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Fault diagnosis is of significant importance for intelligent manufacturing as it can increase production efficiency
and decrease the uncertain breakdown risk of machines. Previous studies have extensively utilized different types
of shallow statistical features as well as deep representation features to comprehensively describe the fault in-
formation for achieving better performances of fault diagnosis. However, making full use of the combination of
such shallow statistical features and deep representation features under the class-imbalance situation in real-
world applications becomes a challenge in current research of fault diagnosis. To remedy the above issue, an
Imbalanced Ensemble Method with DenseNet and Evidential Reasoning Rule, namely IEMD-ER, is proposed to
incorporate both human experience and machine wisdom for machinery fault diagnosis under the class-
imbalance situation. To this end, the shallow statistical features with human experience are extracted by
several signal processing techniques, while the modified DenseNet is adopted to extract the deep representation
features with machine wisdom. Based on these features, multiple diverse base classifiers are produced by
leveraging the importance of different features. The outputs of each base classifier are adaptively fused using the
Evidential Reasoning Rule as the final fault diagnosis results. Extensive experiments are conducted on the real-
world bearing datasets collected by Paderborn University to validate the proposed method. The experimental
results proved the superiority of the proposed IEMD-ER.

1. Introduction example, Ciabattoni et al. utilized the statistical spectral analysis to

extract time-domain features for fault diagnosis and empirically proved

Since uncertain machine breakdown may result in serious system
failure and additional financial losses, timely and intelligent fault
diagnosis techniques have always been highly demanded during the
maintenance of machines [1,2]. In the past decades, with the increasing
accessibility of massive industrial big data, machine learning-based fault
diagnosis has become a significant competitive differentiator and has
been proven effective in many applications of fault diagnosis, such as
bearing, gearbox, and electric motor [3-5].

Generally, machine learning-based fault diagnosis techniques consist
of two essential processes, i.e., feature extraction and fault pattern
recognition. In the feature extraction stage, the features extracted from
different domains, including the time domain, frequency domain, and
time—frequency domain, are considered as shallow statistical features
that have been reported to be effective in fault diagnosis [6-8]. For

that the time-domain features are reliable indicators to reflect the fault
types [9]. Wang et al. extracted the fault-induced features by a hierar-
chical frequency-domain feature extraction method and proved their
effectiveness for representing fault information [10]. Li et al. used a
time-frequency approach based on a generalized synchrosqueezing
transform to map the signals to time-frequency picture features for the
diagnosis of the gearbox, and their experimental study demonstrated the
efficiency of such time—frequency domain features in fault diagnosis
[11]. However, these shallow statistical features only contain limited
shallow information about the fault pattern, which is difficult to
describe the internal information about the fault patterns especially
when the complexity of the machinery systems is increasing [12].
Therefore, in-depth mining should be carried out to reveal the complex
internal information in the signal [13]. Recently, deep learning methods
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have proved their superiority in feature representation learning, as they
could extract deep representation features from the collected data
automatically with the layered network. In previous studies, various
deep learning methods, for instance, Stacked Autoencoder (SAE), Con-
volutional Neural Network (CNN), and Deep Belief Network (DBN) have
been adopted for deep representation feature extraction in fault diag-
nosis [14-16]. For instance, Hyunseok et al. employed the Denoising
SAE method to diagnose the fault of rotating machinery online, while its
usefulness was verified by three case studies [17]. Yi et al. modified the
original logistic units of DBN and applied it to the diagnosis for planetary
gearboxes, the results show it has superior performance in fault diag-
nosis [18]. Wang et al. adopted the CNN-based bearing fault diagnosis
method with SE blocks, and the experimental results proved the superior
performance of their method [19]. Among these mentioned deep
learning methods, CNNs are more suitable for signal data processing due
to the convolutional and pooling function are computationally efficient
during exhibiting the periodic characteristics contained in the signals
[20]. With the architectures of CNN becoming increasingly deep for
capturing more complex information, the vanishing-gradient phenom-
ena often occur in traditional network topologies of CNN [21]. As an
efficient solution to such phenomena, DenseNet alternatively uses the
dense connection between different layers to enhance the information
flow and extract high-quality features even if the depth of the network is
excessively deep [22]. Considering that the structure of DenseNet is
suitable to balance the quality of the features and the depth of the
network, a modified DenseNet with 1-D kernels is utilized in this paper
to extract deep internal information from the raw 1-D signal data.
Although the shallow statistical and deep representation features can
indicate the fault patterns at various levels, how to comprehensively use
them to enhance the fault diagnosis performance is still a challenging
issue especially when they contain redundant components [23].

In the stage of fault pattern recognition, different intelligent fault
diagnosis approaches based on machine learning, such as Extreme
Learning Machine (ELM), Support Vector Machine (SVM), and Artificial
Neural Networks (ANN), have been successfully applied and achieved
superiority performance in previous studies [24-26]. For instance, Qin
et al. developed a weighted ELM that can quickly and accurately detect
the fault status by considering feature reliability [27]. Rauber et al.
constructed a SVM-based fault diagnosis technique with the features
vector including, statistical parameters, and envelope features, to
distinguish the fault types of rotating machinery [28]. Mojtaba et al.
integrated the ANN and discrete wavelet transform to establish a fast
diagnosing system for multifunctional spoilers with higher reliability
[29]. However, in the real-world application of fault diagnosis, the
samples in the normal state are often far more than the samples in fault
states due to that the mechanical systems work in the normal state at
most times [30]. Consequently, the conventional machine learning
methods will inevitably suffer the class imbalance problem. In previous
studies, sampling methods, cost-sensitive learning methods, and
ensemble methods are three frequently used methods to address the
class imbalance problem [31-33]. However, sampling methods may lose
some sample information during the sampling process [34]. And it is
also difficult to determine the cost weight when employing cost-
sensitive learning methods [35]. Thus, ensemble methods become a
popular choice to solve the class-imbalance problem due to their
generalization ability and stability. For example, Wang et al. employed
an ensemble method with a heterogeneous structure for identifying the
fault types of planetary gearbox and the results showed the fault diag-
nosis accuracy has been significantly improved [36]. Li et al. identified
the faults by assembling different classification results based on different
feature extractors and their effectiveness and applicability were vali-
dated by the experimental results [37]. Zhang et al. adopted an
ensemble learning-based fault diagnosis approach which contains
several incremental support vector machines, engineering tests, and
experimental results used to validate their method [38]. In ensemble
learning, generating base learners and aggregating their outputs are two
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main fundamental steps. The former step can be established by the
instance partitioning approaches or feature partitioning approaches.
The instance partitioning approaches, such as Bagging and Boosting,
may perform poorly when the features are high-dimensional [39].
Instead, the feature partitioning approaches perform better under the
situation of the high-dimensional features [40]. Random Subspace (RS),
one of the representative feature partitioning-based approaches, trains
each base learner on the feature subset randomly selected from the raw
features. To reduce the negative influence of redundant features being
randomly selected into the same feature subset, it is necessary to take
some prior knowledge of the data, such as the importance of features,
into account during feature partitioning. As an efficient feature
weighting method, Random Forest (RF) is suitable to assign the impor-
tance to different features [41]. Besides, to aggregate the output of
different base learners, Majority Voting and Average are two frequently
used strategies in previous studies, nevertheless the relative weight be-
tween different base learners and their inherent properties have not
been fully exploited [42]. Different from the traditional aggregating
strategies, the Evidential Reasoning (ER) Rule can incorporate the
weight and reliability simultaneously when aggerating different pre-
diction results, and thus improves the performance of fault diagnosis
[43,44]. Therefore, in this paper, the RF is introduced to the feature
sampling process to assign different weights to features and the ER rule
is introduced for aggregating the final diagnosis result.

Inspired by the above-mentioned analysis, an Imbalanced Ensemble
Method with DenseNet and Evidential Reasoning Rule, i.e., IEMD-ER, is
proposed in this paper. Firstly, different features including time-domain
features, frequency-domain features, time-frequency domain features
extracted by statistical methods, as well as deep representation features
obtained using DenseNet are the input of the proposed method. Sec-
ondly, an improved ensemble method composed of random subspace
technique and RF is proposed which can choose high-quality feature
subspaces and produce superiority base classifiers to defeat the class
imbalanced problem. Finally, to get robust diagnosis results, the fault
diagnosis results are generated by combining the outputs of different
base classifiers with the ER rule, meanwhile, their reliabilities and
weights are considered simultaneously. Experiments were conducted on
the bearing datasets provided by Paderborn University, and the exper-
imental results show the superior performance of the proposed method
to other intelligent fault diagnosis techniques.

The main contributions of this study are summarized as follows:

(1) An enhanced and robust ensemble learning-based framework
that can enhance the machinery fault diagnosis performance is
presented. In the framework, the feature fusion of different
domain features and class-imbalance problems are well-
considered simultaneously in this framework.

(2) An imbalanced ensemble method with DenseNet and ER rule is
proposed in this study. In this method, the shallow statistical
features, such as time domain features, frequency domain fea-
tures, and time-frequency domain features, as well as deep rep-
resentation features are obtained and assigned weights first.
Multiple diverse base classifiers are generated based on the
feature subspaces generated from weighted features. Finally, the
output of each base classifier is adaptively aggregated by the ER
Rule to obtain the final diagnosis results.

(3) The bearing vibration dataset obtained from Paderborn Univer-
sity is adopted for the evaluation of the proposed IEMD-ER, and
the empirical study based on the dataset proves that the proposed
IEMD-ER is an efficient fault diagnosis method compared with
other commonly used methods.

The remainder of this study is organized as follows. Section 2 gives
details information of the framework. Section 3 will give the experiment
procedure in detail. The experimental results and the discussion are
reported in Section 4. Finally, Section 5 gives the conclusion and
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indicates future works.
2. Proposed intelligent fault diagnosis method
2.1. Framework of IEMD-ER

Timely and intelligent fault diagnosis is of crucial importance to keep
rotating machinery operating reliability and security. Previous studies
have extensively explored machine learning-based fault diagnosis
methods. However, most of the studies only adopted shallow statistics
features or deep representation features, which may lose the internal
feature learning ability or the domain knowledge. Furthermore, in real-
world applications, machines usually operate in the normal status,
which is to say, the normal samples are generally more than faulty
samples in general, which will cause the class-imbalance problem.
Therefore, a novel IEMD-ER method for machinery fault diagnosis is
proposed, in which the shallow statistical features and deep represen-
tation features are obtained for multiple diverse base classifiers training
meanwhile the different importance of the features are being considered
as well. To get the final diagnosis results, the outputs produced by these
base classifiers are then adaptively fused using the Evidential Reasoning
Rule. Fig. 1 displays the framework of the proposed IEMD-ER, and the
components of the proposed method are presented as follows:

(1) Data Acquisition: Vibration signal data with various fault types of
machinery, including three inner fault types and two outer fault
types are collected and divided into samples respectively.

(2) Feature extraction: signal processing methods are used to extract
shallow statistical features which can describe the different fault
patterns in different domains, including time-domain, frequency-

Data Acquisition
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domain, and time-frequency domain. Meanwhile, a modified
DenseNet with 1-D kernels is adopted to obtain deep represen-
tation features from signal data.

Model Construction: An improved RS approach is used to
generate different feature subsets for training base classifiers,
which incorporates the SMOTE sampling strategy and considers
the importance of different features simultaneously [45]. Then,
the outputs of different base classifiers are combined by the ER
rule where the weight and reliability of each base classifier are
considered simultaneously during the fusing process.

(3)

2.2. Feature extraction

The collected signal data can be expressed in different aspects of the
fault diagnosis field. To fully reveal the fault patterns, the time-domain,
frequency-domain, and time-frequency domain features considered as
shallow statistical features are extracted firstly. More specifically, the
features in the time domain and frequency domain are acquired using
numerical formulations, meanwhile, the features in the time-frequency
domain are obtained using WPT and EEMD. To better represent the deep
fault information, the deep representation features are extracted by
utilizing the modified DenseNet with 1-D kernels to represent the deep
internal information of the signal data.

2.2.1. Feature extraction of shallow statistical

The shallow statistical features can be categorized into time-domain
features, frequency-domain features, and time-frequency domain fea-
tures. The details of the shallow statistical feature extraction are given
below.
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Fig. 1. Framework of the proposed method.
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(1) Time-domain features

As commonly adopted features, Time-domain features obtained by
numerical formulations are sensitive to early faults and have been
proven to be useful to represent machinery faults. Therefore, some
classical time-domain features, including mean, maximum (MAX),
minimum (MIN), root mean square (RMS), skewness value (SV), kurtosis
value (KV), and mean of absolute amplitude (MAA) are obtained from
the raw vibration signals.

(2) Frequency-domain features

Different from time-domain features, frequency-domain features
show the distribution characteristics of the signal and can discover some
useful information from different aspects. In previous studies, the vi-
bration signal can transform from the time domain into the frequency
domain with the help of the fast Fourier transform (FFT). On this basis,
some commonly used frequency-domain features are extracted,
including the maximum of frequency (MAXF), skewness value of fre-
quency (SVF), kurtosis value of frequency (KVF), root variance of fre-
quency (RVF), and mean of frequency (MEANF), etc.

(3) Time-frequency domain features

Time-frequency domain features provide better-localized defect in-
formation and can analyze the nonstationary signal data both in the time
and frequency views, which is more comprehensive than time-domain
and frequency-domain features. In previous studies, ensemble empir-
ical mode decomposition (EEMD) and wavelet package transforms
(WPT) are commonly used signal processing techniques. Thus, EEMD
and WPT are employed to extract the time-frequency features.

2.2.2. Feature extraction of deep representation

The shallow statistical features extracted from signal data by the
mathematical formulates and signal processing techniques only capture
the shallow information. The performance of these extracted features is
affected by expert knowledge, which will perform uncertainly in fault
diagnosis. Thus, it is important to take the deep information into account
to fully describe the fault patterns. As mentioned before, CNNs are
suitable to learn the deep representations from the vibration signal data
because they can perform well on the periodic signal data. Thus, the
CNNs are employed to extract the deep representation features in this
paper.

Usually, the CNNs generate the output x; of the [ layer by using a set
of nonlinear functions H to the outputs of the previous layer, which is
given as:

lth

x = H(x1) @

In detail, H(-) can be the Convolution operation, Pooling operation,
rectified linear units (ReLU), or Batch Normalization (BN). For example,
the convolution operation can be formulated as:

Vi =w X1 +b 2

where w denotes the convolutional kernel vector, x;;,x_; means the sub-
signal data with length k of the input signal data x fromitoi+ k-1, and b
is the bias term.

The deep representation features, i.e., the output of the last hidden
layer, can be extracted through consecutive nonlinear operations.
However, some details of the original data tend to disappear in the last
layer of the network when the depth of the CNN network goes deeper
and deeper. To address the issue mentioned before, DenseNet can
strengthen the information flow by connecting each layer to all the
previous layers.

As a variation of CNN, DenseNet can strengthen the feature propa-
gation and increase the training efficiency with dense connection and
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fewer parameters. Thus, deep and high-quality features can be obtained
with the special architecture. The input of I layer is the output from all
preceding layers,xo, ..., X;:

x; = Hi([xo, ..., x1]) 3

The input of the DenseNet is a segment of the raw signals, which is
illustrated in Fig. 2.

The first convolutional layer is used to learn the initial representation
of the original signal data without any transformation. In this paper, the
standard DenseNet is modified for getting better performance in the
features extraction, 1) To process the raw vibration signal data directly,
1-D convolutional kernels are used directly instead of 2-D convolutional
kernels. 2) The convolutional kernels of previous layers of the network
are wide meanwhile the followings in different blocks are small. Using
wide convolutional kernels and multilayer small convolutional kernels
can deepen the network and help to acquire better representations of the
input signals, thereby improving the network’s performance. To
enhance the generalization ability, batch normalizations and dropout
are used, which are applied after the convolutional operations. The deep
representation features can be obtained using several consecutive Den-
seblocks. Each Denseblcok has 5 Denselayers which consist of several
convolutional and batch norm layers. Finally, the deep representation
features are obtained by gathering the outputs from the hidden layer of
the modified DenseNet.

2.3. Generation of base classifiers

In real-world applications, the normal class samples are usually far
more than fault class samples. Directly using the combination of shallow
statistical and deep representation features will cause high-dimension
problems to a certain extent, and another drawback is typical classi-
fiers are always biased toward the major class based on these samples.
To tackle this problem, the improved RS method is adopted due to it can
select different low-dimensional feature sets instead of using all the
features to construct base classifiers, which can enhance the diversity
and robustness of the method. However, the base classifiers constructed
based on the randomly selected feature subsets may have poor perfor-
mance in the fault diagnosis. Thus, taking the importance of different
features and minor class samples into account during the process of
feature selection is essential, which can make the important features are
easily selected than other redundant features. Therefore, an improved
semi-random base classifier generation method is proposed in this study,
making important features easily selected and guaranteeing the di-
versity and accuracy of the generated base classifiers. For dealing with
the imbalanced dataset, we incorporate the SMOTE into the base clas-
sifier generation process to balance the dataset before determining the
importance of different features.

The SMOTE algorithm is an improved instance sampling method,
which can produce new samples based on the characteristic of samples
belonging to the minor classes. The main idea of SMOTE is to select the
neighbors of minor samples, and then generate new samples from the
selected minor class samples [46]. For the sample x belonging to the
minor class, the SMOTE algorithm first selects a defined number of
nearby neighbors of x, and generates new samples based on these
selected neighbors then, which is given in equation (4):

Xnew = X+ rand(0,1) x (X — x) 4

where X means the neighbors of the sample x.

After balancing the dataset, a predefined number of feature sub-
spaces, which are also named feature subsets, can be selected to
construct the base classifiers. If the features are selected arbitrarily, it is
risky to assemble some poor base classifiers, which will have a negative
influence on the final diagnosis result. Thus, some prior knowledge from
the features should be considered which can be used to guide the feature
subsets generation during the construction of the ensemble model. In
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Fig. 2. Structure of the modified DenseNet.

other words, it is important to find a way to assign meaningful weights
to different features. Therefore, in the improved semi-random RS
method, the importance of features is determined by calculating the
contribution of each base classifier when adding noise to a feature in the
training process of the RF [47]. Then, a predefined number of feature
subspaces is produced by considering the weight of features. Finally,
based on each feature subset, the decision tree is employed as the base
classifier to give the prediction results. Meanwhile, the improved semi-
random RS method can ensure that the features with large weights have
a high probability of being selected. Table 1 gives the pseudo-code of the
feature importance calculation and the base classifier generation
procedure.

2.4. Combination of results using Evidential Reasoning rule

After the training of base classifiers with different feature subspaces,
the proposed method tries to combine the prediction results of each base
classifier to get the diagnosis results. Instead of using a majority voting
strategy or average strategy to fuse the perdition results, which cannot
take the relative importance between different classifiers and their
intrinsic characteristics into account, the proposed IEMD-ER employed
an adaptive ER rule to fuse different prediction results of the base
classifiers.

Table 1
Feature importance calculation and base classifiers generation.

Feature importance calculation and base classifiers generation

Input: Training set D = {(x1,¥1), (X2.Y2), ... (Xn,¥n) }; Random subspace rate:r
OOB;: out-of-bag data using bootstrap of tree t;
Features F = {f1.f2,....fm}
a predefined number of base classifiers as K; feature subset fsy;
Process:
1. create T trees based on D;
2. for feature f;, in F:
3. foratreeinT:
4 calculate the error errOOB1,y, of this tree using OOB;;
5 add some noise to the feature;
6. calculate the error errOOB2;y, of this tree using OOB;
7 calculate the importance of fi, in this tree by (errOOB2;, —errOOB1,y, );
8. end for
T |errOOB2, 4, — errOOB1,;,
IT]|

9. normalizing the importance of feature w, =

10. end for

11. get the importance of all features w = {wy,wa,...,Wn }
12. for k in K:

13. features number =round(m x r)

14. while |fsi| < featurenumber do

15. generate a random number random between 0 and 1;
16. set sum = 0;

17. for p in M:

18. sum = sum + wp

19. if sum > random and p —th feature N fy, = @:

20. add the p-th feature to fi;

21. wp = min(w)

22. end if

23. end for

25. training base classifier Cy on the training set with generated feature subset fs;;
26. end for
Output: Base classifiers C = {C1,Ca,...,Ck}.

The ER rule is used to fuse the evidence or information from the
perspective of probability, which is developed based on the Dempster-
Shafer evidence theory and has been widely employed in several sce-
narios, such as decision making and fault diagnosis [39,48]. In ma-
chinery fault diagnosis, the prediction result of a base classifier is
considered as a piece of evidence. And each prediction result is gener-
ated by one feature subset sampled independently with replacement,
which can meet the requirement of the ER rule. Thus, ER rule is adopted
as the results fusion strategy in this paper. To fuse the different pre-
diction results, the weight and reliability of each base classifier should
be defined in advance. Based on the concept of ER rule, the weight de-
termines the relative importance among different evidence, and reli-
ability shows the intrinsic characteristics of the information source. The
accuracy is used to judge the base classifier by comparing it with other
base classifiers. Thereby, the average train accuracy of base classifiers is
used to represent the relative importance of each base classifier in this
paper. Furthermore, in human cognition, a man will be reliable if the
man is similar to others. Thus, we denote the average similarity of a base
classifier with other base classifiers as the reliability of the classifier. The
calculation of weight and reliability are given in Equations (5) and (6).

_train;
weight; = M, #i (5)
> iacc_train;
k-1
retiabiity, — =20 ©®

k—1

where y; is the predicted result of all the train samples of a base classifier
Jj,» ¥jyi means y; multiply y;, k means the number of base classifiers.
According to the definition above, the weight and reliability of each base
classifier can be determined automatically without the need for any
prior knowledge about the datasets. A brief description of the procedure
of the ER rule is given as follows, and the detailed process of the ER rule
can be found in [44].

As the base assumption of the ER rule, a set of mutually exclusive
assumptions Q = {61, 02, ..., ok } should be considered first. In this paper,
Q = {Healthy; Inner Fault Type 1,2, 3;Outer Fault Type 1,2}  denotes
different categories of faults. P(Q) means the power set composed of all
subsets of Q. In ER rule, the ignorance is defined as the uncertainty of a
situation, which means no probability can be assigned to a situation ¢ or
any subsets of ¢. The prediction result of the base classifier in probabi-
listic format can be regarded as a piece of evidence, which can be
modeled by a distribution defined in the power set by:

6= {(o,pu,/-),\w CQD po=1 } %)

oeQ

where (6,py;) indicates that the ¢ is supported by evidence e; with the
probability of p,;. In this paper, ¢ is directly related to a certain type of
machinery’s health condition. The weight of each base classifier is
denoted as weight;, and the reliability of each base classifier is considered
as reliabiliy;. The weight and reliability of each base classifier are
considered as evidence simultaneously, the support degree of ¢ for ¢; is
identified as Equations (8) and (9):
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0 c=¢
ﬁ:lu./ - Wiprﬂ o C Q, o 76 d) (8)
1-W  o=P(Q)
~ ight;
W weight; ©)

1y weight; — reliability;

where w; means the new hybrid weight. The combined evidence e(2),
which can support ¢ with the probability of p,.), can be calculated
using two pieces of evidence e; and e;. The calculations are given as
Equations (10) and (11):

0 c=4¢
Poe2) = mi“@) 6CQo#d (10$)
Mpe(2)

Mooy = [(1 = r)mog + (1 — r)men | + mpimcy¥o CQ - (11)
BNC=0:B,CCQ
Based on BN C = o, the conjunctive belief mgp; and mc of o is reason
by using the latter term of equation (11). After obtaining the evidence
e(2) by using evidence e; and e,, the fusion of the remaining pieces of
evidence can be calculated by applying the same procedure, which is
given in Equations (12) and (13):

ey = [(1 = 1) Mg i1+ Mp(o) -1y | + Mg o(j-1)Mc 5 VO
BNC=0;B,CCQ

co
12)

ip@).eg) = (1= 1;)me).e) 13)

where p(q) o(j denotes the residual support of evidence e(j) that can be
assigned to a certain fault type o.

3. Experiment setup
3.1. Experimental data

The real-world bearing datasets generated in a specific test rig at the
Chair of Design and Drive Technology, Paderborn University is adopted
to verify the proposed method. The acceleration of the bearing housing
is measured on the adapter at the top end of the rolling bearing module
using a piezoelectric accelerometer. The signal is digitalized and saved
synchronously to the MCS with a sampling rate of 64 kHz [49]. After the
experiments, 12 bearings are run with artificial damages and 14 bear-
ings run with damages from accelerated lifetime tests, and 6 bearings
run without any damages. To verify the proposed method, 6 different
bearings were used in this study: 3 bearings with inner faults, 2 bearings
with outer faults, and 1 healthy bearing. And they are labeled with 0 to
5. To evaluate the proposed method under different class-imbalanced
levels, four datasets IRjg, IRz9, IRs59, and IRjg9 with different

Table 2

Details of the Datasets.
Class Number of Samples

IR10 IRz IRs0 IR100
Healthy 1500 1500 1500 1500
Inner Fault Type 1 150 75 30 15
Inner Fault Type 2 150 75 30 15
Inner Fault Type 3 150 75 30 15
Outer Fault Type 1 150 75 30 15
Outer Fault Type 2 150 75 30 15
Total 2250 1875 1650 1575
Ratio 10 20 50 100
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imbalanced ratios are created from the original Paderborn University
Bearing Dataset. The detail of these datasets is given in Table 2. The
samples of the normal state are regarded as the major class, and others of
different faults are regarded as the minor class. The details about the
number of major class samples, imbalanced ratios, and fault types are
specified in Table 1, where the imbalanced ratio of 10, 20, 50, and 100
denotes that the samples of the major class are 10, 20, 50, and 100 times
larger compared with the samples of the minor classes. In addition, each
condition is intercepted into one sample by every 1024 points to
generate enough samples.

3.2. Feature extraction

3.2.1. Shallow statistical features extraction

To describe the fault pattern comprehensively, 16 time-domain
features and 12 frequency-domain features are extracted from the
signal data first. To better describe the features, the corresponding
definitions of the features are listed in Table 3 and Table 4. In Table 3, x;
in each equation means the collected vibration signal value at i, and N
means the length of the collected vibration signal. Meanwhile, the y; and
L in Table 4 have the same meaning with x; and N for clearer expression.

Nevertheless, time-frequency domain features are also obtained to
describe the fault types. EEMD and WPT are adopted to obtain the
time-frequency domain features in this paper. For the EEMD, the
ensemble number is set to 100, and the stand deviation of the noise data
is set to 0.2. After the decomposition of the vibration signal, the energy
entropy of the intrinsic mode function (IMF) and residue signal in the
EEMD is obtained as features. For the WPT, the original vibration data at
the 5th level decomposed by the mother wavelet ‘DB4’, and the node
energy can be regarded as the features. Thus, 32 wavelet packet features
and 10 features extracted by EEMD are consequently obtained as the
time-frequency domain features. Fig. 3. shows the reconstructed signals
by different nodes of EEMD.

3.2.2. Deep representation features extraction

DenseNet with 1-D kernels is utilized to obtain the deep represen-
tation features automatedly. The output of the last hidden layer is
selected as the deep representation feature to describe the fault patterns.
In the modified DenseNet, different convolution kernel sizes and block
structures are used to construct the network for getting better feature
extraction ability. The hyperparameters of the DenseNet are determined
by cross-validation which is given in Table 5.

3.3. Evaluation metrics

For a given classification problem, there are four types of results,
which are true positive (TP), true negative (TN), false positive (FP), and
false negative (FN). To evaluate the methods in this paper, two kinds of
commonly used metrics are adopted based on these possible results,
namely MG-Mean and Macro-F1 [50,51]. MG-Mean and Macro-F1 are
effective metrics for evaluating the overall performance of a multi-class
classification problem. If the classifier performs equally well on all
classes, it can achieve high MG-Mean and Macro-F1 scores. The calcu-
lation of MG-Mean and Macro-F1 are given as:

MG — Mean = «/ H?:lrecall, 14

Zn 2 xprecisionj X recall;
i=1precision;+recall; (15)

n

Macro—F1 =

where recall; means the Recall of class i, precision; means the Precision of
class i, and n means the number of classes, i.e. fault types.

3.4. Experimental procedure

To show the effectiveness of IEMD-ER, some well-known methods,
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Table 3
Features extracted in time-domain.
Mean 1N Mean of absolute amplitude 1N
Xmean = X]Ziflxi P Xmav = ]T]Zifl [i|
Root variance 1w ) 1/2 Max Xmax = max(x;)
X = (2t (% — X )
Min Kmin = min(x;) Root Mean square

Square root of amplitude

Koo = (3320 Vil >2

3
1N (Xi — Xmean
- G (o))
Xep = max(xi| ) /Xrms

me = ma-x(lxi‘ )/Xsra
Xop = Xy / Xabs

Skewness value

Crest factor
Margin factor
Shape factor

1 1/2
N
Xrms = (ﬁzizlxiz>
4
0 ()

Xppy = Xmax —Xmin

Kurtosis value

Peak-peak value

Impulsive factor
Kurtosis factor

Xip = max(|xi| ) /Xaps
Xig = Xiy /Ko

Skewness factor Xaf = X /X3,

Table 4
Features extracted in frequency-domain.

Mean of frequency Xineant ,EZL n
meanf =72 4

Root variance of frequency

172
It
Xnp = (ZZH (7 7Xmeanf)2>

Maximum of frequency
Root mean square of frequency

Xmaxy = max(yr)

1 1/2
L
Xrmsf = (ZZHylz)
4
1 — Xime:
Koy = (1300 (et ) )

Xy = Xy /Xyt

1/2
s = (30 (1) s |

Kurtosis value of frequency

Kurtosis factor of frequency

Root mean square with frequency

Minimum of frequency
Skewness value of frequency

Kning = min(yy)

3
A (Y Xneans
Ko = (ZZZ:1< Xrf

Skewness factor of frequency Xigr = Xiof /X?w‘

Frequency center X = 21{1 (fz-}’z) / X meant

1/2
1
Xy = (ZZ;—I (fi = X5e) 231/ Ximeant )

Root variance with frequency

including DT, Adaboost, Bagging, and RF are selected to analyze the
same dataset. And the standard RS with ER is also adopted as the
compared method to show the improvement of the proposed IEMD-ER.
In addition, some sampling methods are also selected to demonstrate the
advantage of ensemble methods to defeat the imbalanced data. Thus,
some sampling methods, such as SMOTE, Random under sampling with
Boost (RusBoost), and Random over sampling with Boost (RosBoost) are
also selected as the compared methods.

To validate the methods, 80 % of the dataset is chosen as the training
set, and the remaining as the testing set. Furthermore, in order to
improve the robustness of the fault diagnosis result, all the methods
conducted on the dataset were using cross-validation. In detail, the
training set will be divided into five folds, of which four folds are taken
for training and the remains for testing. The parameters will be tuned in
the procedure of training. The parameter settings with the best MG-
Mean and Macro-F1 are chosen as the final parameters perform on the
testing set. The detailed parameter settings of the proposed IEMD-ER
and comparison methods are given in Table 6.

4. Results and discussions
4.1. Results

After the experiments, the results of IEMD-ER and other compared
methods are shown in Tables 7 and 8. The mean and standard deviation
of MG-Mean and Macro-F1 are calculated by using the output of ten
times fivefold cross-validation. As shown in Table 7 and Table 8, it is
clear that the proposed method achieves the best performance. i.e.,
98.29 % (IR10), 97.71 % (IR20), 97.20 % (IRs0), and 95.60 % (IR;90) for
the MG-Mean and 98.33 % (IR19), 97.84 % (IRz), 97.43 % (IRsp), and
96.33 % (IR190) for the Macro-F1. Meanwhile, the IEMD-ER has better
performance, since its standard deviations are small while the mean is

high. Besides, as shown in the tables, the ensemble methods have better
performance than the single method. Hence, using the combined fea-
tures can improve the performance of MG-Mean and Macro-F1 under
class-imbalance situations. The proposed IEMD-ER method performed
well for the fault diagnosis task. In short, the results shown in the tables
have proved the usefulness of the proposed IEMD-ER in fault diagnosis.

4.2. Discussions

4.2.1. Evaluation of different domain features and their combination

The results of using shallow statistical features, deep representation
features, as well as their combination are reported to verify the ratio-
nality of different domain features. It is clear in Fig. 4, the internal
correlation of shallow statistical features is strong than that of deep
representation features, which indicates the shallow statistical features
may contain some redundant information thus influencing the perfor-
mance of the fault diagnosis model.

Figs. 5 and 6 illustrate the MG-Mean and Macro-F1 of shallow sta-
tistical features (F1), deep representation features (F2), and their com-
bination (F3). As for single-domain features, the performance of the
methods based on deep representation features is better compared with
those of the shallow statistical features under different imbalance ratios.
Besides, the performance will decrease while the imbalanced ratio is
increasing. For instance, the MG-Mean and Macro-F1 of shallow statis-
tical features under different imbalanced ratios are 2.69 %, 6.2 %, and
7.53 % as well as 2.31 %, 5.00 %, and 4.77 % lower than the average
MG-Mean and Macro-F1 of IR;9. However, for the combined features it is
only 0.57 %, 1.00 %, and 2.60 % with G-Mean as well as 0.49 %, 0.90 %,
and 2.00 % with Macro-F1 lower than the average of IR;p under the
same situation. It can be seen that the stability of the performance of
shallow statistical features tends to decrease when the imbalance ratio
increases. Hence, the combined features are performed stable due they
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Fig. 3. Reconstructed Signals.
bl can represent the deep structure information in the signal data.
'Il;a ee 5arameter Settings of the Modified DenseNet Furthermore, most of the methods perform better with the combined
yPerp & - features, which shows the effectiveness of the combined features. Spe-
Name Valve cifically, in IR;9, the MG-Mean, and Macro-F1 of the proposed method is
Layers 34 improved by 5.12 %, 4.89 % compared with shallow statistical features,
Dense blocks 3 0.75 %, and 0.77 % compared with deep representation features. The
Dense layer of each Block 5 improvements of MG-Mean and Macro-F1 show the usefulness of com-
Growth Rate 3 . . . . .
Kernel Size 5.3 bined features in fault diagnosis. In the meantime, the performance of
Drop Rate 0.6 the proposed method with different imbalance ratios has improved by

0.48 % (IR10), 0.60 % (IR20), 1.29 % (IR5p), and 1.62 % (IR19p) with MG-
Mean as well as 0.46 % (IR;9), 0.63 % (IRz0), 2.08 % (IR5¢), and 1.31 %
(IR;90) with Macro-F1 compared with the standard RS with ER. How-
ever, not all the methods can properly deal with the fused features, the
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Table 6
Parameters setting.
Methods Parameters
DT Max Depth: 5, Min Samples Split: 25;
Adaboost  Number of the Base Classifiers: 10; Base Classifier: DT;
Bagging Number of the Base Classifiers: 10; Base Classifier: DT;
RF Number of Base Classifiers: 10; Bootstrap: True; Base classifier: DT,
Criterion: Gini;
SMOTE K:10;
RusBoost Sampling Strategy: {1:10,1:20,1:50,1:100};
RosBoost Sampling Strategy: {1:10,1:20,1:50,1:100};
RS-ER Subspace Rate: {0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0}; Number of
Ensembles: 10; Base Classifier: DT;
IEMD-ER  Subspace Rate: {0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0}; Number of

ensembles: 10; Base classifier: DT.

results of Adaboost on combined features are worse than on deep rep-
resentation features, which indicates the noise in the shallow statistical
features will decrease the diagnosis performance. In summary, the
performance of fault diagnosis can be improved with the fused features,
and the proposed method can address the high-dimensional and class-
imbalance problem to a certain extent.

4.2.2. Evaluation of different aggregation strategies

In this paper, the ER rule is employed to fuse the outputs of different
base classifiers. Other fusion strategies such as major voting (Voting),
weighted voting (W-Voting), and evidence reasoning approach (ERA)
are selected for comparison to prove the usefulness of the ER rule [52].
All the hyperparameters of the proposed method are set to the same
except for the fusion strategy for the fair evaluation. As presented in
Fig. 7, the values of G-Mean and Macro-F1 with different fusion strate-
gies demonstrate that the proposed IEMD-ER has superior performances
than other fusion strategies. And the proposed method is more stable
than other methods based on the standard variance. The performance of
W-Voting and ERA is lower than the Voting strategy when the imbalance
ratio becomes high, which indicates that the high imbalance ratio will
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increase the conflict between different evidence and influence the fusing
procedure. In addition, compared with the W-Voting and ERA, the ER
rule performs better, which means ER rule can improve its performance
by taking the weight and reliability into account under an imbalanced
situation. Therefore, the proposed IEMD-ER can enhance the perfor-
mance of fault diagnosis meanwhile considering the feature fusion and
imbalance problem simultaneously.

5. Conclusion and future work

The fault diagnosis of machinery is of importance in the industry
field for reducing uncertain machine breakdown risk. In this study, an
Imbalanced Ensemble method with DenseNet and Evidential Reasoning
rule (IEMD-ER) is proposed to enhance the performance of machinery
fault diagnosis. The proposed IEMD-ER takes all the features into a
unified model, which is different from previous studies that only
incorporate the shallow statistical features or deep representation fea-
tures independently. The proposed IEMD-ER can fuse the shallow sta-
tistical features and deep representation features by utilizing an
improved semi-random subspace method. Meanwhile, the SMOTE is
introduced to the proposed method to defeat the imbalanced problem
and the ER rule is adopted for the prediction results fusion of base
classifiers. Experiments are conducted on the bearing datasets provided
by Paderborn University to validate the effectiveness of the proposed
IEMD-ER based.

Although the effectiveness of the proposed IEMD-ER has been proved
in this work, there are still some aspects that need to be further
enhanced. Firstly, the RF is adopted to effectively select the feature
subsets, meanwhile, other methods can also be introduced to generate
the feature subsets. Secondly, it is worthwhile to validate the proposed
method under different class-imbalance ratios, as different imbalance
datasets can be adopted to enhance the effectiveness of IEMD-ER in real
applications. Thirdly, in the real-world applications of fault diagnosis,
parallel computing methods should be employed to improve computa-
tional efficiency.

Table 7
MG-Mean of the methods.
Methods MG-Mean
IR10 IRz IRso IR;00
Mean (%) Std (%) Mean (%) Std (%) Mean (%) Std (%) Mean (%) Std (%)
DT 94.89 1.40 93.38 2.31 87.06 4.55 86.90 8.52
Adaboost 95.80 1.43 94.67 2.16 89.43 5.20 81.47 14.63
Bagging 97.36 1.31 96.09 1.96 95.40 3.64 91.13 14.31
RF 97.59 1.27 96.33 1.85 95.37 3.55 93.70 5.68
SMOTE 96.63 1.62 95.04 2.41 93.43 4.75 90.26 7.53
RusBoost 96.87 1.24 95.08 2.78 92.81 5.56 89.23 14.96
RosBoost 95.81 2.01 94.55 2.50 91.76 4.61 88.90 14.45
RS-ER 97.81 1.17 97.11 2.05 95.91 3.82 94.07 6.03
IEMD-ER 98.29 0.96 97.71 1.82 97.20 2.66 95.69 4.42
Table 8
Macro-F1 of the methods.
Methods Macro-F1
IR10 IRz IRso IR;00
Mean (%) Std (%) Mean (%) Std (%) Mean (%) Std (%) Mean (%) Std (%)
DT 95.17 1.25 94.00 2.10 88.59 3.95 89.51 6.52
Adaboost 95.97 1.30 94.96 2.00 90.37 4.40 85.56 6.98
Bagging 97.45 1.22 96.42 1.81 95.93 3.20 93.83 5.30
RF 97.71 1.18 96.57 1.67 95.76 3.21 94.75 4.45
SMOTE 96.70 1.32 95.20 2.22 94.05 4.03 93.26 5.79
RusBoost 96.60 1.29 94.39 2.84 89.98 7.41 87.51 9.07
RosBoost 95.96 1.87 94.68 2.25 92.57 3.96 91.11 5.70
RS-ER 97.87 1.12 97.21 1.94 95.35 3.69 95.02 4.93
IEMD-ER 98.33 0.91 97.84 1.70 97.43 2.43 96.33 3.63
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Fig. 4. Correlation of different features in IR;o: (a) Shallow statistical features;(b) Deep representation features.
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