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Abstract: Rolling bearings are the core components of rotating machinery. Their health directly
affects the performance, stability and life of rotating machinery. To prevent possible damage, it is
necessary to detect the condition of rolling bearings for fault diagnosis. With the rapid development
of intelligent fault diagnosis technology, various deep learning methods have been applied in fault
diagnosis in recent years. Convolution neural networks (CNN) have shown high performance in
feature extraction. However, the pooling operation of CNN can lead to the loss of much valuable
information and the relationship between the whole and the part may be ignored. In this study, we
proposed CNNEPDNN, a novel bearing fault diagnosis model based on ensemble deep neural
network (DNN) and CNN. We firstly trained CNNEPDNN model. Each of its local networks was
trained with different training datasets. The CNN used vibration sensor signals as the input,
whereas the DNN used nine time-domain statistical features from bearing vibration sensor signals
as the input. Each local network of CNNEPDNN extracted different features from its own trained
dataset, thus we fused features with different discrimination for fault recognition. CNNEPDNN
was tested under 10 fault conditions based on the bearing data from Bearing Data Center of Case
Western Reserve University (CWRU). To evaluate the proposed model, four aspects were analyzed:
convergence speed of training loss function, test accuracy, F-Score and the feature clustering result
by t-distributed stochastic neighbor embedding (t-SNE) visualization. The training loss function of
the proposed model converged more quickly than the local models under different loads. The test
accuracy of the proposed model is better than that of CNN, DNN and BPNN. The F-Score value of
the model is higher than that of CNN model, and the feature clustering effect of the proposed model
was better than that of CNN.

Keywords: bearing fault diagnosis; convolutional neural network; deep neural network; feature
fusion; dynamic ensemble

1. Introduction

Rolling bearings have been widely applied in various rotating devices, which are used to
support the rotating bodies and transmit torque and power in transmission systems [1,2]. A bearing
failure can lead to unnecessary downtime, serious economic losses and even casualties [3]. Therefore,
reliable bearing condition monitoring is required.

Recently, deep learning has been widely applied in pattern recognition [4-6]. Deep learning is a
new field of machine learning. It is a multi-level feature learning method which uses simple but non-
linear components to transform the features of each layer (from the original data) into more abstract
higher-order hierarchical features [7]. Therefore, deep learning has a good feature learning ability.
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DNN, deep belief network (DBN), CNN, and deep auto-encoder are the main models of deep
learning.

Among various deep-learning models, CNN [8] originally used in image recognition has been
successfully applied in extracting feature. Their unique modeling characteristics can help to discover
local structures or configurable relations in observations, thus CNN is now the main model in image
analysis, video analysis, and speech recognition. CNN-based fault diagnosis methods have been
investigated in recent years. Chen et al. [9] used CNN to identify and classify gearbox faults. Firstly,
statistical measurements in time domain and frequency domain were extracted manually from
vibration signals as CNN'’s input. Then, CNN learned and extracted features automatically from
these statistical measurements. Janssens et al. [10] used CNN model in bearing fault detection with
vibration signals. CNN model worked on the frequency spectrum obtained from vibration data by
Discrete Fourier Transform. Zhang et al. [11] converted the vibration signal into an image and used
it as a CNN input for bearing fault diagnosis. Han et al. [12] proposed a dynamic ensemble
convolutional neural network (DECNN) model based on CNN and wavelet transform to identify
gearbox faults under variable speed. The DECNN model consists of several parallel CNNs and the
model input is a multi-level wavelet coefficient matrix constructed by wavelet packet transform. To
solve the non-stationary characteristics, Xie et al. [13] studied the feature extraction method of bearing
based on empirical mode decomposition (EMD) and CNN. The effective intrinsic mode functions
obtained by EMD are selected and reconstructed and the spatial information is extracted from
frequency spectrum by CNN. Then, the features extracted from both methods are combined together
to realize non-stationary signal feature extraction and fault diagnosis. Xia et al. [14] combined the
rolling bearing vibration signals collected by multiple sensors as the input of CNN to achieve the
higher and more robust diagnostic performance. Guo et al. [15] studied and improved the CNN
structure and proposed a new hierarchical learning rate adaptive deep convolutional neural network,
which can not only diagnose bearing failure but also determine its severity. Based on the different
signal characteristics of bearing, Wang et al. [16] used particle swarm optimization algorithm to
determine the main parameters of the CNN model. In the above studies, a two-dimensional
convolution structure is used in image processing, thus the two-dimensional convolution structure
is selected for mechanical fault diagnosis. One-dimensional (1D) CNN has been successfully applied
in the classification of bearing fault detection since most of the measured data of mechanical faults
are time-varying one-dimensional parameters. Turker et al. [17], Levent et al. [18] and Jing et al. [19]
successfully used 1IDCNN in the classification of bearing failure detection.

Although CNN have made great achievements in fault diagnosis, CNN pays more attention to
local features [20-22]. When data dimension is reduced, the pooling layer of CNN may lose a lot of
valuable information and ignore the relationship between the whole signal and a part of the signal.
For the same kind of failures with different degrees of severity, target descriptions based on details
are ambiguous, thus affecting the accuracy of fault diagnosis. In previous studies on mechanical fault
diagnosis based on CNN, mechanical vibration signals were converted into two-dimensional
matrices or images, thus increasing the work load and leading to the wrong expression of
information.

Time domain statistical features can reflect the signal amplitude fluctuation, impact intervals
and energy distribution law, and have been approved as simple and effective features for fault
diagnosis [23-25]. For example, square root amplitude value and absolute mean amplitude value can
measure the vibration amplitudes and energy of time domain signals. Peak-to-peak amplitude is the
distance from the top of the positive peak to the bottom of the negative peak. Kurtosis reflects the
degree to which the signal deviates from the normal distribution. Skewness and shape factor indicate
the degree to which the center of the signal probability density function deviates from the normal
distribution. With DNN, global features can be efficiently extracted from time-domain statistical
features of signals.

Since CNN shows defects in fault diagnosis, we attempted to integrate different deep learning
models to improve the prediction accuracy. It is reported that integrating various models can increase
the prediction accuracy [26-29]. We proposed a CNNPEDNN model for DNN parallel ensemble
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CNN based on feature fusion. In CNNEPDNN model, a fusion layer is added to integrate DNN with
CNN and the global features extracted by DNN from time-domain statistical features are combined
with the local features extracted by CNN from vibration signals. These abstract features can further
enhance the identification ability among different fault states. The proposed model was verified with
the bearing data of Case Western Reserve University (CWRU) under different load conditions and
compared against CNN.

The rest of this paper is organized as follows. Section 2 elaborates the basic knowledge of DNN
and CNN. Section 3 presents the proposed CNNEPDNN model with detailed description. Section 4
describes the experimental setup and time-domain statistical features and presents the evaluation
results on four sets of experiments. The advantages of the CNNEPDNN model were demonstrated.
Finally, the conclusions are drawn in Section 5.

2. Fundamental Theories

2.1. DNN Model

Similar to the shallow neural network layer, the neural network layer inside DNN is divided
into three categories: input layer, hidden layer and output layer. DNN has a deep structure composed
of a number of hidden layers. It is generally believed that a deep network contains at least three
hidden layers, whereas a very deep network should contain at least 10 hidden layers [30]. Through
multiple hidden layers, DNN can learn more complex functional relations. Goodfellow et al. [31]
indicated that, in certain problems, the more hidden layers of the network there were, the higher the
accuracy was. DNN structure is shown in Figure 1. The number of neurons in the input layer is
determined by the characteristics of sample data. Each hidden layer contains multiple neurons and
the number of neurons can be obtained from an empirical formula [31]. The output of each hidden
layer is nonlinear transformed through an activation function and common nonlinear activation
functions include sigmoid, Rectified Linear Unit (ReLU), etc. The number of neurons in the output
layer is determined by the number of sample labels. The output layer and the last hidden layer are
connected to logistic regression.
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Figure 1. Structure diagram of DNN.
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where "7 is the connection weight between the L—1 hidden layer neural cell / and the L
hidden layer neural cell J ; b" is the bias of L hidden layer neurons; ? is denoted as activation

function; and /) is the output of the L hidden layer neural cell /.

2.2.CNN

CNN has two network layers with a special structure, namely convolution layer and pooling
layer. The convolution layer is so named because it uses convolution operation instead of matrix
multiplication. Convolution layer and pooling layer are the core modules for realizing the CNN
feature extraction function. In general, alternating connection means that a convolution layer is
connected to a pooled layer and a pooled layer is then connected to a convolutional layer. Both
convolutional layer and pooling layer are composed of multiple two-dimensional planes and each
feature map is a plane. The numbers of convolutional layer and pooling layer can be determined
according to actual demands. Generally, CNN is composed of input layer, convolution layer, pooling
layer, fully connected layer and output layer. A typical CNN model is illustrated in Figure 2.
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Convolutional Layer Pooling layer Convolutional Layer Pooling layer L6

L1 L2 13 L4 Output Layer

Input Layer

X
Kernel Size: Pooling size Kernel Size: Pooling size
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Figure 2. A typical architecture of CNN.

Each convolution layer contains multiple convolution kernels, which are weight matrices.
Different convolution kernels have different weights. The convolutional layer extracts features
through the convolution kernel, which slides on the feature map of the previous layer and performs
convolution operation on the local region corresponding to the feature map. After the sliding is
completed, the convolution transformation is carried out on the feature map from the previous layer
and then the convolution result is nonlinearly changed to obtain the feature map of the convolution
layer. Different convolution kernels correspond to different feature maps. A convolution layer has
the characteristics of weight sharing and local connection and the convolution operation is defined
as:

L L1, gL
Xy = ¢(Z keM, Wy ¥, +by) ()

1
Xk

where is defined as the output of the k feature map at the L-1 layer; W is defined as the

convolution kernel; "o is defined as the kernel from the X feature map at L layer to the #

L
featuremap at L1 layer; * is defined as the convolution operation; b is defined as the bias of the

’ L ’
kK at L layer; ? is defined as the nonlinear activation function; *¥ is defined as the ¥ feature

map at L layer; and M; s defined as the number of input feature maps.

The pooling layer is introduced to reduce the dimension of the feature map representation. In
the pooling operation, a matrix window is used to scan the feature map and then a statistic is selected
from the rectangular region as the output of the rectangular region to reduce the number of elements.
The pooling operation is defined as:
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xp =p(x/ ) 3)

where % is the k feature map at L-1 layer; ? s pooling operation; and Y s the K feature
map at L layer. The pooling operations generally include maximum pooling and mean pooling.
Maximum pooling looks for the maximum value in each matrix window and average pooling is to
take the average value of each matrix window. Pooling operations are invariant under small shifts
and distortions and can avoid overfitting.

Convolution layers and pooling layer are often followed by several fully connected layers. The
fully connected layers usually transform the output of two-dimensional feature map of convolution
layer or pooling layer into one-dimensional vectors. All neurons of the fully connected layer are fully
connected to neurons in the previous and subsequent layers, which can be regarded as the hidden
layer in the DNN.

2.3. Forward Transmission Process and Back Propagation of CNN and DNN

In this study, the training methods of CNN and DNN are supervised training methods, which
require training samples (i.e., known data and their corresponding labels) to obtain an optimal model.
The forward transmission processes of CNN and DNN are to input samples into the network, process
them through each network layers, and finally obtain the output. The output layer and the last hidden
layer are connected through Softmax logical regression. In a C-class classification problem, as for the

D={x,1}"

training set , where N is the number of the training sample; X€R™™ is the input data;

YeR™ is the health condition label of the X ;and the forward transmission processes of CNN and
DNN are denoted as:

f) =/, (fi,(.[,(x.6).6,,).6,_) (4)

0t
0" = soft max(f (x,6,)) = exp f, (x,6,,¢)

C
. ®)
2. exp /,(%.,. )
Jj=1
where %%+0-1:6. are defined as the learnable parameters of each L network layer in the training

! stage, such as weight W and biases b ; Sl S i are operations at each network layer, such
as convolution operation and pooling operation of CNN and dot product operation of DNN; ¥ is

the sample data provided by the input layer; /+* %) represents the output of L network layer with
parameters on input ¥;and O is the classification result of the output layer.

CNN and DNN fine-tune network parameters based on the loss function between the minimized
network output and the expected output and cross entropy loss is widely used as the loss function of
network. The error between the network output and the expected output is distributed to each layer
by backpropagation on m batches of the dataset D. CNN and DNN optimization problems are
expressed as:

O - soft max(f(x,6))) = CeXp 1. (x,8, ,¢c)

D exp £, (x,6,, )

J=1

(6)
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The CNN and DNN continue to perform the processes of forward propagation and back
propagation until the loss function converges or reaches the specified iterative termination condition,
thus realizing the network supervision training.

3. CNNEPDNN Model

The architecture of the CNNEPDNN model is shown in Figure 3. DNN is connected with CNN
through a fusion layer to construct a global model. The CNN consists of an input layer, two
convolutional layers and two pooling layers and adopts 1D convolution structure with the vibration
signal as the input. The DNN consists of an input layer and multiple hidden layers with the time
domain statistical features of the vibration signal as the input. Then, the fusion layer is used to connect
the two local networks together for feature fusion and Softmax logical regression is used for
classification. To avoid overfitting, dropout [32] is used in the fusion layer. The detailed parameters
of the network structure of model CNNEPDNN are shown in Table 1.

Table 1. CNNEPDNN parameters.

Layers CNN DNN Training Parameters
1 Input layer Input layer 9  Adam Batch size = 100
2 Convolution layer1 Ks=5x1, Kn=20, Stride=1 Hiddenlayerl 20 Learning rate=0.0015
3 Pooling layer S=2 Hidden layer2 40 Epoch =100
4 Convolution layer2 Ks=5x1, Kn=40, Stride=1 Hidden layer3 80 (ks is kernel size;
5 Pooling layer 5=2 Hidden layer3 160  kn is kernel number;
6 Fusion layer Relu activation function s is sub-sampling rate)
7 Softmax 10 outputs Dropout = 0.5

The CNNEPDNN model also iteratively implements forward propagation and back
propagation, similar to other training methods of DNN and CNN. The fault diagnosis process of
CNNEPDNN model is shown in Figure 4. The forward propagation of CNNEPDNN local network
is the same as that of a single network model. It processes and extracts features successively from the
input layer to the hidden layer, and then integrates the features extracted from the two local networks
through a fully connected layer. Assuming that a training set 5-(x,x",y; has N samples, where N
represents the training sample of vibration sensor signal; XeR"™* represents the time-domain
statistical feature training sample extracted from the vibration sensor signal X ; and YeR™
represents the training sample labels. At iteration t, the forward propagation process of CNNEPDNN
model can be defined as follows:

f(x’ X,) = fL—] (f;,L—z (f;l (x’ 6:.1 )’ HS,L—Z )’ f;i,L—Z ("'f;i,l (X,, 6;.1 )’ HL,L—Z )’ eli—l) (7)

L eprL(x,x’,HL',c)
0" =—
> exp f,(x,x,6,, ))

J=1

©)

where 6,0 b s 6,6 ,,.,6,, and, respectively, represent the learnable parameters of the local

d)’

networks and the fusion layer in the CNNEPDNN model; s =~ and s/~ are the operations at each

network layer of CNN and DNN; * and, respectively, represent the input samples of CNN and
DNN; f,(xx.6,) represents the output of L network layer with parameters on input ¥ and x’;and
0" is the classification result of the output layer.

For convenience, all network parameters of CNNEPDNN are defined as ¢ and the loss of the
CNNEPDNN model f@) on the data D is denoted as r(f(x,x’,d),y). For the feature fusion, the

global model sends the loss back to the local worker through the fusion layer, and then the parameters
of the local models are broadcasted to each local network on m batches of the dataset D.
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Figure 3. Schematic diagram of the proposed model CNNEPDNN.
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Figure 4. Fault diagnosis process of CNNEPDNN model.

4. Fault Diagnosis Based on CNNEPDNN

To verify the CNNEPDNN model in fault diagnosis, the proposed model was used to diagnose
the health of rolling bearings. The experimental setup and process are described in the following
sections.

4.1. Experimental Setup

The experiment was carried out with the rolling bearing data collected by the Bearing Data
Center of CWRU [33]. As shown in Figure 5, the test platform was composed of 2-hp (1.5 kw) motor
(1797-1722 rpm), torque sensor, accelerometer sensor, power tester, etc. The motor shaft was
supported by 6205-2rs JEM SKF type bearings. In the experiment, the acceleration sensors were
installed at 12 o’clock position above the motor drive end (DE) and fan end (FE) through a magnetic
base. Motor bearings were artificially seeded with a single point fault, respectively, on the outer race
(OR), the inner race (IR), and the ball by electric discharge machining (EDM). The fault diameters
were 7, 14, and 21 mil and the depth was 11 mil. Vibration signals under four motor loads (0, 1, 2 and
3 hp) were collected with a 16-channel DAT recorder and the sampling frequencies were 12 kHz. The
vibration signals of ten conditions under 2-hp load from one sensor are shown in Figure 6.
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Figure 5. Experimental platform for acquiring vibration signals from rolling bearings.
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Figure 6. Vibration signals of bearing under 2-hp loads from one sensor. (a), (b) and (c) are the
bearing inner race fault signal under fault size of 7mils, 14mils and 21 mils, respectively. (b), (c)
and (d) are the bearing outer race fault under fault size of 7 mils, the 14 mils and 21 mils,
respectively. (g), (h) and (i) are the bearing ball fault under size of 7 mils, 14 mils and 21 mils,
respectively. (j) the normal bearing signal.

Vibration signal datasets collected under four loads (3, 2, 1 and 0 hp) are represented by A, B, C
and D, respectively. Under each load, the fault conditions included normal, the inner race fault, the
outer race fault and the ball fault, wherein the inner race, the outer race and the ball faults were
further categorized by the fault size (7, 14, and 21 mils). Therefore, we had ten fault conditions for
each load. For each pattern and load configuration, the collected signals were divided into segments;
512 points were selected as a segment and one segment as a sample. There were 237 samples for each
condition and 2370 samples in total for ten health conditions under one load. The specific
experimental data are shown in Table 2. Next, Time domain statistical features of each sample were
calculated. Generally, according to dimensional and non-dimensional features, time domain
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statistical features were divided into two parts. Dimensional statistical parameters include maximum,
minimum, peak-to-peak, mean, mean square and variance. Non-dimensional statistical parameters
include waveform indicators, peak indicators, pulse indicators, margin indicators, kurtosis
indicators, and skewness indicator. The selected nine time-domain statistical features of each sample
were calculated according to the formulas in Table 3. In the experiments, we randomly selected 2000
samples from 2370 original vibration signals and time domain feature samples as training sets and
the remaining samples as test sets to validate the proposed model under four motor loads. To reduce
the impact of randomness, 10 experiments were conducted on each dataset.

Table 2. Bearing dataset descriptions.

Fault Location None Inner Race Outer Race Ball
Fault Diameter(mil) 0 7 14 21 7 14 21 7 14 21
Class label 0 1 2 3 4 5 6 7 8 9
A Train 200 200 200 200 200 200 200 200 200 200
Dataset Test 37 37 37 37 37 37 37 37 37 37
Dataset B Train 200 200 200 200 200 200 200 200 200 200
Test 37 37 37 37 37 37 37 37 37 37
Dataset C Train 200 200 200 200 200 200 200 200 200 200
Test 37 37 37 37 37 37 37 37 37 37
Dataset D Train 200 200 200 200 200 200 200 200 200 200
Test 37 37 37 37 37 37 37 37 37 37
Table 3. Features selected in the time domain.
1y =
Max X, =Max|x, | Kurtosis q= n Z (x, —x)
i=1
. 1 &
Min X, =min|x, | Absolute mean Xpoan = WZ| X, |
i=1

1 N
Peak-Peak Value Xp_p =Xpax —Xmin  Square root amplitude X, = (N Z NEAS
i=1

%
Lo 1 Y —\2 N i=1 i
Standard deviation © = WZ(XZ. -X) Shape factor S, = TaE
i=l '
S -
N;I A

1y, =
Skewness g= NZ (x;,—x)
i=1

Note: V' is the number of sampling points and i is the amplitude of the signal at each sampling point.

4.2. Diagnostic Results and Analysis

The proposed model was compared with CNN model in four aspects: convergence speed of
training loss function, test accuracy, F-Score and feature learning ability. The simulations were
implemented in 64-bit PyCharm with a computer with 17-8550U at 1.8 GHZ (4 cores) and 8-Gb

memory.

4.2.1. Convergence Speed of Training Loss Function

The convergence curve of the training process in a certain experiment was randomly selected to
analyze the convergence rate. As shown in Figure 7, the convergence of CNNEPDNN model was
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achieved within 20 iterations and it was faster than CNN and DNN under different loads. In addition,
the model is a parallel structure and the cross-entropy loss is convex, which ensured that the
performance of the global model was better than that of the local models, and had no effect on the
computational complexity [34]. Experimental results confirm that the one time of CNNEPDNN
training (one forward propagation and one back propagation) was basically the same as the CNN
network structure with an average time of 7-12 ms; the average training time of DNN was 3 ms.

25 : . 25 : : - ‘
5 —#— CNNEPDNN —*—CNNEPDNN
—&—CNN —&—CNN
<—DNN ©—DNN
2 |
15 ﬂ
w ‘ 23
@ || @
s 8
0 20 40 80 80 100 0 20 o 60 80 100
Training epoch Training epoch
(a) Convergence curve of the Dataset A (b) Convergence curve of the Dataset B
25 : - : 25 - : :
—#— CNNEPDNN —#— CNNEPDNN
o—CNN —©&—CNN
<— DNN <=—DNN
2t 2H
151 15}
9 a
8 8
1 1
059 05k
0 & 0 A
40 60 80 100 0 20 40 60 80 100
Training epoch Training epach
(c) Convergence curve of the Dataset C (d) Convergence curve of the Dataset D

Figure 7. Comparison of loss function between CNN, DNN and CNNEPDNN. (a), (b), (c), (d) are
the convergence curve of training loss function on dataset A, B, C and D, respectively.

4.2.2. Test Accuracy

To test the effectiveness and superiority of CNNEPDNN, CNN, DNN, and BPNN were selected
to compare with the proposed model. Figure 8 presents the testing results of the ten trails of all
comparative methods on four datasets. The average test accuracy and standard deviation of all
comparison methods in the experiment are shown in Table 4. The results show that the proposed
method could improve the accuracy and reliability of diagnosis results.

Table 4. Average testing accuracy and standard deviation of comparative methods.

CNNEPDNN CNN DNN BPNN
Dataset  Average Standard  Average Standard  Average Standard Average Standard
Accuracy Deviation Accuracy Deviation Accuracy Deviation Accuracy Deviation

A 98.10 0.94 95.07 1.28 89.89 1.63 80.43 1.36
B 97.62 0.42 97.11 0.74 89.46 1.32 83.07 1.43
C 97.92 0.44 97.79 0.63 86.32 1.98 82.41 1.06
D 95.76 0.70 93.40 1.15 83.07 1.43 79.40 1.40
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Figure 8. Testing accuracy results of the proposed method and CNN, DNN, BPNN in 10 trials: (a),
(b), (c) and (d) are the test accuracy of four methods on dataset A, B, C and D, respectively.

4.2.3. F-Score

In addition to accuracy analysis, two other useful indexes are precision and recall. On the one
hand, it is not desirable to have too many false alarms (high recall rate, low precision) because this
will increase the operating cost due to unnecessary downtime. On the other hand, if only real faults
are marked and no false positive results are reported, the accuracy is high, but the recall rate is low.
It takes much time to balance these two indicators comprehensively. F-Score [10] comprehensively
considers the harmonic values of precision and recall so that the alarm will not be triggered until an
actual fault occurs without any missing fault or false alarm. Precision, Recall and F-Score are defined
as follows:

Pr ecision = ﬂ (10)
|7P|+|FP|
Recall = ﬂ (11)
|7P|+|FN|
,. PrecisionxRe call
F—Score=(1+4") (12)

Pr ecision + Re call

where |TP| is the true positive classification; |TN| is the number of true negative classifications;
| P is the number of false positive classifications, such as false positive classification; and |FN| is
the number of false negative classifications, such as missed faults. When B= 1, F-Score combines
precision and recall values so that the alarm will not be triggered until an actual fault occurs without
any missing fault or false alarm. As shown in Table 5, precision, recall and F-Score of CNNEPDNN
model are higher than those of CNN model under different loads.
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Table 5. F-Score results obtained with CNN and CNNEPDNN.

Metric Dataset A Dataset B Dataset C Dataset D
CNNEPDNN CNN CNNEPDNN CNN CNNEPDNN CNN CNNEPDNN CNN
Precision 0.99 0.97 0.98 0.98 0.99 0.98 0.99 0.97
Recall 0.99 0.97 0.98 0.95 0.99 0.98 0.99 0.97
F-Score 0.99 0.97 0.98 0.96 0.99 0.98 0.99 0.97

To further evaluate the proposed model, the confusion matrices of the test dataset for one trial
are shown in Figure 9. Each column of the confusion matrix represents the prediction category and
each row represents the real category to which the data belongs. The green data in the last row
indicates the precision of each fault state and the green data in the last column indicates the recall of
each fault. We can see the diagnosis results of each condition from the confusion matrix. Figure 9(al-
d1) shows the confusion matrix of CNN for fault identification of Datasets A-D and Figure 9(a2-d2)
shows the confusion result of CNNEPDNN for fault identification of Datasets A-D.

E-score can be calculated according to precision and recall of each fault condition, F-score value
for ten fault condition in four datasets is shown in Figure 10. The F-Score values of the CNNEPDNN
model were no less than those of the CNN model except the inner race faults with fault sizes of 21
and 14 mils in Datasets C and D, and the ball faults with the fault size of 14 mils in Datasets B and D
because the extracted features did not contain sufficient information for accurately distinguishing the
same kind of the faults with different degrees of severity in rolling body and inner race. The signals
of the same kind of faults with different degrees of severity were similar, thus it was more difficult
to distinguish them than different kinds of faults.
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Figure 9. Confusion matrix of the bearing fault classification with CNN and CNNEPDNN. (al)-(d1)
are the confusion matrix using CNN on dataset A,B,C and D, respectively.(a2)- (d2) are the
confusion matrix of CNNEPDNN on dataset A,B,C and D, respectively.
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4.2 4. Feature Learning Ability

The influences of fusion features obtained by t-SNE visualization on classification results are
shown in Figure 11. In the 2D embedding figure, every point represents a sample and the axis
represents the t-SNE dimension [35]. Figure 11(al-d1) shows that the features learned from Datasets
A-D at CNN corresponded to ten conditions. In addition to the features under normal conditions,
the features of several other conditions overlapped with each other. The feature results of
CNNEPDNN's feature fusion layer learned in Dataset A, B, C and D are, respectively, shown in
Figure 11(a2-d2). As shown in Figure 11(a2-d2), fusion features could be clustered well into
categories and easily recognized, thus further confirming that the proposed model could improve the
classification accuracy. However, as shown in Figure 11(b2-d2), the features of the ball faults with
the depths of 7, 14 and 21 mils overlapped with the features of the fault of the inner race with a depth
of 14 mils. The features of the outer race faults with a depth of 7 and 14 mils overlapped with the
features of the inner race fault with a depth of 21 mils. The overlapping phenomena may be related
to the extracted features and these types of faults could not be effectively identified.
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Figure 11. T-SNE visualization of features learned in the fully connected layer: (al), (b1), (c1) and (d1) are the

features of CNN learning from testing Dataset A, B, C and D, respectively. (a2), (b2), (c2) and (d2) are the features

of CNNEPDNN learning from testing Dataset A, B, C and D, respectively.

4.3. Discussion

1. The experimental results show that the proposed model could effectively identify the same
type of rolling bearing faults of different sizes. As shown in Figure 8 and Table 4, the proposed model
and CNN have the best test accuracy and stability compared with DNN and BPNN under different
motor loads. Experiments proved that CNN has the ability of automatic feature learning. The average
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test accuracies of CNNEPDNN model on Datasets A-D were, respectively, 3.04%, 0.51%, 0.13% and
2.36% higher than those of CNN model; and the standard deviations of CNNEPDNN model were,
respectively, 0.34, 0.32, 0.19 and 0.45 lower than those of CNN model. We think that this result is
significantly related to the structure of the proposed model. The proposed model integrated CNN
and DNN in parallel. CNN extracts local features from the original vibration signal, DNN extracts
waveform features from the time domain features, and further fuses these features to obtain the final
result.

2. Although we integrate DNN in parallel on CNN, the training time of the proposed model was
similar to CNN model. Through ten trials, we calculated the average training time of CNN was
between 7 and 12 ms, and the average training time of DNN was 3 ms. The proposed model has a
parallel structure and two local networks were trained at the same time, thus the average training
time of the proposed model was similar to CNN. The loss function of the proposed model is cross-
entropy, i.e., convex function. The model averages the output of the local model rather than the
parameters, which guarantees the performance of the model. As shown in Figure 7, the proposed
model converged more quickly than its local model.

3. The accuracy and reliability of the proposed model and CNN in fault identification of rolling
bearings were further compared through F-score. In the confusion matrix shown in Figure 9, we can
see the identification results of each type of fault. As shown in Table 5 and Figure 10, The F-score
value of CNNEPDNN model was higher than the F-score value of CNN model. This proved that our
model was effective. However, the inner race fault with fault size 21 and 14 mils in Datasets C and
D, and the ball fault with fault size 14 mil in Datasets B and D were easily confused with each other.
We think that this may be related to the insufficient feature extraction. The signals of the same kind
of faults with different degrees of severity were similar, thus the features extracted from the local
model did not distinguish the inner race fault and the ball fault.

4. Through T-SNE visualization, the feature learning abilities of the proposed model and CNN
were further compared. As shown in Figure 11(al-d2), by visualizing the features of the full-
connection layer of CNN, the features of several other conditions overlapped with each other in
addition to those under normal conditions. In the proposed model, the fusion features became
distinguishable, as shown in Figure 11(a2-d2).

5. Conclusions and Future Work

In this study, we proposed a novel model CNNEPDNN to improve CNN in rolling bearing fault
diagnosis. After integrating DNN with CNN, the extracted local features are fused with global
features. The performance of the proposed fault diagnosis model for bearing fault was tested in ten
conditions under different loads. The comparison of the diagnosis results of CNN and CNNEPDNN
indicated that CNNEPDNN could give more precise diagnosis results for the same type of faults with
different sizes. The visualized fusion features indicated that the feature clustering effect of the
proposed model was better than that of CNN.

It is worth noting that the time domain features encounter some limitations, such as the bearings
are running at variable speeds, or the noise is very high; it is difficult to design discriminant features
or features become inconsistent, which will affect the diagnostic accuracy of DNN, and may affect
the diagnostic accuracy of the whole model.

In the future, we will test the proposed model under more conditions. Furthermore, there are
still some possible misclassifications. Additional features, sensor data, and other ensemble methods
will be considered.

Author Contributions: ~ Writing-Original Draft Preparation, H.L.; Writing-Review & Editing, H.L,;
Supervision, J.H.; Data Curation, S.J.
Funding: This research received no external funding.

Conflicts of Interest: The authors declare no conflict of interest.



Sensors 2019, 19, 2034 19 of 20

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

Wang, Z.; Zhou, J.; Du, W. A novel fault diagnosis method of gearbox based on maximum kurtosis spectral
entropy deconvolution. [EEE ACCESS. 2019, 7, 29520-29532.

Wang, Z.; Wang, J.; Du, W. Research and application of improved adaptive momeda fault diagnosis
method. Meas. 2019, 140, 63-75.

Wang, Z.; Wang, J.; Du, W. Research on fault diagnosis of gearbox with improved variational mode
decomposition. Sensors 2018, 10, 3510.

Gao, J.; He, X.; Yih, W_; Deng, L. Learning continuous phrase representations for translation modeling. In
Proceedings of the 52nd Annual Meeting of the Association for Computational, Baltimore, MD, USA, 22—
27, June, 2014; pp. 699- 709.

Le, D.; Provost, EM. Emotion recognition from spontaneous speech using hidden markov models with
deep belief networks. In Proceedings of the 2013 IEEE Workshop on Automatic Speech Recognition and
Understanding, Olomouc, Czech Republic, 8-12 December 2013; pp. 216-221.

Feng, J. Deep neural networks: a promising tool for fault characteristic mining and intelligent diagnosis of
rotating machinery with massive data. Mech. Syst. Signal Process. 2016, 72, 303-315.

Lecun, Y.; Bengio, Y.; Hinton, G. Deep learning, Nature 2015, 521, 436—444.

Fukushima, K.; Miyake, S. Neocognitron: A new algorithm for patternrecognition tolerant of deformations
and shifts in position. Pattern Recognit. 1982, 15, 455-469.

Chen, Z.Q.; Li, C.; Sanchez, R.V. Gearbox fault identication and classica-tion with convolutional neural
networks. Shock Vib. 2015, 2, 1-10.

Janssens, O.; Slavkovikj, V.; Vervisch, B.; Stockman, K.; Loccuer, M.; Ver-stockt, S.; Walle, R.V.D.; Hoecke,
S.V. Convolutional neural network based fault detection for rotating machinery. J. Sound Vib. 2016, 377,
331-345.

Wei, Z; Peng, G.; Li, C. Bearings fault diagnosis based on convolutional neural networks with 2-d
representation  of  vibration signals as input. Available online: https://www.matec-
conferences.org/articles/matecconf/pdf/2017/09/matecconf_icmme2017_13001.pdf. (accessed on 29 April
2019)

Yan, H.; Tang, B.; Lei, D. Multi-level wavelet packet fusion in dynamic ensemble convolutional neural
network for fault diagnosis. Measurement 2018, 127, 246-255.

Yuan, X.; Tao, Z. Fault diagnosis for rotating machinery based on con-volutional neural network and
empirical mode decomposition. Shock Vib. 2017, 19, 1-12.

Min, X.; Teng, L.; Lin, X,; Liu, L.; Silva, CW.D. Fault diagnosis for rotat-ing machinery using multiple
sensors and convolutional neural networks. IEEE/ASME Transact. Mechatron. 2017, 99, 1.

Guo, X.; Chen, L.; Shen, C. Hierarchical adaptive deep convolution neural network and its application to
bearing fault diagnosis. Measurement 2016, 93, 490-502.

Wang, F; Jiang, H.; Shao, H.; Duan, W.; Wu, S. An adaptive deep convo-lutional neural network for rolling
bearing fault diagnosis. Meas. Sci. Techn. 2017, 28, 223-237.

Ince, T.; Kiranyaz, S.; Eren, L.; Askar, M.; Gabbouj, M. Real-time motorfault detection by 1d convolutional
neural networks. IEEE Transact. Industr. Electron. 2016, 63, 7067-7075.

Eren, L. Bearing fault detection by one dimensional convolutional neural networks, Mathematical
Problems in Engineering. Math. Probl. Eng. 2017, 2017, 1-9.

Jing, L.; Wang, T.; Zhao, M.; Wang, P. An adaptive multi-sensor data fusion method based on deep
convolutional neural networks for fault diagnosis of planetary gearbox. Sensors 2017, 17, 414.

Shen, C.; Dong, W.; Kong, F.; Tse, P.W. Fault diagnosis of rotating machinery based on the statistical
parameters of wavelet packet paving and a generic support vector regressive classier. Meas. ]. Int. Meas.
Confed. 2013, 46, 1551-1564.

Breiman, L. Bagging predictors. Mach. Learn. 1996, 24, 123-140.

Wang, Z.; Han, Z.; Gu, F. A novel procedure for diagnosing multiple faults in rotating machinery. ISA trans.
2015, 55, 208-218.

Wang, Z.; He, G.; Du, W.; Zhou, J.; Han, X.; Wang, J.; He, H.; Guo, X.; Wang, J.; Kou, Y. Application of
parameter optimized variational mode decomposition method in fault diagnosis of gearbox. IEEE
Access. 2019, 7, 44871-44882.

Ju, C,; Bibaut, A.; Laan, M.V.D. The relative performance of ensemble methods with deep convolutional
neural networks for image classication, J. Appl. Statist. 2018, 25, 2800-2818.



Sensors 2019, 19, 2034 20 of 20

25.

26.

27.

28.

29.

30.
31.

32.

33.

34.

35.

Lee, J.; Lee, M.; Chang, J.H. Ensemble of jointly trained deep neural network-based acoustic models for
reverberant speech recognition. Digit. Signal Process. 2019, 85, 1-9.

Yin, Z.; Zhao, M.; Wang, Y.; Yang, J.; Zhang, ]J. Recognition of emotions using multimodal physiological
signals and an ensemble deep learning model. Comput. Meth. Progr. Biomed. 2017, 140, 93-110.

Li, S.; Liu, G.; Tang, X.; Ly, J.; Hu, ]. An ensemble deep convolutional neural network model with improved
d-s evidence fusion for bearing fault diagnosis. Sensors 2017, 17, 1729.

Suk, H.I; Lee, SW.; Shen, D. Deep ensemble learning of sparse regression models for brain disease
diagnosis. Med. Image Anal. 2017, 37, 101-113.

Choon-Young, L.; Ju-Jang, L. Adaptive control for uncertain nonlinear systems based on multiple neural
networks. IEEE Trans. Syst. 2004, 34, 325-333.

Schmidhuber, J. Deep learning in neural networks: An overview. Neural Netw. 2015, 61, 85-117.

Heaton, J. Ian goodfellow, yoshua bengio, and aaron courville: Deep learning. Genet. Program. Evol. Mac.
2017, 19, 1-3.

Srivastava, N.; Hinton, G.; Krizhevsky, A.; Sutskever, I.; Salakhutdinov, R. Dropout: A simple way to
prevent neural networks from overtting. . Mach. Learn. Res. 2014, 15, 1929-1958.

Lou, X.; Loparo, K.A. Bearing fault diagnosis based on wavelet transform and fuzzy inference. Mech. Syst.
Signal Process. 2004, 18, 1077-1095.

Sun, S. Ensemble-compression: a new method for parallel training of deep neural networks. In Proceedings
of the Joint European Conference on Machine Learning and Knowledge Discovery in Databases, Riva del
Garda, Italy, 19-23 September, 2016; pp. 187-202.

L. v. d. Maaten, L.v.d.; Hinton, G. Visualizing data using t-sne. . Mach. Learn. Res. 2008, 9, 2579-2605.

© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
‘@ @ article distributed under the terms and conditions of the Creative Commons Attribution

(CC BY) license (http://creativecommons.org/licenses/by/4.0/).



