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Abstract—This paper focuses on sampling techniques to re-
balance class distribution in a way that major and minor classes
reach to almost equal number of the samples. A novel iterative
over-sampling technique has been proposed which initially in-
duces the missing values on the set of samples of the minor
class and, then, imputes the missing scores to generate new
synthetic samples of the minor class, in order to re-balance
the class distribution. Two variations of the proposed over-
sampling framework have been developed which make use of
the Expectation Maximization and k-Nearest Neighbors imputa-
tion strategies. Moreover, the proposed over-sampling technique,
which generates new samples for the minor class, has been
integrated with a random under-sampling technique, which aims
to simultaneously reduce the number of samples for the major
class to speed up the process. The proposed sampling procedures
have been used along with the ensemble of classifiers forming
a diagnostic system. The constructed diagnostic scheme can
efficiently diagnose multiple bearing defects in induction motors
under class imbalanced condition.

I. INTRODUCTION

Induction motors (IMs) play a significant role in industries
and impact on a wide portion of industrial applications. Hence,
IMs’ performance and safety should be monitored to prevent
unexpected failures and decrease downtime and maintenance
cost of the system [1]. In other words, an appropriate moni-
toring technique to assess the automated system condition is
needed to guarantee its reliability, efficiency and controllabil-
ity. The monitored abnormalities in IMs are mainly related to
defects which are occurred in critical components such as the
bearings, the stator and the rotor [1].

Previous studies on IMs’ source of failure hold the view that
faults originated from the bearing cover a large proportion
of failure distribution (e.g., 41%) in comparison with other
components [2, 3]. Hence IM’s failure diagnosis is concerned
with bearing condition analysis has attracted the attention of
many researchers [4, 5]. Generally, these defects may occur in
different parts of the bearing as depicted in Figure 1. However,
spalling of the races can be considered as the most frequent
defect [5].

Many works have been focused on the processing of
the bearing vibration signal to identify the system state,
i.e., normal condition or any defects. Vibration signal is

mainly analyzed in three different domains; Time, Frequency
and Time-Frequency domains. Various fault diagnosis system
make use of data-driven techniques to extract informative
features from the bearing vibration signal. For instance, Ravi
and Mohanty [6] used Fast Fourier Transformation (FFT)
to analyze frequency-domain features, and Liu and Han [7]
extracted several time-frequency features by means of Local
Mean Decomposition (LMD). Moreover, time-domain features
have been extensively studied due to their insensitivity to the
change in motor load and the need for low computational
efforts [8]. In this paper, time features have been considered
to detect bearing defects.

Apart from feature extraction that is an essential task in
bearing vibration analysis, a qualified intelligent classification
algorithm is needed to diagnose samples of bearing vibration
accurately and efficiently. Data-driven diagnostic techniques
are usually make use of a classification algorithm to diagnose
faults [9, 10]. Various classification algorithms such as fuzzy
systems [11] and neural networks [12, 13] have been consid-
ered for fault diagnosis.

These fault classifiers aim to distinguish faulty (e.g., outer
race defect, inner race defect or ball defect) and normal
samples and determine the bearing health condition. However,
these fault classification algorithms are typically based on
the assumption that number of faulty samples are almost
equal to number of normal samples. In other words, most of
these fault classifiers are not designed for skewed-class data
distribution, while collected data in industrial processes are
often imbalanced [14]. In fact, IMs operate in the normal
condition, hence, samples of normal class expected to be
greater than faulty ones. Since class imbalance problem endan-
gers the classification performance, some techniques should
be applied to deal with this problem. One approach to handle
class imbalance in the level of data is the use of sampling
techniques, which aim to provide a balance dataset whether
by under-sampling of the major class, e.g., Random Under-
Sampling (RUS) or over-sampling of the minor class, e.g.,
Random Over-Sampling (ROS).

There exists other methods to tackle class imbalance prob-
lem by performing some modification on classification algo-



rithms, i.e., defining the weight or the cost of contribution of
samples in the classification task [15].

This work focuses on the data-level approach to create a
dataset with the equal class distribution that can be used by
the most of the fault classifiers. Hence, the benefits and the
drawbacks of RUS and ROS as simple sampling methods along
with state-of-the-art sampling techniques such as synthetic
minority over-sampling technique (SMOTE) [16], are studied.

This paper proposes novel sampling techniques based on
missing data imputation by means of the Expectation Maxi-
mization (EM) and the k-Nearest Neighbors (kNN) and applies
them to diagnose bearing defects under the class imbalance
condition.

The proposed diagnostic system uses an ensemble of classi-
fiers, since, in general, combinations of sampling and ensemble
schemes can lead to more versatile systems and obtain better
performance [17]. The re-balanced set of samples obtained
by the proposed sampling methods is fed to the ensemble of
the fault classifiers (i.e., Adaboost.M1 and Bagging) to assess
the efficiency of the proposed scheme in diagnosing bearing
defects under the class imbalanced condition.

The reminder of the paper is structured as follows: Section
II states the problem of classifying multiple defects under
the class imbalance condition based on the bearing vibration
data, and also briefly describes different units of the proposed
diagnostic system. In Section III, the pre-processing unit is
explained in detail containing two main components: feature
extraction and sampling. The proposed sampling techniques
to handle the class imbalance problem are also described
in this section. The experimental results are presented in
Section IV. This section also presents and compares the results
of ensemble learning by means of feature subsets generated
by the proposed sampling techniques and the state-of-the-art
technique. Section V makes a conclusion of the paper.

II. PROBLEM STATEMENT

The large portion of IM’s faults is related to bearing
defects, hence, early detection and diagnosis of faults, which
occurred in this component, is a substantial task. Diagnosing
multiple bearing defects under the class imbalance condition
is a challenging task since most of the classifiers are mainly
devised for the class-balance distribution of data. Moreover,
some of the classifiers can handle the class-imbalanced data
for the binary class situations.

This paper aims to diagnose the bearing defects under the
multi-class imbalanced condition. As in real world applica-
tions, data samples are often collected under skewed-class
distribution, there is a need for a sampling technique to re-
balance the data for the ease of classification and to facilitate
training the fault classifiers.

In many works, vibration data selected form the case
Western Reserve University (CWRU) Bearing Datasets [18]
has been used to investigate the performance of data-driven
diagnostic techniques [19]. In this work, the CWRU vibration
data with 2% level of imbalance (LOI) is selected. LOI is
calculated as the percentage of the proportion of the samples
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Fig. 1. Components of a ball bearing

in minor class to the total number of the samples in the dataset.
The imbalanced CWRU bearing datasets consist of the normal
samples (i.e., class of major) and the faulty samples (i.e., minor
class) situated in ball, inner race and outer race. The number
of representative samples of the normal class is larger than the
faulty ones, since IM often operates in the healthy condition.

A. Proposed Methodology

The proposed fault diagnostic scheme is illustrated in Fig-
ure 2. The diagnostic system is explained in two main units
devoted for the pre-processing and the fault classification. In
the former, statistical time-domain features are computed and
sampling techniques are applied on the skewed-class vibration
data that result in a balanced set of informative features. In
the latter, the pre-processed and balanced set of samples are
used to train an ensemble of fault classifiers (Adaboost.M1
and Bagging). Finally, the obtained results are compared with
each other in order to find the best sampling method for the
bearing fault diagnosis under the class imbalance condition.

The focus of this paper is to study the impact of different
sampling techniques, which aim to tackle class imbalance con-
dition, on the performance of the ensemble of fault classifier.

III. PRE-PROCESSING

A careful processing of the dataset before creating a clas-
sification model is a fundamental step in many applications.
Pre-processing can prepare a qualified and discriminate set
of features for an accurate classification and reliable analysis.
Hence, a well-processed set of data can help to improve the
performance of the fault classifiers.

A. Feature Extraction

The first step in the pre-processing, as it is shown in
Figure 2, is to segment the vibration data with respect to the
class labels. Once the representative samples of each class are
divided into 𝑁 none-overlapping folds (i.e., the intersection
of all the folds is zero), five different statistical measures
are calculated for each fold. These time-domain measures are
defined in Table I to create the feature vectors [𝑅𝑀𝑆, 𝜎2, 𝑆𝑘,
𝐾𝑟, 𝑁𝑆𝐶𝑀 ], where 𝑚 is number of samples in each fold,
𝑥𝑖 is the 𝑖𝑡ℎ sample and 𝜇 is the mean value of the respective
fold.
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Fig. 2. General scheme of the proposed diagnostic system: the pre-processing unit, including novel sampling techniques and the fault classification unit.

TABLE I
TIME-DOMAIN FEATURES

Statistical Measures Definition

Root mean square (RMS)
(∑𝑚

𝑖=1(𝑥𝑖−𝜇)2

𝑚

)1/2

Variance (𝜎2)
∑𝑚

𝑖=1(𝑥𝑖−𝜇)2

𝑚−1

Skewness (Sk)
∑𝑚

𝑖=1(𝑥𝑖−𝜇)3

(𝑚−1)𝜎3

Kurtosis (Kr)
∑𝑚

𝑖=1(𝑥𝑖−𝜇)4

(𝑚−1)𝜎4

Normalized sixth central moment (NSCM)
∑𝑚

𝑖=1(𝑥𝑖−𝜇)6

(𝑚−1)𝜎6

The first two steps of the pre-processing (i.e., segmentation
and statistical feature extraction) do not change the level of
imbalance. Therefore, the obtained data is not balanced (i.e.,
with 2% LOI) at this step and some sampling techniques are
required to balance the size of the samples for each class.

B. Sampling Techniques

In order to prepare a dataset with an equal number of sam-
ples for each class, one may discard samples of the majority
class (e.g., RUS) or increase samples of the minor class (e.g.,
ROS). Once the data is highly imbalanced, performing RUS
on the majority of samples can result in information loss and
performance reduction. On the other hand, ROS might lead
to redundancy in datasets so that fault classifiers may not
recognize the minority class significantly. To overcome these
issues, SMOTE as an intelligent over-sampling technique has
been used in this work. SMOTE creates some additional minor
samples based on their k-Nearest Neighbors. Then, generated
minority samples which are close and similar (i.e., not equal)
to their nearest neighbors along with samples of the minor
class form a balanced dataset [16].

Another approach for over-sampling of the minority class
samples proposed in this paper is based on missing data
imputation techniques. The missing data imputation-based
over-sampling procedures have been performed by resorting
to different imputation techniques such as Expectation Maxi-
mization (EMI) and k-Nearest Neighbors (kNNI). Imputation-
based over-sampling techniques considered in this paper aim
to generate new samples that are similar to the minority class
samples to reduce the imbalance ratio.

In Figure 3, the proposed over-sampling schemes have been
devised as parts of the pre-processing unit. Once the data
at iteration 𝑡, 𝑋(𝑡), is sorted based on the class labels, data
related to the major class 𝑋

(𝑡)
𝑚𝑎𝑗 and the minor class 𝑋

(𝑡)
𝑚𝑖𝑛

are obtained (see step 1). In multi-class datasets, there exist
more than one class of minor, and similar procedure should
be applied on each of the obtained minor class (i.e., there are
more than one 𝑋

(𝑡)
𝑚𝑖𝑛 subset). In the step 2, missing values

with rate of 20% are randomly induced on the minor class
𝑋

(𝑡)
𝑚𝑖𝑛 which results in an incomplete dataset, 𝑋𝑚𝑖𝑠

𝑚𝑖𝑛. Then,
one of the imputation techniques, EMI or kNNI are employed
to impute the missing values of the incomplete set 𝑋𝑚𝑖𝑠

𝑚𝑖𝑛.
These missing data imputation procedures are explained in
the following sections.

Once the estimated values for missing data are calculated
and 𝑋̂𝑒𝑠𝑡

𝑚𝑖𝑛 is obtained, only these samples which contain
imputed values are selected and gathered in 𝑋̂𝑖𝑚𝑝

𝑚𝑖𝑛. After
that these extracted samples are merged with the respective
samples of the minority class, 𝑋(𝑡)

𝑚𝑖𝑛, to form a new and larger
set of samples of the minor class referred to as 𝑋

(𝑡+1)
𝑚𝑖𝑛 , (see

step 5). Then, the number of samples in 𝑋
(𝑡+1)
𝑚𝑖𝑛 , 𝑚(𝑡+1)

𝑚𝑖𝑛 , is
computed to see whether or not it is equal to the size of the
subset of the major class and to see if the dataset is balanced.

EM imputation-based over-sampling (EMI-OS) approach
makes use of the Expectation Maximization method in step 3
for missing data imputation. The EMI-OS procedure is stopped
if 𝑚(𝑡+1)

𝑚𝑖𝑛 is equal to the number of samples in the major class



𝑚
(𝑡)
𝑚𝑎𝑗 . EMI-OS method is an over-sampling technique which

increase the number of samples in the minor class iteratively
until it reaches to 𝑚

(𝑡)
𝑚𝑎𝑗 .

kNN imputation-based over-sampling (kNNI-OS) ap-
proach uses k-Nearest Neighbor imputation method to create
𝑋̂𝑒𝑠𝑡

𝑚𝑖𝑛 (See step 3). In each iteration of kNNI-OS method,
𝑚

(𝑡+1)
𝑚𝑖𝑛 and 𝑚

(𝑡)
𝑚𝑎𝑗 is compared to find whether or not faulty

and normal classes have the same number of samples to stop
the process.

Moreover, the over-sampling methods in highly imbalance
multi-class datasets with large number of major class sam-
ples, 𝑚

(𝑡)
𝑚𝑎𝑗 , may increase a computational time to train the

fault classifiers, and thus, under-sampling of the major class
(e.g., RUS) has been performed along with the over-sampling
techniques, i.e., EMI-OS and kNNI-OS.

An under-over-sampling technique originated from EMI-
OS, is introduced which makes use of RUS combined with
EMI-OS (i.e., referred to as RUS-EMI-OS for simplicity).

RUS-EMI-OS method applies random under-sampling
without replacement on the major class 𝑋

(𝑡)
𝑚𝑎𝑗 to reduce

the number of samples to 𝑚
(𝑡+1)
𝑚𝑎𝑗 . In addition, EMI-OS is

also performed simultaneously on the minor class 𝑋
(𝑡)
𝑚𝑖𝑛, to

increase the number of samples to 𝑚
(𝑡+1)
𝑚𝑖𝑛 . The stopping

criterion in RUS-EMI-OS method is the equality of 𝑚
(𝑡+1)
𝑚𝑖𝑛

and 𝑚
(𝑡+1)
𝑚𝑎𝑗 , (See step 6). If the dataset is still class imbalance,

then, the process continues until the stopping criterion has
been met.

The Expectation Maximization (EM) algorithm, that can be
considered as the core of EMI-OS method, is an iterative
technique to compute maximum likelihood estimates of the
parameters of models with partially observed data [20].

EM iterates between the expectation (E-step) which eval-
uates the posterior probabilities of the incomplete data, and
maximization (M-step) which aims to update the model pa-
rameters 𝜃 (e.g., mean 𝜇 and covariance matrix Σ) using
the posterior distribution of the missing data evaluated in
the previous E-step. Figure 4 presents the pseudocode of the
Expectation Maximization imputation (EMI) algorithm.

RUS-kNNI-OS method is also an under-over-sampling
technique, which is similar to RUS-EMI-OS except the impu-
tation procedure, which is based on kNNI. The main important
part of the RUS-kNNI-OS and kNNI-OS method is the 𝑘-
Nearest Neighbors imputation (kNNI) technique, which is
based on the fact that the samples in the close proximity
with other samples contain same characteristics [21]. Taking
an incomplete sample from 𝑋𝑚𝑖𝑠

𝑚𝑖𝑛 as a reference 𝑥𝑖, kNNI
computes the distance from 𝑥𝑖 to all available samples in 𝑋𝑚𝑖𝑠

𝑚𝑖𝑛

and ranks them in descending order to determine its 𝑘 nearest
neighbors set as follows:

𝒮𝑖 = { 𝑥𝑝 }𝑘𝑝=1 (1)

It then replaces missing scores with the corresponding mean
value of the 𝑘 nearest samples:

𝑥̂𝑖𝑗 =

∑𝑘
𝑝=1 𝑥𝑝𝑗

𝑘
(2)
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Fig. 3. The overall scheme of the proposed sampling technique based on the
missing data imputation.

where 𝑥𝑖𝑗 stands for a missing score in the 𝑗−𝑡ℎ feature of
the 𝑖−𝑡ℎ sample, 𝑘 stands for the number of nearest neighbors
and 𝑥𝑝𝑗 is the value of the 𝑗− 𝑡ℎ feature of the 𝑝− 𝑡ℎ nearest
sample [22–24]. It finally returns the estimated matrix 𝑋̂𝑒𝑠𝑡

𝑚𝑖𝑛.

IV. EXPERIMENTAL RESULTS

Vibration data from the CWRU bearing data center for
loading condition of 2ℎ𝑝 and shaft speed of 1750 𝑟𝑝𝑚 has
been used in this work. Bearing vibration consists of the
normal condition of motor, also the ball defect (i.e., datasets
120 and 224), the inner race defect (i.e., datasets 107 and 211)
and the outer race defect (i.e., datasets 132, 146, 159, 236, 248
and 260) with the defects width of 0.18 and 0.71 (mm).

Once feature extraction and segmentation procedures in
the pre-processing unit has been performed, the number of
normal samples, representative samples of the ball, the inner
race and the outer race defects are decreased to 970, 20,
20 and 24, respectively. Hence, some over-sampling methods
(i.e., SMOTE, EMI-OS, kNNI-OS) are exploited to add new
samples to the minor class in order to increase the size of
the representative samples of defect classes to be equal to the
normal class. Moreover, two under-over-sampling techniques
(i.e., RUS-EMI-OS, RUS-kNNI-OS) are also developed to
decrease the size of the samples of the normal class by means
of RUS while performing over-sampling on the samples of the



ASSUMING that 𝑋𝑚𝑖𝑠
𝑚𝑖𝑛 = (𝑌 𝑜𝑏𝑠, 𝑌 𝑚𝑖𝑠) in which 𝑌 𝑜𝑏𝑠 denotes the observed part and 𝑌 𝑚𝑖𝑠 denotes the missing part, and

a joing distribution 𝑝(𝑌 𝑜𝑏𝑠, 𝑌 𝑚𝑖𝑠∣𝜃) over 𝑌 𝑜𝑏𝑠, 𝑌 𝑚𝑖𝑠 and 𝜃, EMI aims to maximize the likelihood function 𝑝(𝑌 𝑜𝑏𝑠∣𝜃)
w.r.t. 𝜃.
SET the initial model parameters 𝜃.
E-STEP: calculate 𝑝(𝑌 𝑚𝑖𝑠∣𝑌 𝑜𝑏𝑠, 𝜃𝑜𝑙𝑑).
M-STEP: calculate 𝜃𝑛𝑒𝑤 as follows: 𝜃𝑛𝑒𝑤 = 𝑎𝑟𝑔𝑚𝑎𝑥

𝜃
ℒ(𝜃, 𝜃𝑜𝑙𝑑) where

ℒ(𝜃, 𝜃𝑜𝑙𝑑) =
∫

𝑝(𝑌 𝑚𝑖𝑠∣𝑌 𝑜𝑏𝑠, 𝜃𝑜𝑙𝑑) ln 𝑝(𝑌 𝑜𝑏𝑠, 𝑌 𝑚𝑖𝑠∣𝜃)𝑑𝑌 𝑚𝑖𝑠

CHECK the stopping criterion to see if the estimated parameters or the imputed values stabilize. Otherwise 𝜃𝑜𝑙𝑑 ← 𝜃𝑛𝑒𝑤

and go back to the E-step.

Fig. 4. The pseudocode for the EMI algorithm [20].

defective classes by means of EMI-OS or kNNI-OS, until the
balanced data distribution has been reached.

In the fault diagnosis system studied in this work, Ad-
aboost.M1 and Bagging as an ensemble of classifiers are con-
sidered to diagnose samples of normal and defects under the
imbalanced condition. The base fault classifier to construct the
ensemble approach is C4.5 decision tree algorithm. In order
to obtain more reliable and accurate performance evaluation
of the fault classifiers, a 10-fold cross validation has been
performed and the confusion matrix has been studied. The
two ensembles (i.e., Adaboost.M1 and Bagging) are combined
with four different proposed sampling techniques along with
the SMOTE which result in 10 different scenarios. Moreover,
ensembles are applied on skewd-class data distribution without
performing any sampling techniques. The attained confusion
matrix for each scenario (i.e., there are 12 different scenarios in
total) is exploited to analyze the performance of the respective
fault classification model.

Considering accuracy for the performance evaluation of a
classification model in a multi-fault imbalanced dataset cannot
be a good representative of the classification task efficiency.
Although, the accuracy is used as a performance measure in
the balance data distribution, it tends to favor the class of major
(i.e., samples from the normal class) in the imbalanced datasets
that could compromise the performance evaluation [25].

Here, two proper evaluation measures, the weighted average
of F-measure (i.e., hereafter referred to as F-measure) and
the Macro average geometric (i.e., referred to as MAvG) are
employed for the assessment of the fault classification models.
The obtained confusion metrices are used to calculate these
performance measures which can be formulated as follow [25]:

𝐹 −𝑚𝑒𝑎𝑠𝑢𝑟𝑒 =

𝑐∑
𝑖=1

(
𝑚𝑖

𝑁
⋅ (2× 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑖 × 𝑟𝑒𝑐𝑎𝑙𝑙𝑖)

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑖 + 𝑟𝑒𝑐𝑎𝑙𝑙𝑖
) (3)

𝑀𝐴𝑣𝐺 = (
𝑐∏

𝑖=1

correctly classified samples for class i
𝑚𝑖

)
1
𝑐

(4)

where the number of classes named as 𝑐, 𝑚𝑖 shows the
number of samples of the 𝑖𝑡ℎ class and 𝑁 is the total size of
the dataset.

In addition, 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑖 = 𝑇𝑃𝑖/(𝑇𝑃𝑖+𝐹𝑃𝑖) and 𝑟𝑒𝑐𝑎𝑙𝑙𝑖 =
𝑇𝑃𝑖/(𝑇𝑃𝑖+𝐹𝑁𝑖), in which 𝑇𝑃𝑖, 𝐹𝑃𝑖 and 𝑇𝑁𝑖 stands for the
true positive, the false positive and the false negative regarding
to class 𝑖, respectively.

Consider a confusion matrix Γ as depicted in Table II for
a 𝑐-class problem where 𝛾𝑝,𝑞 , (𝑝, 𝑞 ∈ [1, 𝑐]), referred to the
value in row 𝑝 and column 𝑞 of the matrix Γ. Hence, 𝑇𝑃𝑖,
𝐹𝑃𝑖 and 𝑇𝑁𝑖 can be calculated as follows:

TABLE II
CONFUSION MATRIX FOR THE MULTI-CLASS PROBLEM

Predicted
class 1 class 2 ⋅ ⋅ ⋅ class c

Actual

class 1 𝛾1,1 𝛾1,2 𝛾1,𝑞 𝛾1,𝑐
class 2 𝛾2,1 𝛾2,2 𝛾2,𝑞 𝛾2,𝑐
⋅ ⋅ ⋅ 𝛾𝑝,1 𝛾𝑝,2 𝛾𝑝,𝑞 𝛾𝑝,𝑐

class c 𝛾𝑐,1 𝛾𝑐,2 𝛾𝑐,𝑞 𝛾𝑐,𝑐

𝑇𝑃𝑖 = 𝛾𝑖,𝑖 (5)

𝐹𝑃𝑖 =

𝑐∑
𝑝=1

𝛾𝑝,𝑖 − 𝛾𝑖,𝑖 (6)

𝐹𝑁𝑖 =

𝑐∑
𝑞=1

𝛾𝑖,𝑞 − 𝛾𝑖,𝑖 (7)

These performance measures, F-measure and MAvG, are
computed for each of these 12 scenarios and results are
organized in Table III. The last row of the table presents
the mean value of the respective column (i.e., the average of
F-measure and MAvg). From the table, it can be seen that
sampling methods combined with Adaboost.M1 or Bagging
achieve the performance of more than 0.98, while the obtained
performance for fault classification without applying sampling
methods (i.e., referred to as None) is 0.88 on average. The
evaluation results of two ensembles are very close to each
other, and their combination along with sampling techniques



improve the performance. It is also noticeable that the use
of sampling techniques along with the Adaboost.M1 presents
slightly better performance compared to the Bagging combi-
nation.

In order to analyze the effect of sampling techniques in the
classification task, Figures 5 and 6 are also provided. Figure 5
illustrates the value of the F-measure for different sampling
techniques combined with the Adaboost.M1 and Bagging,
separately.

From the Figures 5, it can be seen that EMI-OS and kNNI-
OS over-sampling techniques have the highest performance
among other techniques, while combination of EMI-OS and
AdaBoost.M1 achieves a F-measure almost equal to 1 which
means a perfect classification. RUS-EMI-OS and RUS-kNNI-
OS are positioned as third and forth sampling techniques, re-
spectively. Although RUS is a simple and fast under-sampling
method, it may discard some important concepts from the data
and results in a degradation of the classification performance.
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Fig. 5. The attained weighted F-measure by means of various sampling
techniques and ensemble of the fault classifiers

The amount of MAvG which is calculated for each com-
bination of sampling techniques and ensembles are compared
together in Figure 6, to figure out the best classification model
for the bearing fault diagnosis under the class imbalance
condition with respect to MAvG. The performance trend
depicted in Figure 6 shows that the integration of the sam-
pling techniques and imputation methods could enhance the
classification performance. Moreover, there is a considerable
difference between the efficiency of the classification with
sampling techniques (i.e., EMI-OS could obtain 0.999) or
without any sampling methods (i.e., None is obtain 0.78).
Figure 6 shows that SMOTE also follows the imputation-
based sampling methods and can be ranked as fifth among
all considered techniques.
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Fig. 6. The attained MAvG by means of various sampling techniques and
ensemble of the fault classifiers

V. CONCLUSION

This paper proposed various sampling techniques to re-
balance the class distribution of the samples and create proper
inputs for the diagnostic system to diagnose the bearing
defects (i.e., normal, ball defect, outer race defect and inner
race defect). The proposed over-sampling technique initially
induces missing values on the samples of the minor class and,
then, imputes these missing values to generate new synthetic
samples, while preserving the original samples of the minor
class. It finally merges these samples to form a large set
of samples of the minor class and, thus, balance the data.
The Expectation Maximization (EM) and k-Nearest Neighbors
(kNN) are used as missing data imputation techniques in
variations of the proposed over-sampling technique. Besides,
two under-over-sampling techniques are also developed, which
perform random under-sampling on the samples of the major
class along with the proposed imputation-based over-sampling
procedure.

The proposed sampling techniques applied to five different
time-domain features. These features are previously extracted
from the bearing vibration signal. The feature extraction
procedure and the proposed sampling techniques form the pre-
processing unit, which aims to provide a set of class balanced
features, to be fed to the ensemble of fault classifiers. Various
sampling techniques have been devised in the pre-processing
unit, creating different scenarios. Finally, the attained results
are compared with respect to the weighted average of the F-
mesaures and the MAvg. The experimental results have shown
that the novel over-sampling techniques reach to the almost
perfect classification performance for the bearing defects.
The proposed under-over-sampling techniques follow the over-
sampling techniques with a slight difference in terms of the
performance measures.



TABLE III
PERFORMANCE MEASURES OBTAINED BY COMBINATION OF EACH SAMPLING METHOD AND ENSEMBLE OF THE FAULT CLASSIFIERS.

Performance Measures None SMOTE EMI-OS kNNI-OS RUS-EMI-OS RUS-kNNI-OS Ensembles

F-Measure 0.98 0.985 0.999 0.998 0.997 0.996
Adaboost.M1MAvG 0.78 0.985 0.999 0.998 0.997 0.996

Average 0.88 0.985 0.999 0.998 0.997 0.996

F-Measure 0.984 0.98 0.995 0.994 0.993 0.99
BaggingMAvG 0.823 0.98 0.995 0.994 0.993 0.99

Average 0.903 0.98 0.995 0.994 0.993 0.99

This work could be extended for classification of imbal-
anced datasets. One of the concerns of the work is to study
the relation between different sampling techniques and clas-
sification algorithms which can be studied in future research
work.
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