

diagnosis with evolving data streams considering both concept drift and concept evolution. To 

adapt with changes in the data stream induced by potential concept drift or concept evolution, the 

querying process could be used to obtain true labels of new incoming instances and then retrain 

diagnosis algorithms by incorporating the newly labeled instances into the training data [105, 106]. 

It is an inevitable challenge for active learning algorithms to reduce the total number of queries in 
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the diagnosis process while maintaining a desirable accuracy level. To address this challenge, the 

developed ALH method consists of two primary steps: (i) detection of instances that are suspected 

of having concept drift or belonging to a novel concept; and (ii) adaptive determination of holding, 

querying or declaring the suspected instances. The developed ALH approach is detailed in the rest 

of this section, where Section 4.4.1 introduces the buffer zone that is used for the temporarily 

holding of suspected instances, Section 4.4.2 provides the methods for detection of suspected novel 

and suspected drift instances, Section 4.4.3 presents the procedure to decide about holding, 

querying, or declaring the new coming instances, and the overall procedure of ALH method is then 

summarized in Section 4.4.4. 

4.4.1 Buffer Zone for Holding Suspected Instances 

As concept drift or concept evolution could significantly reduce the accuracy of the health 

diagnosis algorithms if not being appropriately considered, it is important to first identify the 

suspected instances that could potentially come from a novel class or have drifted from an existing 

class. However, querying of true labels for all suspected instances is costly in general and on the 

other hand not necessary, as querying one suspected instance could potentially result in confident 

labeling of many other suspected instances by the diagnosis algorithms.  

In the developed ALH approach, an instance holding strategy is employed by creating a 

buffer zone where those identified suspected instances can be temporarily held in the buffer zone 

waiting for the labeling by the diagnosis algorithm or query for true labels. There are two types of 

suspected instances, namely the suspected novel and the suspected drift, which will be identified 

by the developed ALH diagnosis approach and held temporarily before the labels of these instances 

can be determined. Thus, as shown in Figure 4.3, a buffer zone consists of two separate data caches 

will be used for temporarily holding the identified instances of suspected novel or suspected drift, 
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respectively. The buffer zone is characterized with a capacity limit so that there will be no more 

holding of new instances to the buffer if the total saved instances in the buffer zone have reached 

the capacity limit. In other words, when the buffer zone does not have enough space for holding 

suspected instances, the labeling or querying procedure must be performed so that the labels for 

the suspected instances must be provided. 

 
Figure 4.3 The buffer for saving suspected instances 

 

4.4.2 Detection of Suspected Instances 

With the buffer zone available for holding the suspected instances from the data streams 

temporarily, this subsection presents the methods for the developed ALH diagnosis approach to 

identify suspected instances that could potentially have a concept drift for an existing class or 

belong to a new class due to concept evolution.  

The developed ALH diagnosis approach employs distance measures to facilitate the 

suspected instance identification process. Particularly, the Euclidian distances from a new coming 

instance to the instances that have been employed to train the diagnosis algorithm for existing 

classes are used as a decision-making metric to detect the suspected instances. Once detected, the 

suspected instances should be either held in the buffer zone or tested with querying procedure to 

obtain its true label for the identification of potential concept drift and concept evolution.  

To facilitate the identification of suspected instances, two distances measures, namely the 

outer distance and inner distance, have been defined to describe the suspected detection model 
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based on the declared data at time step t. The outer distance is the Euclidean distance from an 

instance that belongs to a certain class to the centroid of that class, whereas the inner distance 

denotes the Euclidean distance from an instance that belongs to a certain class to its closest instance 

in that class. The notations and the explanations of these two distance measures have been detailed 

in Table 4.1. Figure 4.4 illustrates the Outer distance and Inner distance of a new coming instance 

i at time step t on a 2 dimensional space. In Figure 4.4, ODt
i1 shows the Outer distance of instance 

i which is the Euclidean distance of instance i to the centroid of class 1 and IDt
i1 shows the Inner 

distance of instance i which is the Euclidean distance of instance i to the closest instance in class 

1. 

Based on the definitions of the two distance measures in Table 4.1, two key factors in the 

suspected instance identification, namely the maximum outer distance, Max_ODt
j, and the 

maximum inner distance, Max_IDt
j , can be accordingly defined as 

 _ t t
j iji

Max OD MaxOD   (4.5) 

 _ t t
j iji

Max ID Max ID   (4.6) 

These two defined distance measures will be used by the developed ALH diagnosis approach 

to determine the instances that are suspected drift or suspected novel in the following sections. 

4.4.2.1 Detection of Instances as Suspected Novel  

A novel concept in health diagnosis generally represents a new health state of the system that 

has not been previously identified, thus the data instances of which may arrive in data streams 

affecting the performance of diagnosis algorithms that have not been trained to account for the 

new health state. In general, instances from a novel concept come from a different distribution 

population as compared to the instances representing existing classes, therefore they often appear 
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Table 4.1 Distance Measures for Identification of Suspected Instances 

Notation Name Description 

ODt
ij Outer distance of instance i 

in class j at time step t 

Euclidean distance of instance i which belongs to 

class j from the centroid of class j 

IDt
ij Inner distance of instance i 

in class j at time step t 

Euclidean distance of instance i which belong to 

class j to its closest instance in class j 

 

 

Figure 4.4 The Defined Inner and Outer Distance Measures 
  

distant from existing instances. In other words, the farther a new coming instance is distant 

to existing instances from known classes, the higher likelihood it might belong to a novel class. 

Figure 4.5 illustrates the novel concept that appears at time t+1 over time a 2-dimensional data 

stream. 

Based on previously defined two distance measures, a new method for the identification of 

novel concepts in health diagnosis can be developed. Table 4.2 shows the pseudo code of a 

suspected novel instance identification method developed in this study for the AHL diagnosis 
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approach, which identifies instances as a suspected novel from incoming data truck based on the 

defined distance measures. The developed method calculates the distance from an incoming 

instance to the instances from existing classes. The outer distance and inner distance have been 

employed to decide whether a new coming instance belongs to the suspected novel.   

 

 
Figure 4.5 Appearance of novel concept by the passage of time 

 

A new coming instance is determined to be suspected novel if the following two conditions 

are met: (1) the outer distance from the new coming instance to the nearest centroid of instances 

for one existing class is beyond a given threshold, and (2) the inner distance from the new coming 

instance to the nearest instance in the existing class is beyond a given threshold. In this study, the 

two thresholds have been set to be the maximum outer distance and maximum inner distance for 

the existing class. Once a new coming instance is considered as a suspected novel, it will be held 

in the instance buffer as suspected novel if the buffer capacity limit has not been reached; otherwise 

a querying or declaring decision of the instance must be made, which will be further discussed 

later in the paper. 
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Table 4.2 Pseudo Code of Selecting Suspected Evolution Instances 

Input: Data chunk at time t 

1. For each instance i in the data chunk 

2.  c = the class at time t-1 that has the nearest centroid to i 

3.  ODt
ic  = distance between i which arrives at time t and the centroid of class c 

4.  if  ODt
ic  > Max_ODt-1

c 

5. IDt
ic = distance between instance i that arrives at time t with its nearest instance in 

the class c 

6.  if IDt
ic > Max_IDt-1

c 

7.  choose i as a suspected novel instance 

8.  end 

9.  end 

10. End 

Output: The suspected novel instances at time t 

4.4.2.2 Detection of Instances as Suspected Drift  

A concept drift in health diagnosis generally represents the change in statistical 

characteristics of the data instances for a given health state of the system due to the evolvement of 

system health conditions over time. Consequently, the concept drift could potentially degrade the 

effectiveness of health diagnosis algorithms over time due to the increasing discrepancy between 

the instances used for diagnosis system training and the drifted instances. Figure 4.6 shows the 

concept drift in 2-D data over time. It is therefore essential to identify concept drift and update 

diagnosis algorithms with up to date drifted data instances. 
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Figure 4.6 Appearance of concept drift by the passage of time 

 
Similar to the identification of suspected novel instances as discussed in Section 4.4.2.1, a new 

method for the identification of drifted concepts in health diagnosis can be developed based on 

previously defined two distance measures. Table 4.3 below shows the pseudo code of a suspected 

drift instance identification method developed in this study for the AHL diagnosis approach, which 

identifies instances as suspected drift from incoming data truck based on the defined two distance 

measures. As incoming data instances with concept drift are generally appear near the decision 

boundary, the developed suspected drift instance deification method identifies new coming 

instances as a suspected drift based on the outer distance of the new instance to the nearest centroid 

of an existing class. If the outer distance is beyond the threshold but the instance has not been 

identified as suspected novel, the new instance will then be classified as the suspected drift. By 

using the algorithm in Table 4.3, the instance with a bigger distance to the nearest centroid of an 

existing class will have a higher probability to be identified as suspected drift.  
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Table 4.3 Pseudo Code of Selecting Drift Suspected Instances 

Input: Data chunk at time t 

1. for each instance i in the data chunk 

2. if i has not been selected as evolution suspected based on the procedure in Table 4.2 

3. let c = the class at time t-1 with the nearest centroid to i 

4. ODt
ic =distance between instance i that arrives at time t and the centroid of class c 

5. if ODt
ic > Max_ODt-1

c  

6. choose i as a suspected drift instance 

7. end 

8. end  

9. end 

Output: The suspected drift instances at time t 

 

4.4.3 A Decision Protocol for Holding, Querying or Declaring Instances 

Upon successful identification of suspected instances that may belong to a novel class or 

have drifted from an existing class, it is important to make decisions on holding, querying or 

declaring the labels for the incoming data stream. In the health diagnosis with evolving data 

streams, data chunk arrives continuously at each time step, thus a systemic decision-making 

approach that enables quick holding, querying or declaring the labels decisions being made is 

needed for the developed ALH diagnosis methodology. In this session, a decision protocol for 

holding, querying or declaring the labels for streaming data instances is introduced.  

After successfully identifying the suspected instances for either suspected novel or suspected 

drift based on the identification methods as presented in Tables 4.2 and 4.3, the data instances in 

the incoming data chuck at time step t will be divided into two parts: the suspected instances and 

regular instances. For all regular instances, the labels will be declared based on the diagnosis 
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predictions using the up to date diagnosis algorithms. For the identified suspected instances, the 

following two scenarios will occur. In the first scenario, there is enough space in the buffer zone 

to hold the newly identified suspected instances, and accordingly, the suspected instances will then 

be saved in the corresponding part in the buffer zone for suspected novel and suspected drift, 

correspondingly. Under the second scenario when there is not enough space for the buffer zone to 

hold the newly identified suspected instances before it reaches its capacity limit, the querying 

procedure for suspected instances, including those held in the buffer zone from early time steps 

and those newly identified in the current time step, will be performed. When the first scenario 

occurs the querying procedure will be performed separately for each part of the buffer zone. The 

first step of querying procedure is selecting instances to be queried out of all suspected instances, 

and the second step is acquiring the true label of selected instances. The furthest first strategy is 

used to select instances which need to be queried out of suspected instances in each part of the 

buffer zone. In other words, for the suspected novel part in the buffer zone, the first instance will 

be selected randomly and then the furthest instance to the first instance will be selected as the 

second one. The third instance is the instance which has the furthest distance to the first and 

selected instance. This procedure will be continued till the stopping criterion met. The stopping 

criterion in this study is a predefined number for the continuous number of the selected instances 

do not belong to the new class and is called the Querying Stopping Criterion (QSC).  

Table 4.4 shows the pseudo code of the furthest first strategy to select the instances to be 

queried out of suspected novel instances in the buffer zone. This strategy will also be performed 

for selecting instances of the suspected drift part in the buffer zone. 
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Table 4.4 Pseudo Code of Selecting Suspected Novel Instances in Querying Procedure 

Input: Suspected novel instances 

1. S = Suspected drift instances 

2. QSC = Querying Stopping Criterion 

3. I = Randomly selected instance in S 

4. CI = True label of I 

5. q = The number of continuously selected instances which their true labels are in CI 

6. While q < QSC 

7. i = The furthest instance to I in S 

8. Ci = True label of instance i 

9. if Ci is not in CI  

10. q = 0 

11. else 

12. q = q+1 

13. end  

14. I = [I, i] 

15. end 

Output: The selected instances (I) to be asked for the true label  

 

4.4.4 Overall Procedure of ALH Method 

The overall procedure of the developed ALH approach for health diagnosis with evolving 

data streams has been shown in Figure 4.7. At each time step when the data chunk arrives the ALH 

procedure will be performed in which two major steps are involved: (i) detection of suspected 

instances; (ii) the decision protocol for holding, querying or declaring of instances. After the first 

step, the regular instances will be declared by using the diagnostic algorithm. If there is enough 

space in the buffer the suspected instances will be held in the buffer zone, otherwise, the querying 
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procedure as discussed in Section 4.4.2 will be performed and then the diagnostic algorithm will 

be retrained. 

One of the main advantages of holding instances is that the computationally expensive 

retraining of member algorithms will be carried out only when there is not enough space in buffer 

zone instead of every time steps. Also the proposed approach for selecting the suspected instances 

in querying procedure benefits requiring substantially less number of expensive data queries. 

Therefore, it can be concluded that using the developed holding procedure of instances will 

increase the efficiency. The next section discusses the diagnosis accuracy of the developed ALH 

method. 

  

Figure 4.7 Overall framework of the proposed ALH method 
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4.5 Case Studies 

As explained in Section 4.4, two parameters, the Buffer size (BS) and the Querying Stopping 

Criterion (QSC), have been used in the proposed ALH health diagnosis approach. Buffer size 

obviously affects the number of holding or querying procedure based on the decision protocol of 

holding, querying, or declaring instances. The number of selected instances for querying procedure 

will be influenced by the QSC parameter. In order to demonstrate these effects, five different 

values for BS which are [0, 50, 100, 150, 200] and five different values of QSC which are [0, 5, 

10, 15, 20] have been considered and used to perform the proposed method. 

In this section, the proposed ALH method for health diagnostics of data streams is applied to 

two case studies. In the first one, a synthetic data with three classes at time step 1 has been applied. 

The second case study is related to the power transformer fault diagnosis with four health states at 

time step 1. To investigate the effect of different member algorithms on the performance of ALH 

method, three classification algorithms which have been explained in Section 4.4, are used as the 

base classifiers in this work. A polynomial Kernel function is used to train SVM model. BNN 

structure has two hidden layers and each with three nodes. The hyperbolic tangent has been used 

as the transfer function of BNN.  

4.5.1 A Numerical Example 

In this case study, datasets have been generated for 15 time steps. The size of the data chunk 

at each time step is 300 instances.  Table 4.5 illustrates the detailed description of the generated 

data at time step 1 which is used to build and train the diagnosis algorithm. As can be seen in Table 

4.5 at the first time step the number of instances from each class are equal. 
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Table 4.5 Description of Generated Data at the First Time Step 

class attribute distribution mean Standard deviation number 

1 
1 Gaussian 3 0.3 100 

2 Gaussian 3 0.3 100 

2 
1 Gaussian 3 0.3 100 

2 Gaussian 4 0.3 100 

3 
1 Gaussian 3 0.3 100 

2 Gaussian 5 0.3 100 

 

The data are generated for each time step in a way that gradual drift and evolution occurs. 

The concept drift happens with slight changes in the mean of a Gaussian distribution that generates 

data. Two novel concepts are appeared by the passage of time. The distributions that generate these 

two novel classes are shown in Table 4.6.  The synthetic data has been generated based on Table 

4.7 to enter concept drift and novel concept to data streams. 

Table 4.6 Detailed Description of Distributions Used to Generate the Data for Novel Classes 

class attribute distribution mean Standard deviation 

4 
1 Gaussian 4 0.3 

2 Gaussian 7 0.3 

5 
1 Gaussian 2 0.3 

2 Gaussian 2 0.3 

 

Every time the buffer zone does not have enough space to hold the suspected instances, the 

classifier is retrained using the suspected instances in the buffer. Therefore, the number of 
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retraining of the classification algorithm depends on the buffer size (BS). Figure 4.8 indicates the 

number of retraining in 15 time steps for each value of BS.  

As we expected, by increasing the size of the buffer, the number of retraining of classifiers 

will be decreased. Since training procedure is computationally expensive, the less number of 

retraining is preferable. Figure 4.9 illustrates the total number of queries in 15 time steps for 

different values of QSCs and BSs. As the value of QSC increases, the total number of queries 

increases regardless of the size of the buffer. The less number of QSC with higher buffer size 

results in the least number of querying which is preferable. Performances of three selected 

classification algorithms have been investigated separately for different numbers of QSCs and BSs. 

Overall accuracies on 15 time steps for SVM, BNN, and NB have been shown respectively in 

Figure 4.10A, Figure 4.10B, and Figure 4.10C. Based on Figure 4.9 and Figure 4.10, it can be 

concluded that active learning without holding instances (when the Buffer size is zero), requires 

the highest number of queries with the least overall accuracy. Thus, it is clear from the results of 

the numerical example that active learning with the developed holding procedure outperforms the 

ones with only querying procedure.  

4.5.2 Power Transformer Health Diagnosis 

Since power transformer is one of the most expensive components high voltage systems, the 

condition-based monitoring causes significant savings in terms of maintenance costs [5]. Gaining 

direct measurements inside the power transformer is effortful, therefore the indirect data is 

collected usually for diagnosis and prognosis of the power transformer [107]. In this case study, 

the collected measurements of transformer vibration responses induced by the magnetic field 

loading have been used to detect the mechanical failures of the winding support joints inside the 

transformer. Figure 4.11 shows 12 simplified winding support joints. 
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Table 4.7 Time Steps of Concept Drift or Concept Evolution for the Numerical Example 

Time step Changes 

3 Drift 

4 Drift 

5 Drift 

9 Drift 
Novel class 4 with 12 instances 

10 Novel class 4 with 20 instances 

11 Novel class 4 with 35 instances 

12 Novel class 4 with 40 instances 
Novel class 5 with 5 instances 

13 
Drift 

Novel class 4 with 40 instances 
Novel class 5 with 15 instances 

14 Novel class 4 with 45 instances 
Novel class 5 with 20 instances 

15 Novel class 4 with 45 instances 
Novel class 5 with 30 instances 
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Figure 4.8 Number of retraining based on different buffer sizes 

 

Figure 4.9 Total number of queries plot of the numerical example 
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Figure 4.10 Overall accuracies of (A) SVM, (B) BNN, and (C) NB for the numerical example 



96 
 

 

 

(4.11.A) Power Transform Model and the Winding Support Joints 

 

(4.11.B) Stress of Power Transformer Joints due to Vibration  

Figure 4.11 The Power Transform Winding Support Joints Health Diagnosis [5] 
 

1            2             3              4               5           6 

7            8             9              10            11        12 
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Detection of the failures modes requires the collection of vibration signals with a fixed 

frequency on the power transformer core. Table 4.8 demonstrates the nine health states in this case 

study with different combinations of 12 winding joints failures. HS 1 is the health state without 

any failure. HS 2 to HS 9 are health states with one or two loosening joints. 

Table 4.8 Health States Definitions Based on the Loosening Joints 

Health State 1 2 3 4 5 6 7 8 9 

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

200 sample were generated and simulated for each health state. 9 sensors have been placed on the 

external wall to collect the data as can be seen in Figure 4.12. These instances have been used in 

15 time steps in order to be employed for data streams with concept drift and concept evolution.  

 

Figure 4.12 Sensor Placement on the Covering Wall of the Power Transformer [5] 
 

The size of data chunk at each time step is 100 instances. At first time step, an equal number 

of instances from the first four health states are used to build and train the classification algorithm. 

Over 15 time-steps, concept evolution and concept drift are provided in power transformer dataset 

as can be seen in Table 4.9. Evolution happens when new coming instances from novel health 
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states arrive and drifting is generated for each health state by entering the instances which belong 

to the corresponding health state but further to the centroid than existing instances.  

Figure 4.13 shows the numbers of retraining of the model based on the ALH approach with 

different BSs. As can be seen in Figure 4.13, when there is no buffer or the BS is zero, by any 

detection of concept drift or concept evolution, the learner model requires to use the true label of 

the suspected instances to adapt and that results in a higher computational cost for the engineered 

system. The total number of queries for different numbers of QSCs and BSs are shown in Figure 

4.14. As shown in Figure 4.14, the less total number of queries is achieved when the QSC takes 

its minimum value and BS takes its maximum value. 

Figure 4.15 illustrates the performance of different classification algorithms under different 

QSCs and BSc values in terms of accuracy. The overall accuracy is increased as the BS becomes 

larger. When the BS is zero, the procedure is transformed into active learning without holding 

technique. The results demonstrate that the ALH method outperforms the active learning methods 

without holding in terms of the cost of querying and the overall accuracy.  

4.6 Conclusion 

A novel active learning with holding (ALH) approach for health diagnostics with evolving 

data streams has been presented in this paper, which addresses two major challenges, namely the 

concept drift and concept evolution. The developed ALH approach involves two primary steps: (i) 

detection of instances which are suspected to have concept drift or belong to a novel concept (ii) 

systemic decision-making approach that enables quick holding, querying or declaring the labels of 

suspected instances. Based on the likelihood of suspected instances to have drift or concept 

evolution, they will be identified as suspected drift or suspected novel instances. The diagnosis 

algorithm adapts itself after querying procedure by using the most recently gained information 
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about the true label of suspected instances. Therefore, less number of expensive data queries will 

be required for health diagnosis. The developed ALH approach is demonstrated with a numerical 

example and power transformer health diagnostics. The results indicate that the proposed ALH 

approach provides more effective and accurate way than existing techniques to consciously 

monitor the health conditions of with evolving data streams acquired from a dynamic operating 

environment of an engineering system. 

 

Table 4.9 Time Steps of Concept Drift or Concept Evolution for the Power Transformer 

Time step Changes 

2 Drift 

3 
Drift 

Novel HS 5 with 20 instances 

4 
Drift 

Novel HS 6 with 30 instances 

6 

Drift 

Novel HS 7 with 15 instances  

Novel HS 8 with 5 instances 

10 Drift 

12 
Drift 

Novel HS 9 with 50 instances 

13 Drift 
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Figure 4.13 Number of retraining based on different buffer sizes 
 

 

Figure 4.14 Total number of queries plot of the numerical example 
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Figure 4.15 Overall accuracies of (A) SVM, (B) BNN, and (C) NB for the numerical example 
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CHAPTER 5 

 CLASSIFICATION FUSION OF MULTI-CLASS IMBALANCED PROBLEMS USING 
THE DEVELOPED ADJUSTED GEOMETRIC-MEAN 

 

5.1 Abstract 

In many real-world engineering case studies, training datasets suffer from an imbalanced 

class distribution. As a result of that, the classifiers tend to be overwhelmed by the majority class 

and ignore the minority class. This paper presents a classification approach which fuses different 

imbalanced classification methods to form a robust and accurate multi-class imbalanced 

classification model. The proposed approach consists of three primary steps: (i) fusion formulation 

using k-fold cross-validation model; (ii) diagnostics with multiple imbalanced classification 

methods as member algorithms; (iii) classification fusion using the developed Geometric-mean 

weighting scheme. Oversampling and undersampling as two resampling methods have been used 

to preprocess the imbalanced dataset. A numerical example and the power transformer health 

diagnostics have been employed in this paper as imbalanced multi-class problems to demonstrate 

the effectiveness of the developed fusion approach.  The diagnostic results from the proposed 

approach outperform any stand-alone member algorithm and the traditional fusion method using 

weighted majority voting in terms of accuracy and robustness.  

5.2 Introduction 

Effective health diagnostics and prognostics improve engineered system safety and 

reliability. Accurate diagnosis of health states (HSs) of engineered systems utilizing the data 

acquired by smart sensors can be used to make critical operation and maintenance decisions [5]. 

Condition monitoring using supervised machine learning techniques has been successfully applied 
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to many engineering systems [17]. Some of these machine learning techniques include back-

propagation neural networks (BNNs), naïve Bayes (NB), and decision trees (DTs) which 

respectively belongs to function-based classifiers, Bayesian classifiers, and tree-model techniques 

[15, 48, 107]. Due to complicated characteristics in different applications, it is generally not 

possible to find a classification technique that works well on all applications [15]. Therefore, the 

idea of ensemble or fusion classification has been raised in recent years [15, 108-110]. Fusion 

classification has been used to form a diagnosis model that works better than any single algorithm 

in terms of accuracy and robustness. Wang et al. [15] employed a fusion classification method 

using the weighted majority voting.  In some real-world case studies, balanced training datasets 

are not available. It happens when some HSs are insufficiently represented. In imbalanced 

engineering datasets, the number of instances per HS is not equitably distributed. The imbalanced 

datasets pose challenges for typical classifiers such as neural networks or decision tree that are 

designed to be trained without taking into account the relative distribution of each HS [107]. 

Therefore, these classifiers tend to be overwhelmed by the HSs with higher number of instances 

(majority HSs). Researchers have used data resampling techniques such as oversampling, and 

undersampling in order to preprocess data and allow classifiers to perform in almost the same 

manner to the classification of balanced datasets [111-116]. Random undersampling has been used 

in the literature to create a subset of the original dataset by randomly removing instances of HSs 

that have a high number of examples [112]. The major drawback of random undersampling is that 

it can remove the potentially informative data and that affect the classification results. In Random 

oversampling, a superset of original data is constructed by randomly replicating instances of the 

HSs with a small number of instances (minority HSs) [115]. Random oversampling can increase 

the likelihood of facing with overfitting since it replicates the exact existing instances [117]. In 
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order to overcome this issue, “Synthetic Minority Oversampling Technique” (SMOTE) has been 

introduced and become one of the most applicable oversampling techniques in this area [118]. Its 

main idea is to build new instances which belong to minority HS by interpolating several minority 

HS instances that lie together. 

Classification performance evaluation is the key to have an effective data mining. The use of 

overall accuracy as an evaluation technique that is mostly used for classification of balanced 

datasets has been criticized to be used for classification evaluation of imbalanced datasets in the 

literature [115, 119-121]. The overall accuracy which is the proportion of correctly predicted 

examples of the model tells very little about the performance of classifiers on majority class in 

imbalanced datasets [122].  There are some evaluation measures relevant to imbalanced data 

mining such as F-measure (Fm), Geometric-mean (Gm), and Area Under the Receiver Operating 

Characteristic Curve (AUC-ROC) [107, 123, 124]. However, there is no agreement over which 

measure is more suitable for multi-class imbalanced classification problems [119]. Batuwita et al. 

[125] have shown that none of these existing performance measures could still be able to evaluate 

the classifiers properly in some type of real-world problems. They proposed a new performance 

measure called “Adjusted Geometric-mean (AGm)” which can overcome the limitations of Fm 

and Gm, and AUC-ROC. 

Due to diversified learning ability of the imbalanced classification method and classifiers, 

there is no single algorithm that works well on all applications [1, 15]. In order to have an effective 

fusion algorithm, there is a critical need to use a proper evaluation technique. This paper presents 

a fusion classification approach to form a robust and accurate model for health diagnosis of 

imbalanced datasets. The developed approach includes three primary steps: (i) fusion formulation 

using k-fold cross-validation model; (ii) diagnostics with multiple imbalanced classification 
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methods as member algorithms; (iii) classification fusion using the developed Geometric-mean 

weighting scheme. The rest of the paper is organized as follows. Section 5.3 discusses the 

imbalanced classification performance measures. Section 5.4 presents the fusion classification 

algorithm for imbalanced datasets. Experimental results are reported and discussed in Section 5.5, 

while Section 5.6 concludes the paper. 

5.3 Imbalanced Classification Performance Measures 

Fusion health diagnosis of engineered systems, use the training instances to determine which 

predictive model or models should be employed for new classification of new coming instances. 

Therefore, the performance measure plays a vital role in selecting the classification models. The 

overall accuracy has been used as a performance measure for balanced datasets where instances 

from all HSs are equitably available. This measure cannot work well for imbalanced datasets where 

there are not enough instances available from one or some HSs in training set. For examples, if we 

have an imbalanced dataset with 80, 25, and 10 instances from HS 1, HS 2, and HS 3 respectively, 

a classification model that recognizes all instances as HS 1 would still have 69.6% overall 

accuracy. Therefore, overall accuracy is not able to reflect the performance of classification model 

on minority HS or HSs. In order to overcome this problem, Gm, Fm, and AUC-ROC have been 

introduced to be used as evaluation metrics on imbalanced datasets. Batuwita et al. [125] 

introduced AGm measure to overcome the drawbacks of Gm, Fm, and AUC-ROC. These existing 

performance measure for multi-class imbalanced problems are discussed in Section 5.4.1 and the 

Developed Adjusted Geometric-mean (DAGm) is presented in Section 5.4.2. 

5.4 Existing Performance Measures 

In this section, the existing performance measures that have been used for multi-class 

imbalanced problems and their limitations are overviewed. 
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5.4.1 Geometric-mean 

Geometric mean has been introduced to overcome the drawback of overall accuracy measure 

[119]. The overall Geometric mean on all HSs is defined as : 

 1/
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     (5.1) 

where S is the number of HSs and M is the total number of member algorithms , Ci,j is the number 

of correctly predicted instances of ith HS by jth member algorithm, and   Unlike overall accuracy 

measure, if a classifier could not recognize any of instances from minority HS, the Gm would be 

zero and therefore reflects the poor performance of the classifier on minority HS. 

However, Gm has its own drawback because of the symmetrical distribution of Gm over the 

number of corrected instances of all HSs. For example, consider the results of classification for a 

classifier without resampling process are C1/N1=97.5%, C2/N2=60%, and C3/N3=50% where 

N1=80, N2=25, and N3=20. In this case, Gm would be 66.38%. Table 5.1, shows the Gm of two 

different imbalanced learning methods (e.g. resampling methods) that are used to improve the 

classification performance. 

As can be seen in Table 5.1, the Gm for two models are the same, but the correct prediction 

rates are different on HS 1 and HS 3. Model 1 has increased the C3/N3 by 10% while the reduction 

in C1/N1 is 7.5%. In model 2, the increase in C3/N3 is 40% with the reduction of 27.5% in C1/N1. 

Two goals can be defined for classification of the imbalanced dataset by using imbalanced learning 

models: 

Goal 1: To increase the correct prediction of the minority class by keeping the reduction of the 

correct prediction of the majority class as low as possible.  
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Goal 2: To increase the correct prediction of the minority class as high as possible.  

Table 5.1 Geometric-mean of Two Different Imbalanced Classification Models 
Imbalance learning 

model 

C1/N1 C2/N2 C3/N3 Gm 

1 90% 80% 70% 79.6% 

2 70% 80% 90% 79.6% 

 

The example in Table 5.1 demonstrates that Gm is not able to recognize the better classifier 

based on Goal 1 and Goal 2 because the Gm of the two models is the same. Based on Goal 1, 

Model 1 performs better than Model 2 because the reduction of the correct prediction of majority 

HS (HS1) in Model 2 is higher than Model 1. Since the increase of correct prediction of minority 

HS (HS 3) in Model 2 is higher than Model 1, it can be concluded that Model 2 outperforms Model 

1 based on Goal 2. 

5.4.2 F-measure (Fm) 

F- measure as another imbalanced learning performance measure has been used in the literature 

[122]. Fm can be defined as: 
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where S is the number of HSs and M is the total number of member algorithms , Ci,j is the number 

of correctly predicted instances of ith HS by jth member algorithm, Wi,j is the number of wrongly 

predicted instances as ith HS by mth member algorithm, and Ni is the total number of instances 

which belong to ith HS. Fm also has its own drawbacks. For example, consider the results of a 

classifier without any resampling process for an imbalanced dataset with three HSs are as follows: 
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C1=78, N1=80, W1=8, C2=15, N2= 25, W2=7, C3=5, N3=10, and W2=2. In this case, the Fm would 

be 72.2%. Table 5.2 shows the Fm of the two different imbalanced learning models (e.g. 

resampling methods) that are used to improve the classification performance. 

Table 5.2 Fm of Two Different Imbalanced Classification Models 
Imbalance 

learning model 

C1 N1 W1 C2 N2 W2 C3 N3 W3 Fm 

1 72 80 4 20 25 11 7 10 1 0.80 

2 66 80 4 20 25 11 9 10 5 0.78 

 

As can be seen in Table 5.2, Fm for Model 2 is lower than Fm for Model 1. It means that 

based on Fm, Model 1 performs better than Model 2. Based on the above definition of Goal 1, 

Model 1 outperforms Model 2 because the reduction in Majority class (HS 1) of Model 2 is higher 

than Model 1. But Model 2 has better performance based on the Goal 2. The increase in a number 

of correctly predicted instances of HS 3 which is a minority class in this example is higher in 

Model 2 in comparison with Model 1. If we compare Model 1 and Model 2, it can be seen that 

Model 2 has predicted correctly 6 instances of HS 1 less than Model 2, but it could correctly 

classify 2 more instances of HS 3. It can be seen that Fm is not able to determine better 

classification algorithms based on each goal. 

5.4.3 AUC-ROC Measure 

The Receiver Operator Characteristics (ROC) curve is another performance measure which 

has been used for imbalanced classification problems. In multi-class problems, for each HS, ROC 

plots the variation of the proportion of the instances which are correctly identified and belong to 

the corresponding HS against the proportion of the instances which are correctly identified and 
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belong to other HSs. The area under the ROC curve is a numerical measure between zero and one 

which is used to compare the performance of different classification models. The drawback of 

AUC-ROC measure is that it weights the changes in both the number of correctly predicted of 

instances which belong to the corresponding HS and other HSs equally. This potentially can lead 

to the selection of sub-optimal models like Gm measure. 

Consider the two ROC curves given in Figure 5.1 which represents the performance of two 

imbalanced classification models for a specific HS. 

 

Figure 5.1 ROC curves of two different models on a particular HS. 
Based on Fig 1, it can be calculated that the AUC-ROC for both models is 0.92. Now suppose 

that by selecting the decision threshold corresponding to correct predicted rate on corresponding 

HS to 90% we want to select a model for the classification problem. Based on Figure 5.1, it is 

observable that if we set the correct prediction rate for corresponding HS to 90%, Model 1 will 

have 60% correct prediction rate for other HSs and Model 2 will have 82.5% correct prediction 

rate for the corresponding HS. However, based on the AUC-ROC measure both models perform 

the same. This example shows how inadequate AUC-ROC measure could be in some cases for 

evaluating imbalanced classification models. 
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5.4.4 Adjusted Geometric-mean (AGm) 

Batuwita et al. [125] have introduced Adjusted Geometric-mean (AGm) measure to overcome 

the limitations of Gm, Fm, and AUC-ROC. They discussed how sensitive Fm is to changes in the 

proportion of correct prediction for majority instances, and how insensitive Gm and AUC-ROC 

are to these changes. They adjusted Gm to be more sensitive to changes in the proportion of correct 

prediction for majority instances. They defined AGm for binary class problems. In this paper, it 

has been modified to be used for fusion classification of multi-class problems. Therefore, a new 

definition of Gm has been introduced to evaluate the performance of each classifier on each HS. 

Eq. (5.3) shows the new definition of Gm. 
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In Eq. (5.3), Gmi,j represents the Gm measure for ith classifier on jth HS where M is the total 

number of member algorithms and S is the total number of HSs. Based on this definition the 

modified version of AGm for multi-class problems can be defined as follows: 
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  (5.4) 

where ni is the proportion of instances in the dataset which does not belong to ith HS to the total 

number of instances. AGm measure is more sensitive to the changes of correctly predicted 

instances which belong to other HSs, and this sensitiveness depends on the ni. AGm has been 

defined based on Goal 1 definition and works well as can be seen in [125] when the goal is to 

increase the correctly predicted instances of the minority HS at the expense of as low decrease as 

possible in the correctly predicted instances of the majority HS. 
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5.4.5 Developed Adjusted Geometric-mean (DAGm) 

As discussed in Section 2.1.4, the AGm can be used only for the application which has the 

Goal 1 as their objective. The Developed Adjusted Geometric-mean (DAGm) has been defined 

initially in a similar way to AGm to make it applicable also for problems with Goal 2 as their 

objective: 
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where Gmi,j is given in Eq. (5.3), and pi is the proportions of instances in the dataset which 

belong to ith HS to the total number of instances. Therefore, the sum of ni and pi is equal to one. 

In order to standardize the DAGm measure, minimum, maximum, and the range of DAGm*
i,j 

needs to be calculated. The minimum value occurs when the number of correctly predicted 

instances are zero for all HSs. The maximum value is when all instances are predicted correctly. 

Eq. (5.6) shows the standardized DAGm*
i,j. 
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The final version of DAGmi is shown in Eq. (5.7). 
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The parameter α is related to the goal of imbalanced classification. For imbalanced problems 

that the goal of imbalanced learning is Goal 1, α is 1 and the DAGm performs like AGm. In this 

case, Gm has been adjusted in a way to be more sensitive to the changes in correctly predicted 

instances of other HSs. In problems with Goal 2 objectives, α is set to 0 to adjust Gm in a way to 

be more sensitive to the changes in correctly predicted instances of the corresponding HS. based 

on Eq. (5.7), DAGmi can be defined as: 
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  (5.8) 

  

The overall DAGm measure for jth classification model would be the average of DAGmi,j on 

all HSs. In order to investigate the results of imbalanced learning models, Model 1 and Model 2 in 

Table 5.2 have been considered and DAGm has been employed to evaluate these models in Table 

5.3. Based on Table 5.3, it can be observed that when the objective of imbalanced learning is Goal 

1, α is set to one and Model 1 outperforms Model 2 by using the DAGm. When the objective of 

classification is Goal 2, α is zero and it can be seen that Model 2 performs better than Model 1. 
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Table 5.3 Results Based on DAGm Measure for Model 1 and Model 2 in Table 5.2 
Health state Model 1 Model 2 Model 1 Model 2 

DAGm (α=1) DAGm (α=1) DAGm (α=0) DAGm (α=0) 

HS 1 81.88% 82.72% 86.06% 82.61% 

HS 2 85.55% 82.39% 83.12% 81.36% 

HS 3 82.76% 83.97% 77.65% 86.19% 

Overall 83.39% 83.03% 82.27% 83.38% 

 

It can be concluded that when α is set to one, DAGm for each HS measures the power of 

classifier on the correct prediction rate of other HSs, and when α is set to zero, DAGm for each 

HS measures the power of classifier on the correct prediction rate of the corresponding HS. Next 

section discusses the use of DAGm measure in weighted majority voting fusion classification. 

5.5 Fusion Classification Algorithm for Imbalanced Datasets 

Despite successful applications of various supervised machine learning methods for health 

diagnostics of an engineered system, the main question that which type of learner should be used 

for each application, leaded researchers to develop fusion algorithm in order to make a diverse 

pool of classifiers and improve the accuracy and robustness of diagnosis. Weighted majority voting 

as a popular and easy to implement fusion algorithm has been successfully used for health 

diagnosis where balanced training sets are available. Weighted majority voting uses accuracy as 

the performance measure and calculates the weights of classifiers in the pool based on their 

accuracy on the training set. The fusion using weighted majority voting can be used to label the 

new coming instances in the test set. The story is different for imbalanced dataset where the 
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number of instances for each HS are not equitably distributed in training set. As discussed in 

Section 5.3, accuracy is not a proper measure on the imbalanced dataset, and this causes that 

weighted majority voting based on accuracy become a non-trustable fusion algorithm for 

imbalanced problems. The main contribution of this paper lies on the idea of using the Developed 

Adjusted G-mean measure instead of accuracy to determine the weights of classifiers on each HS 

in the fusion classification. In section 5.4.1 three various type of classifiers will briefly introduce. 

Two types of resampling methods as preprocessed methods for imbalanced datasets are explained 

in Section 5.4.2. Section 5.4.3 details the weighted majority voting based on DAGm. The overall 

procedure of the developed classification fusion approach is described in Section 5.4.4. 

5.5.1 Member Algorithms for Fusion Classification 

In this section, three different type of state-of-the-art classification techniques that are used 

in this study are briefly overviewed.  These classifiers have been used as member algorithms of 

the proposed imbalanced fusion classification. 

5.5.1.1 Naïve Bayes 

Naïve Bayes (NB) is a kind of classifier based on Bayes theorem [126]. Assume 

x=(x1,x2,…xn) to be the feature vector and yi, i=(1, 2, …, S) be the ith class variable where S is the 

Total number of classes. Based on Bayes theorem the probability that a given instance belongs to 

each class can be computed based on Eq. (5.9). 

 ( | ) ( )( | ) 1,2,...,
( )
i i
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p x y p yp y x i S

p x
    (5.9) 

In Eq. (5.9), p(yi) is the prior distribution of classes that can be estimated by computing the 

proportion of class yi in the training set, and p(x) is the normalizing factor. Since the P(yi|x) which 

is posterior probability is calculated and compared for different classes on the same instance, p(x) 
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can be ignored. The challenge here is that the computation of p(x|yi) is not tractable. The 

assumption in naive Bayes which the name naïve comes from that is the independence of n features 

given the class label. By this assumption, the likelihood can be expressed as 
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    (5.10) 

This assumption makes the estimation tractable because the calculation of joint probabilities 

is avoided and it is only needed to estimate each feature value in each class. 

In the training stage, the p(yi) for i=1, 2, …, S and P(xj|yi) for j=1, 2, …, n and i=1, 2, …, S are 

estimated by Naïve Bayes classifier.  In the test stage, the HS of the new coming instances will be 

predicted as yi if yi leads to the largest value of Eq. (5.11) for i=1, 2, …, S. 
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5.5.1.2 K-nearest Neighbors 

The K-nearest neighbors (KNN) method is a type of instance-based learning which is widely 

used in classification problems and simply stores instances of training data. The principle behind 

nearest neighbor methods is to assign the label for new coming instances based on the predefined 

number of training instances that find closest in distance to the new point. This predefined number 

can be determined by the user or vary based on the local density of points (radius-based neighbor 

learning). In problems that data is not uniformly sampled, radius-based can be a better option to 

choose. Another parameter is the distance function which can be any metric measure. The 

Euclidean distance is the most common choice. When a new coming instance arrives, the majority 

voting of K nearest training instances determines its predicted class by KNN. Despite the 
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simplicity of KNN, it has been successful in a large number of classification applications especially 

where the decision boundary is very irregular [127]. 

5.5.1.3 Decision Tree 

Decision tree uses a tree-like graph or model of decisions for data mining and health 

diagnosis. Decision tree which is a type of supervised machine learning methods split the data 

according to a certain parameter uses the features of instances to predict their true class labels. A 

decision tree is a tree in which leaves represent class labels and branches represent conjunctions 

of features which results in class labels. It performs a set of recursive actions before making the 

final decision about the true label of each instance. This recursive splitting procedure described 

above works its way down the tree using the training instances. The process will be stopped when 

splitting does not add value to the predictions. The main question is how to select feature to test at 

each node in the tree. In order to select the feature that is most useful for classifying instances, a 

good quantitative measure is needed. Gini impurity and information gain are two popular metrics 

for measuring the best feature which has been explained more in [128]. 

5.5.2 Resampling Methods 

Resampling methods have been used to deal with class-imbalance problems. The purpose of 

using these methods as preprocessed methods of classification is to increase the performance of 

classifiers by providing a balanced training set. Undersampling and oversampling are two simple 

but well-known resampling methods.  

In random undersampling, the instances of majority class will be selected randomly and 

removed from training process. This removing procedure will be continued till majority and 

minority class has the same number of instances. In multi-class problems, The HS with the lowest 

number of instances is considered as the minority HS and the other HS lose their instances 

https://en.wikipedia.org/wiki/Diagram
https://en.wikipedia.org/wiki/Causal_model
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randomly till reaching the same size of the minority HS.  The main drawback of this method is 

that some informative instances might be removed during the undersampling procedure and this 

may affect the performance of classification. 

Random oversampling is another approach of resampling imbalanced datasets. In random 

oversampling, the instances of minority HS will be selected randomly and replicated to make the 

size of minority HS larger. This process will be continued till the size of minority and majority HS 

are equal. In multi-class problems, this procedure will be performed for all HSs in a way that all 

HSs have the same size as the largest one. Random oversampling increases the likelihood of facing 

with overfitting because of replication of exact existing instances. In order to overcome this 

problem, SMOTE has been introduced. In this method, the minority class is oversampled by 

creating synthetic instances rather than by random oversampling. The new minority instances are 

introduced synthetic instances along the line segments joining any/all of the k minority HS nearest 

neighbors. It has been explained more in [118]. Despite the successful use of SMOTE for 

classification of imbalanced datasets, it has a drawback that it synthetically generates instances 

that do not originally belong to the training set. 

It is not clear that which resampling method can produce better classification results since 

each has its own drawbacks. The main idea of resampling method in this paper is to use both 

random undersampling and SMOTE as two resampling methods for classification and by using 

fusion algorithm not only find out which method performs better but also achieve higher accuracy 

than each of them on the test set. 

5.5.3 Weighted Majority Voting based on the Developed Adjusted G-Mean 

In this study, the above-mentioned three classification algorithms and two resampling 

methods have been put together and made a combination of six classification methods. The 
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classification results on training set have been employed to assign weight to each method and use 

them based on the weighted majority voting to decide about the label of the new coming instance. 

The weights on weighted majority voting in most cases have been calculated based on the 

performance of classifiers on the training set in terms of accuracy. In imbalanced problems which 

have been addressed in this study, the accuracy as was explained in Section 2 is not a proper 

criterion to measure the performance of classifiers. As discussed in Section 2, the Developed 

Adjusted G-mean when α is zero (DAGm0) on each HS can demonstrate the power of 

classification on the number of correct predicted instances of the corresponding HS. Therefore, 

DAGm0 is used in this paper as the classification performance measure for imbalanced datasets. 

Actually, the weights of classification methods have been determined based on DAGm0 metric. 

As can be seen in Eq. (5.8), for each classifier, DAGm0 (DAGm when α is equal to zero) has been 

defined on each HS.  The weights of each classifier on each HS can be achieved by normalizing 

the DAGm0 measures using Eq. (5.12). 
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5.5.4 Overall Procedure of Developed Classification Fusion Approach 

Figure 5.2 graphically summarizes the overall procedure of the developed classification 

fusion approach. This approach is composed of the offline process which is used to measure the 

performance of each classification method and assign weights to them based on DAGm0 metric, 

and online process where the results of all classification methods are combined to form more 

accurate and robust classification results. 
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Table 5.4 Pseudo-Code for Determining DAGm0 Weights of Classifiers Using the Training Set 

Input: Classification methods, [C1, C2, …, CM]; list of target HSs: [HS1, HS2, …, HSS] 

            Training classification results using k-fold cross valuation 

for i = 1 to M 

     for j = 1 to S 

          DAGm0 of Ci for HSj= DAGm0i,j        % using Eq. (5.8) 

     end 

     Weight of Ci for HSj = Wi,j           % using Eq. (5.12) 

end 

Output: Weight matrix 

 
 

 

Figure 5.2 Flowchart of the procedure of the developed classification fusion approach 
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Since only the offline process is computationally expensive and the online procedure only 

requires a few computational efforts, the classification fusion approach raises an ignorable 

computational complexity in engineered systems. The more important issue in the classification 

of especially imbalanced datasets is the accuracy of classification and health diagnosis because a 

catastrophic failure could cause more economic losses than the increased computational costs. 

Therefore, where classification fusion can increase the accuracy of diagnosis on new coming 

instances in comparison with all member algorithms, the use of fusion approach seems reasonable. 

5.1 Case studies 

Two case studies have been employed in this study to demonstrate the effectiveness of the 

proposed approach. The first case study is a numerical example with 3 classes and the second one 

is related to the diagnosis of power transformer with 9 health states. In both cases, the training set 

is imbalanced. Two resampling methods which explained in Section 3.2 have been employed to 

preprocess data, and three different classification algorithms that have been explained in Section 

3.1 are used as member classifiers. The network architectures of each classifier are as follows. NB 

uses Gaussian distribution for numeric attributes. Euclidean distance is used as the nearest 

neighbor search algorithm in KNN. DT fits a binary classification tree for multiclass classification. 

5.1.1 A Numerical Example 

In this numerical example, a dataset with 300 instances and 3 attributes from 3 classes with 

different Gaussian distributions has been generated in a way that all classes have equal sizes. The 

instances of first class belong to the Gaussian distribution with means 0, 2, and 3 for the first, 

second, and third attributes respectively. The instances of the second class have Gaussian 

distribution with means 0, 3, and 2 for the first, second, and third attributes respectively. Means of 

the Gaussian distribution of the third class are 1, 2, and 2 for the first, second, and third attributes 
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respectively. The standard deviations of all distributions are 0.4. Table 5.5 shows the distribution 

and parameters that have been used to generate the data for each class synthetically. 

In this study, three different imbalanced training datasets have been built by randomly 

selected instances of different classes from the whole 300 instances based on Table 5.6. The 

selected number of instances from each class in each dataset makes it possible that each class will 

be exactly used once as the majority class and once as the minority class. In Dataset 1, Class 1 is 

the majority class and Class 3 is the minority class. In Dataset 2, Class 1 is the minority class and 

Class 2 is the majority class. In Dataset 3, Class 2 is the minority class and Class 3 is the majority 

class. 

Each dataset is used as an imbalanced classification problem in the fusion formulation 

process. 5-fold cross validation is developed with each dataset. For the cross validation process, 

each dataset which has 180 instances is randomly divided into 5 subsets with 36 instances each. 

Each subset is used four times as training and once for validation. The six classification 

methods using the two resampling methods (undersampling, and SMOTE) and three classifiers 

(NB, KNN, and DT) with 5 sets of training and validation instances are developed to classify 

different classes of each dataset. Each classification method is trained using the training subset and 

is validated using the validation subset. The DAGm0 for each member classification model on 

each class is determined based on Eq. (5.8). The DAGm0 weight for each member algorithm on 

each dataset is achieved using Eq. (5.12) as listed in Table 5.7. 

As shown in Table 5.6, there is no single algorithm that works best on all 3 classes based 

on DAGm0 measure. In Dataset 1, undersampling NB works best on Class 1 and Class 3, while in 

Dataset 2, SMOTE DT works best on Class 1 and Class 3, and in Dataset 3, Under DT and SMOTE 
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NB works best on Class 1 and Class 3 respectively based on DAGm0 measure. In Dataset 1, 

SMOTE NB has the highest DAGm0 measure on Class 2. In Dataset 2, Under NB and in Dataset 

3, SMOTE NB have the best performance based on DAGm0. Therefore, it can be concluded that 

the performance of classifiers also is related to the number of instances from each class in the 

imbalanced problem. 

Table 5.5 Statistical Properties of the Distributions Used for Generating Synthetic Data 

Class Attribute Distribution Mean S.d. 

1 1 Gaussian 0 0.4 

2 Gaussian 2 0.4 

3 Gaussian 3 0.4 

2 1 Gaussian 0 0.4 

2 Gaussian 3 0.4 

3 Gaussian 2 0.4 

3 1 Gaussian 1 0.4 

2 Gaussian 2 0.4 

3 Gaussian 2 0.4 

 

The next step of the proposed approach is the proposed fusion approach using weighted majority 

voting by DAGm0 metric for the test set. The whole dataset is divided into equal training and 

test datasets. The imbalanced training dataset is generated the same as Table 5.6.  The 
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classification models are trained using the training dataset and the performance of the trained 

model is validated with the test set. For each dataset in the last step, the classification results 

from all classification methods are combined using the WMV based on the DAGm0 measure. 

In Table5. 8, for each dataset, the classification fusion approach is compared with individual 

member algorithms and the traditional WMV fusion method in which the weights are assigned 

based on the accuracy of each member algorithm on each HS. 

Table 5.6 Different Generated Imbalanced Datasets 

Dataset 
Number of instances 

Class 1 Class 2 Class 3 

1 100 60 20 

2 20 100 60 

3 60 20 100 

 

Table 5.7 DAGm0 Weights of Each Classification Method on Each Class  

Classification 

method 

Dataset 1  Dataset 2  Dataset 3 

Class 1 Class 2 Class 3  Class 1 Class 2 Class 3  Class 1 Class 2 Class 3 

SMOTE NB 0.1748 0.1759 0.1722  0.1724 0.1723 0.1659  0.1649 0.1709 0.1736 

SMOTE KNN 0.1563 0.1556 0.1596  0.1398 0.1641 0.1597  0.1621 0.1646 0.1542 

SMOTE DT 0.1700 0.1677 0.1700  0.1809 0.1658 0.1708  0.1691 0.1635 0.1643 

Under NB 0.1784 0.1743 0.1744  0.1747 0.1749 0.1674  0.1687 0.1703 0.1719 

Under KNN 0.1467 0.1665 0.1561  0.1623 0.1642 0.1663  0.1655 0.1661 0.1641 

Under DT 0.1738 0.1600 0.1678  0.1698 0.1587 0.1699  0.1697 0.1647 0.1719 
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Table 5.8 Accuracy Results on Test Set 

Classification 

method 

Dataset 1 as training set  Dataset 2 as training set  Dataset 3 as training set 

Class 1 Class 2 Class 3  Class 1 Class 2 Class 3  Class 1 Class 2 Class 3 

SMOTE NB 0.78 0.97 0.83  0.79 0.85 0.86  0.82 0.93 0.85 

SMOTE KNN 0.69 0.85 0.72  0.53 0.83 0.85  0.80 0.82 0.78 

SMOTE DT 0.76 0.92 0.81  0.86 0.80 0.89  0.80 0.80 0.86 

Under NB 0.82 0.95 0.85  0.81 0.87 0.86  0.80 0.91 0.73 

Under KNN 0.63 0.93 0.70  0.73 0.80 0.86  0.80 0.82 0.68 

Under DT 0.80 0.86 0.78  0.79 0.73 0.92  0.80 0.77 0.77 

WMV using 

accuracy 

0.78 0.93 0.83  0.82 0.87 0.89  0.83 0.91 0.85 

WMV using 

DAGm0 

0.82 0.97 0.85  0.89 0.87 0.92  0.83 0.93 0.86 

 

The classification results of member algorithms in Table 5.8 show that in Dataset 1, 

Undersampling NB provides a more accurate outcome for Class 1 compared to other member 

algorithms with a classification accuracy of 82%. Similarly, SMOTE NB performs better than 

other member algorithms on Class 2 of Dataset 1 with a classification accuracy of 97%. 

Undersampling NB outperforms other classification algorithms on Class 3 of Dataset 1. As can be 

seen, SMOTE DT performs better than other classifiers on Class 1 and Class 3 of Dataset 2. 

Undersampling NB provided a better classification accuracy on Class 2 of Dataset 2. On Dataset 

3, SMOTE NB performs better than other classification models on Class 1 and Class 2. SMOTE 

DT has higher accuracy than other classification algorithms on Class 3 of Dataset 3. As can be 

seen, there is no single member algorithm that works best for all classes and for different 

imbalanced problems consistently. To make more robust diagnostic results, the advantages of each 
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member algorithm have been utilized by combining the member algorithm results. The weight of 

each classification algorithm on each class in the combining process has been determined using 

accuracy as the traditional approach and DAGm0 as the proposed approach.  

As can be seen in Table 5.8, the WMV using DAGm0 provides better diagnostic results than 

all stand-alone member algorithms and the traditional weighted majority voting which is based on 

accuracy measure. For all datasets, the results show that the proposed fusion approach on each 

class can provide the equal classification rate with the most accurate classification model or in 

some cases higher than that on the corresponding class. 

5.1.2 Power Transformer Health Diagnosis 

The power transformer has been used as the case study in this paper because it is one of the 

most expensive components of high voltage systems, and the condition-based monitoring causes 

significant savings in terms of maintenance costs [5]. Since gaining direct measurements inside 

the power transformer is effortful, therefore usually the indirect data is collected for diagnosis and 

prognosis of the power transformer. In this case study, the mechanical failures of the winding 

support joints inside the transformer have been investigated by collecting the measurements of 

transformer vibration responses induced by the magnetic field loading. Figure 5.3 shows power 

transformer model and 12 simplified winding support joints.  

Detection of the failures modes requires the collection of vibration signals with a fixed frequency 

on the power transformer core. Table 5.9 demonstrates the nine HSs in this case study with 

different combinations of 12 winding joints failures. HS 1 is the health state without any failure. 

HS 2, HS3 and HS 4 are HSs with one lessening joint and HS 5 to HS 9 are health states with two 

loosening joints. The simulation results are the vibration responses of the displacement amplitudes 

for all the finite element nodes on the outer wall surfaces. Figure 5.4 shows the stress contour of 
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the healthy state of power transformer from the structural simulation. 

 

Figure 5.3 Winding Support Joints [5] 
 

Table 5.9 Health States Definitions Based on the Loosening Joints 
Health State 1 2 3 4 5 6 7 8 9 

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

 

Nine sensors have been optimally placed on the external wall to collect the data as can be 

seen in Figure 5.5. With these sensors, the vibration amplitudes of the nodes at these 9 locations 

will be used as the simulated sensor output. Based on the experiments, there are 100 instances for 

each HS on the training set and test set. 



127 
 

 

Figure 5.4 Stress contour of the winding supports for healthy state of power transformer 
 

 

Figure 5.5 Sensor Placement on the Covering Wall of the Power Transformer [5] 
 

In order to implement the classification fusion approach, the imbalanced datasets have been 

constructed by randomly removing instances of each health state on the training set. The nine 

different sizes of classes (20, 30, …, 100) have been considered as the possible size of each class 

and each class can only have once one of these sizes. Based on this procedure, nine achieved 

datasets with different combinations of the number of instances on each HS have been shown in 

Table 5.10. 
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Table 5.10 Different Generated Datasets of Power Transformer Case Study 

Dataset 
Number of instances 

HS 1 HS 2 HS 3 HS 4 HS 5 HS 6 HS 7 HS 8 HS 9 

1 100 90 80 70 60 50 40 30 20 

2 20 100 90 80 70 60 50 40 30 

3 30 20 100 90 80 70 60 50 40 

4 40 30 20 100 90 80 70 60 50 

5 50 40 30 40 100 90 80 70 60 

6 60 50 40 50 20 100 90 80 70 

7 70 60 50 60 30 20 100 90 80 

8 80 70 60 70 40 30 20 100 90 

9 90 80 70 80 50 40 30 20 100 

 

 Each dataset is used as an imbalanced classification problem in the fusion formulation 

process. 5-fold cross validation is developed with each dataset. For the cross validation process, 

each dataset which has 540 instances is randomly divided into 5 subsets with 108 instances each. 

Each subset is used four times as training and once for validation. The six classification methods 

using the two resampling methods (undersampling, and SMOTE) and three classifiers (NB, KNN, 

and DT) with 5 sets of training and validation instances are developed to classify different classes 

of each dataset. Each classification method is trained using the training subset and is validated 

using the validation subset. The DAGm0 for each member classification model on each class is 

determined based on Eq. (5.8). The DAGm0 weight for each member algorithm on each dataset is 

achieved using Eq. (5.12). Table 5.11 shows the DAGm0 weights of each classification method 

on each HS for Dataset 1. As can be seen in Table 5.11, based on DAGm0 there is no single 

classifier that works best on all HSs, and each classification method performs best on some HSs. 
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Table 5.11 Weights of Each Classification Method on Dataset 1 Based on DAGm0 Metric 

Classification 

method 

DAGm0 Weights 

HS 1 HS 2 HS 3 HS 4 HS 5 HS 6 HS 7 HS 8 HS 9 

SMOTE NB 0.1674 0.1639 0.1639 0.1672 0.2284 0.1717 0.0817 0.1582 0.1682 

SMOTE KNN 0.1673 0.1662 0.1675 0.1659 0.2115 0.1729 0.1392 0.1825 0.1683 

SMOTE DT 0.1688 0.1674 0.1675 0.1661 0.1728 0.1676 0.1491 0.1810 0.1685 

Under NB 0.1638 0.1675 0.1670 0.1672 0.1054 0.1693 0.2082 0.1641 0.1680 

Under KNN 0.1638 0.1675 0.1666 0.1663 0.1526 0.1645 0.2143 0.1887 0.1586 

Under DT 0.1688 0.1675 0.1675 0.1672 0.1293 0.1539 0.2075 0.1256 0.1685 

 

The next step of the proposed approach is the proposed fusion approach using weighted 

majority voting by DAGm0 metric for the test set. The whole dataset is divided into equal training 

and test datasets. The imbalanced training dataset is generated the same as Table 5.10. The 

classification models are trained using the training dataset and the performance of the trained 

model is validated with the test set. For each dataset in the last step, the classification results from 

all classification methods are combined using the WMV based on the DAGm0 measure.  

Each dataset has been used as the training set and the classification fusion approach is 

compared with individual member algorithms and the traditional WMV fusion method in which 

the weights are assigned based on the accuracy of each member algorithm on each HS on the test 

set. The calculated weights will be used in the online process for the test set. The test set consists 

of 100 instances for each HS. The classification fusion using weighted majority voting has been 

used to form a robust classification algorithm which works well on all HSs. The results on test set 

when Dataset 1 has been used as the training set has been shown in Table 5.12. The accuracy of 
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each classification method and accuracy of fusion classification for all datasets have been shown 

in Table 5.12. Also, the fusion classification based on the weighted majority voting using the 

accuracy of classification algorithms on each HS and the weighted majority voting using the 

DAGm0 metric on each HS have been compared together in Table 5.12. As can be seen in the 

Appendix, also by using all the other datasets as training sets the proposed fusion algorithm either 

outperforms other classification methods and the accuracy weighted majority voting fusion 

algorithm or performs as well as the best one. It can be concluded that there is no single 

classification algorithm that works best on all HSs. Also, it can be seen that HS 5 and HS 8 are the 

two most challenging HSs for classification. WMV using DAGm0 outperforms all other single 

member algorithms and the traditional WMV based on accuracy in terms of accuracy and 

robustness. 

Table 5.12 Classification Results on Test Set Based on Dataset 1 

Classification method 

Dataset 1 as training set 

HS 1 HS 2 HS 3 HS 4 HS 5 HS 6 HS 7 HS 8 HS 9 

SMOTE NB 0.98 0.96 0.95 0.98 0.78 0.90 0.59 0.23 0.98 

SMOTE KNN 1.00 1.00 0.96 0.99 0.64 0.98 0.55 0.33 0.92 

SMOTE DT 1.00 1.00 0.96 0.99 0.67 0.95 0.56 0.34 0.90 

Under NB 1.00 0.99 0.94 0.99 0.38 0.92 0.97 0.57 0.99 

Under KNN 0.99 0.95 0.92 0.95 0.58 0.98 0.97 0.41 0.94 

Under DT 1.00 1.00 0.92 0.95 0.34 0.93 0.99 0.56 0.94 

WMV using accuracy 1.00 1.00 0.96 0.99 0.70 0.99 0.99 0.53 0.99 

WMV using DAGm0 1.00 1.00 0.96 0.99 0.78 0.99 0.99 0.58 1.00 
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5.2 Conclusion 

The health diagnosis of engineered systems sometimes faces the challenge of having 

imbalanced training set where the number of available instances of all HSs is not equitably 

distributed. There are different resampling methods to balance dataset. This paper presents a 

classification fusion approach combines different imbalanced classification methods to from more 

accurate imbalanced classification model. The proposed approach consists of three primary steps: 

(i) fusion formulation using k-fold cross-validation model; (ii) health diagnostics with the member 

imbalanced classification methods on the offline process; (iii) classification fusion using the 

developed adjusted Geometric-mean on the online process for new coming instances. Different 

imbalanced datasets have been generated by using the power transformer training set and used to 

demonstrate the effectiveness of the developed fusion approach on multi-class imbalanced 

problems. The diagnostic results illustrate that the developed fusion approach outperforms any 

stand-alone member algorithm and the fusion method using weighted majority voting when the 

weights are based on the accuracy of classification algorithms in terms of accuracy and robustness. 

 

 

 

 

 

 

 



132 
 

CHAPTER 6 

 CONCLUSION AND FUTURE WORK 
6.1 Conclusion 

The main objective of this research is to improve the diagnostics and prognostics with multi-

sensor data in static and dynamic environments. The research solutions proposed in Chapter 1, 

addressed the above-mentioned objectives. 

Chapter 2 presents the first research solution for classification fusion with the title “A 

Classification Fusion with Concurrent Subset Algorithm Selection for Health Diagnostics”. The 

CF-CSAS method selects member algorithms out of a pool of classifiers for each health state in 

order to improve the accuracy and robustness of health diagnostics. A numerical example and 

power transformer health diagnostics problem have been employed to demonstrate the 

effectiveness of the CF-CSAS method. 

Chapter 3 presents the second research solution for robust and accurate diagnostics of the 

evolving data streams with the title “An adaptive fusion learning approach to build a robust 

classification model”. In evolving data streams, the relationship between sensory signals and 

health states change over time and examples from novel health states appear in data streams. The 

AFL method carefully selects examples for querying process in order to detect concept drift and 

concept evolution immediately in data streams. The case study results show that the AFL method 

can effectively react to the changes occur in data streams. 

Chapter 4 presents the third research solution for high costs of querying with the title of “An 

active learning with holding method for health diagnostics of data streams”. The proposed ALH 

method applies the holding method to gather more information over time and reduce the number 

of examples require the querying. Case study results demonstrate that not only the querying cost 
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decrease during holding procedure, but also the performance of health diagnosis will increase in 

terms of accuracy. 

Chapter 5 presents the fourth research solution for health diagnostics of multi-class 

imbalanced datasets. The proposed method applied the Developed Adjusted G-mean measure for 

weighted majority voting of a pool of classifiers. Case study results indicated that the developed 

fusion approach outperforms any stand-alone member algorithm and the traditional weighted 

majority voting fusion algorithm in terms of accuracy and robustness. 

6.2 Future Work 

The proposed approaches form a robust and accurate diagnosis algorithm in static and 

dynamic environments using the whole sensory signals. High advancements in sensing 

technologies provide sensor networks with high dimensionality. Each health diagnostics may work 

well with a subset of sensory signals, thus in order to improve the diagnostics and prognostics, 

appropriate selection of sensory signals for health diagnosis algorithms is needed. 
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APPENDIX 

 
Classification Results on Test Set 

 
Classification 

method 

Dataset 2 as training set 

HS 1 HS 2 HS 3 HS 4 HS 5 HS 6 HS 7 HS 8 HS 9 

SMOTE NB 0.91 0.96 0.93 0.99 0.83 0.95 0.70 0.20 0.96 

SMOTE KNN 0.91 1.00 0.99 0.99 0.68 0.98 0.41 0.22 0.91 

SMOTE DT 0.99 1.00 0.98 0.99 0.52 0.92 0.53 0.25 0.95 

Under NB 0.94 1.00 0.93 0.99 0.34 0.98 0.96 0.50 0.98 

Under KNN 0.91 0.93 0.88 0.97 0.50 0.98 0.90 0.50 0.89 

Under DT 1.00 1.00 0.92 0.95 0.42 0.92 0.96 0.55 0.97 

WMV using 

accuracy 

0.95 1.00 0.96 0.99 0.75 0.99 0.99 0.51 0.99 

WMV using DAGm0 0.99 1.00 0.99 0.99 0.83 0.99 0.99 0.55 0.99 

          

Classification 

method 

Dataset 3 as training set 

HS 1 HS 2 HS 3 HS 4 HS 5 HS 6 HS 7 HS 8 HS 9 

SMOTE NB 0.95 0.96 0.96 0.99 0.85 0.95 0.90 0.38 0.98 

SMOTE KNN 0.96 0.90 0.98 1.00 0.70 0.98 0.67 0.33 0.91 

SMOTE DT 1.00 1.00 0.95 0.99 0.75 0.93 0.63 0.30 0.93 

Under NB 0.91 1.00 0.94 0.99 0.71 0.95 0.91 0.34 0.96 

Under KNN 0.92 0.97 0.91 0.99 0.56 0.98 0.88 0.45 0.92 

Under DT 0.99 1.00 0.95 0.95 0.42 0.73 0.96 0.54 0.93 

WMV using 

accuracy 

0.99 1.00 0.96 0.99 0.87 0.98 0.96 0.55 0.98 

WMV using DAGm0 1.00 1.00 0.98 1.00 0.87 0.98 0.96 0.58 0.99 
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APPENDIX (continued) 

Classification 

method 

Dataset 4 as training set 

HS 1 HS 2 HS 3 HS 4 HS 5 HS 6 HS 7 HS 8 HS 9 

SMOTE NB 0.97 0.94 0.96 0.99 0.78 0.95 0.72 0.30 0.96 

SMOTE KNN 0.98 0.98 0.96 0.99 0.67 0.99 0.66 0.30 0.93 

SMOTE DT 1.00 1.00 0.95 0.99 0.65 0.95 0.44 0.31 0.96 

Under NB 0.96 1.00 0.97 0.99 0.54 0.97 0.97 0.43 0.94 

Under KNN 0.98 0.99 0.95 0.97 0.49 0.98 0.98 0.48 0.91 

Under DT 0.98 1.00 0.96 0.95 0.44 0.98 0.98 0.53 0.94 

WMV using 

accuracy 

0.99 1.00 0.98 0.99 0.75 0.99 0.98 0.51 0.96 

WMV using DAGm0 1.00 1.00 0.98 0.99 0.78 0.99 0.98 0.53 0.96 

          

Classification 

method 

Dataset 5 as training set 

HS 1 HS 2 HS 3 HS 4 HS 5 HS 6 HS 7 HS 8 HS 9 

SMOTE NB 1.00 0.95 0.88 0.98 0.79 0.95 0.68 0.20 0.98 

SMOTE KNN 1.00 0.98 0.85 0.99 0.67 0.95 0.77 0.29 0.96 

SMOTE DT 1.00 1.00 0.95 0.98 0.58 0.95 0.48 0.29 0.97 

Under NB 0.99 1.00 0.86 0.99 0.81 0.90 0.96 0.36 0.96 

Under KNN 0.99 1.00 0.84 0.97 0.59 0.95 0.95 0.43 0.89 

Under DT 0.99 1.00 0.96 0.98 0.77 0.84 0.96 0.38 0.91 

WMV using 

accuracy 

1.00 1.00 0.93 0.99 0.88 0.95 0.96 0.39 0.98 

WMV using DAGm0 1.00 1.00 0.96 0.99 0.88 0.95 0.96 0.43 0.98 
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APPENDIX (continued) 

Classification 

method 

Dataset 6 as training set 

HS 1 HS 2 HS 3 HS 4 HS 5 HS 6 HS 7 HS 8 HS 9 

SMOTE NB 0.96 0.96 0.93 0.99 0.70 0.95 0.59 0.20 0.98 

SMOTE KNN 0.98 1.00 0.90 0.98 0.50 1.00 0.55 0.21 0.96 

SMOTE DT 1.00 1.00 0.95 0.99 0.48 0.98 0.56 0.37 0.98 

Under NB 0.96 1.00 0.94 0.99 0.66 0.92 0.97 0.40 0.98 

Under KNN 0.95 1.00 0.86 0.98 0.56 0.96 0.97 0.44 0.94 

Under DT 0.99 1.00 0.93 0.98 0.31 0.88 0.99 0.61 0.97 

WMV using 

accuracy 

0.98 1.00 0.93 0.99 0.70 0.99 0.99 0.58 0.98 

WMV using DAGm0 1.00 1.00 0.95 0.99 0.70 1.00 0.99 0.61 0.99 

          

Classification 

method 

Dataset 7 as training set 

HS 1 HS 2 HS 3 HS 4 HS 5 HS 6 HS 7 HS 8 HS 9 

SMOTE NB 0.97 0.96 0.95 0.99 0.78 0.91 0.59 0.26 0.96 

SMOTE KNN 1.00 1.00 0.96 0.99 0.56 0.96 0.78 0.25 0.94 

SMOTE DT 1.00 1.00 0.95 0.99 0.46 0.90 0.51 0.35 0.96 

Under NB 0.91 1.00 0.88 0.99 0.45 0.92 0.97 0.50 0.96 

Under KNN 0.92 0.99 0.93 0.96 0.68 0.96 0.97 0.41 0.85 

Under DT 0.99 1.00 0.95 0.99 0.36 0.79 0.98 0.62 0.98 

WMV using 

accuracy 

1.00 1.00 0.96 0.99 0.68 0.96 0.98 0.55 0.96 

WMV using DAGm0 1.00 1.00 0.96 0.99 0.78 0.96 0.98 0.62 0.98 
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APPENDIX (continued) 

Classification 

method 

Dataset 8 as training set 

HS 1 HS 2 HS 3 HS 4 HS 5 HS 6 HS 7 HS 8 HS 9 

SMOTE NB 0.98 0.96 0.95 0.98 0.71 0.88 0.48 0.21 0.96 

SMOTE KNN 1.00 1.00 0.98 0.99 0.42 0.95 0.38 0.30 0.92 

SMOTE DT 1.00 1.00 0.95 0.97 0.42 0.84 0.39 0.34 0.97 

Under NB 1.00 0.98 0.97 0.99 0.57 0.91 0.97 0.38 0.95 

Under KNN 0.99 1.00 0.99 0.97 0.50 0.95 0.95 0.50 0.76 

Under DT 0.99 1.00 0.95 0.97 0.40 0.90 0.96 0.56 0.70 

WMV using 

accuracy 

1.00 1.00 0.99 0.98 0.63 0.93 0.97 0.52 0.96 

WMV using DAGm0 1.00 1.00 0.99 0.98 0.63 0.93 0.97 0.56 0.97 

          

Classification 

method 

Dataset 9 as training set 

HS 1 HS 2 HS 3 HS 4 HS 5 HS 6 HS 7 HS 8 HS 9 

SMOTE NB 0.97 0.96 0.96 0.99 0.73 0.92 0.89 0.27 0.96 

SMOTE KNN 1.00 1.00 0.97 0.99 0.57 0.98 0.56 0.25 0.95 

SMOTE DT 0.99 1.00 0.95 0.99 0.61 0.93 0.58 0.28 0.96 

Under NB 0.99 1.00 0.93 0.99 0.57 0.94 0.96 0.38 0.96 

Under KNN 0.99 0.91 0.95 0.92 0.49 0.93 0.95 0.50 0.90 

Under DT 0.99 0.99 0.93 0.95 0.56 0.89 0.94 0.41 0.86 

WMV using 

accuracy 

1.00 1.00 0.98 0.99 0.72 0.95 0.97 0.51 0.96 

WMV using DAGm0 1.00 1.00 0.98 0.99 0.73 0.98 0.97 0.53 0.96 

 


