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they are easy to measure and indicate the state of rotating
machinery [10].

Abstract
For systems using rotating machinery, diagnosing the faults of
the rotating machinery is critical for system maintenance.
Recently, a machine-learning algorithm has been employed as
one of the methods for diagnosing the faults of rotating
machinery. This algorithm has the advantage of automatically
classifying faults without an expert knowledge. However,
despite a good training performance of the machine-learning
model, there remains a challenge of performance degradation
arising from noise when the model is applied in a real
environment. In this study, to solve this problem, we identified
the faults of a rotating machinery after applying the discrete
wavelet transform. We extracted the feature parameters useful
for detecting the faults of rotating machinery and applied them
to the artificial neural network. Subsequently, we compared it
with a commonly used signal-analysis technique and matched
the feature importance according to load and noise. We verified
that the proposed method improved the performance in
diagnosing the faults of rotating machinery.

Generally, fault diagnosis of rotating machinery is composed
of two stages: the feature extraction of vibration signals and
classification of the fault state of rotating machinery using the
extracted features [11] [12] [13] [14].
The vibration signal measured in rotating machinery appears as
a mixture of vibration and noise signals that indicate the state
of rotating machinery. Supposing the vibration signal
containing noise is used as the input value of the machine
learning model, the noise makes it difficult to accurately
diagnose the state of rotating machinery. Consequently, it is
essential to remove the noise signal from the vibration signal
and extract only the vibration signal indicating the fault state.
This process is called the feature point extraction.
The common way of extracting feature points is to use filters
and signal decomposition [15] [16] [17]. As the most typical
ways of diagnosing faults in the vibration signal, we have the
empirical mode decomposition (EMD) that decomposes the
signal using the intrinsic mode function (IMF). and the wavelet
transform that decomposes the signal using the wavelet
function.

Keywords: Rolling bearing fault diagnosis, Discrete wavelet
transform, Feature extraction, Feature importance

I. INTRODUCTION

The EMD technique detects faults by decomposing the
vibration signal into several sub-bands using IMF and then
extracting feature points from the decomposed sub-bands [18].
The EMD technique shows excellent performance when
detecting faults in the vibration signal [19]. However, the subbands decomposed by IMF are not orthogonal to each other,
thus combining the signals is inevitable.

With industrial development and technological advances,
various types of industrial rotating machinery have been
subjected to high speed and heavy loads. This puts lots of
mechanical and thermal stresses on rotating machinery, causing
them to fail [1]. Diagnosing the faults of rotating machinery is
critical because significant time/economic losses occur when
there is an abnormality in rotating machinery. Therefore, there
is a need for countermeasures to check the state of rotating
machinery and diagnose the faults. According to statistical data,
45–55% of malfunctions in rotating machinery are attributed to
faults in bearings [2]. It is crucial to monitor the state of rotating
machinery to reduce the loss by diagnosing the malfunctions of
rotating machinery in advance [3] [4] [5].

The wavelet transform method decomposes the vibration
signal into sub-bands by applying a wavelet function to the
signal and then extracting feature points from the decomposed
sub-bands [20]. The wavelet function has the advantage of
displaying feature points clearly by controlling the period and
amplitude, as well as reducing noise during the wavelet
transform [21].

To obtain signals indicating the state of rotating machinery,
sound meters, motor current signals, and vibration signals are
mainly used [7][8][9]. Vibration sensors are predominant since

After extracting feature points from a vibration signal, the state
of rotating machinery is represented using the extracted feature
points; this process is known as fault state classification.
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𝑗

Machine-learning algorithm is the prevalent method used to
classify the faults of the rotating machinery. It uses the feature
points extracted from the rotating machinery as input values.
The machine learning algorithm trains itself based on the data
used as input values to classify the state of machinery.

𝜓𝑗,𝑘 (𝑡) = 2−2 𝜓(2−𝑗 𝑡 − 𝑘)

(5)

𝑗

𝜙𝑗,𝑘 (𝑡) = 2−2 𝜙(2−𝑗 𝑡 − 𝑘)

(6)

When analyzing the vibration signal using the DWT, the
wavelet coefficient of the vibration signal can be obtained as
follows.

We decomposed the vibration signal by using the discrete
wavelet transform, which was one of the wavelet transforms, to
detect the faults of rotating machinery, as well as extracted
parameters useful for detecting the faults of rotating machinery
in the decomposed signal. The fault state of rotating machinery
was classified using the extracted feature points as input values
of the artificial neural network, which was one of the machinelearning algorithms. In addition, to confirm the performance of
the discrete wavelet transform, we verified its usefulness by
comparing it with the conventional method by adding white
Gaussian noise [22].

𝑎2𝑗 (𝑘) = ∫ 𝑥(𝑡)𝜙𝑗,𝑘 (𝑡)𝑑𝑡

(7)

∗
(𝑡)𝑑𝑡
𝑑2𝑗 (𝑘) = ∫ 𝑥(𝑡)𝜓𝑗,𝑘

(8)

II. THEORY

Discrete wavelet transform
Contrary to the Fourier transform that does not exhibit the
characteristics of the aperiodic signal efficiently due to fixed
resolution, the wavelet transform can analyze the vibration
signal using the wavelet function with fluid resolution. This is
referred as continuous wavelet transform (CWT). CWT is
calculated as follows.
𝐶𝑊𝑇(𝑎, 𝑏) = ∫𝑅 𝑥(𝑡)

1
√𝑎

𝜓∗(

𝑡−𝑏
𝑎

)𝑑𝑡

Fig 1. Signal filtering process of DWT

Through Equation (7) and (8), we observe that the signal is
decomposed into approximations and details.
The discrete wavelet function and scaling function act as a lowfrequency pass filter and a high-frequency pass filter,
respectively. From Fig. 1, approximations have a lowfrequency resolution, whereas details have a high frequency
resolution.

(1)

As in Equation (1), the wavelet function 𝜓(𝑡) such as morlet,
coiflet, haar, or symmlet, that can separate the aperiodic signal
is defined. This wavelet function is shifted by b on the time
axis and scaled by a to decompose the signal. Here, 𝜓 ∗ (𝑡) is
the dot product of the wavelet function. The wavelet function
is composed of a set of functions with different periods, and
this characteristic enables multi-resolution decomposition.

Artificial neural network
In machine learning, an artificial neural network
mathematically imitates the structure of biological neurons.
The structure of the artificial neural network is composed of an
input layer, a hidden layer, and an output layer. A layer is
composed of several nodes. The output value is represented by
calculating the weight of each node and the input value, which
is expressed as (9).

When analyzing the vibration signal, CWT contains
unnecessary data due to high redundancy in the signal, resulting
in a high risk of errors, as well as lengthening the computational
process. To address these drawbacks, parameters a and b are
defined in the DWT as follows.
𝑎 = 2𝑗 , 𝑗 ∈ 𝑍

(2)

𝑗

𝑏 = 𝑘2 , 𝑗, 𝑘 ∈ 𝑍

𝑍𝑖 (𝑋) = ∑𝑛𝑖 𝑤𝑖 𝑥𝑖 + 𝑏

𝑗

(9)

(3)
𝑍𝑖 refers to the output value, 𝑤𝑖 to the weight, 𝑥𝑖 to the input
value, b to the bias, and n to the number of nodes.

The DWT is defined as follows by the changed parameters.
𝐷𝑊𝑇(𝑗, 𝑘) = 2−2 ∫𝑅 𝑥(𝑡)

𝑓𝑜𝑟 𝑖 = 1, 2, … , 𝑛

1
√𝑎

𝜓 ∗ (2−𝑗 𝑡 − 𝑘)𝑑𝑡

The final value calculated in (9) is substituted into the
activation function whose result is finally used for fault
classification. The activation function is applied to (10).

(4)

Through this process, the original CWT becomes the discrete
wavelet function and the scaling function.

𝑌̅ = ℎ(𝑍)
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entropy = − ∑𝑁
𝑥=1 𝑃(𝑥)𝑙𝑜𝑔𝑃(𝑥)
variance =

1
𝑁−1

2
∑𝑁
𝑖=1 |𝑥𝑖 − 𝜇|

peak = max(𝑥𝑖 )

(14)
(15)

1

4
kurtosis = ∑𝑁
𝑖=1 |𝑥𝑖 |
𝑁

1

𝑥𝑖 −𝑥̅ )

𝑁

𝜎

skewness = ∑𝑁
𝑖=1

(13)

(16)
(17)

III. EXPERIMENT SETUP
Data processing
In this paper, constructing various datasets is required to
improve the accuracy of the fault diagnosis of rotating
machinery. Accordingly, we used the Case Western Reserve
University Bearing Fault database, which is frequently utilized
in relation to the conventional fault diagnosis of rotary
machinery [23]. Since many researchers have conducted
experiments with these data, they are reliable and have the
advantage of comparing the performance with other learning

Fig 2. Structure of artificial neural network

Fig 4. Representation of proposed fault diagnosis structure in
neural network

advantage of comparing the performance with other learning
algorithms. As seen in Fig. 3, the test bench consists of a motor
in the left, a torque transducer/encoder in the middle, and a
dynamometer in the right. The vibration signal was measured
in four types as follows: normal, ball fault, outer ring fault, and
inner ring fault. The degree of crack has values 0.007, 0.014,
and 0.021 inch, and the load stage has values of 0 HP, 1 HP, 2
HP, 3 HP.

Fig 3. Experiment setup
value to confirm whether the artificial neural network
accurately predicts the result value, which is (11).
𝑒𝑟𝑟𝑜𝑟 = 𝑦𝑡𝑎𝑟𝑔𝑒𝑡 − 𝑦𝑝𝑟𝑒𝑑𝑖𝑐𝑡

(11)

𝑦𝑡𝑎𝑟𝑔𝑒𝑡 is the actual value and 𝑦𝑝𝑟𝑒𝑑𝑖𝑐𝑡 is the result predicted by
the artificial neural network. By comparing these two values,
the artificial neural network is trained to minimize errors.

We presented the process of diagnosing the faults of rotating
machinery using the vibration signal as shown in Fig. 4.
We also utilized data with a crack of 0.007 inch and classified
data sets into Case 1 (= 0 HP), Case 2 (= 1 HP), Case 3 (= 2
HP), and Case 4 (= 3 HP) based on the degree of load. Each
case consisted of 4368 data (normal = 1092, ball fault = 1092,
outer ring fault = 1092, and inner ring fault = 1092). In addition,
when analyzing the vibration signal, we increased the white
Gaussian noise in the vibration signal with a crack of 0.007 inch
to verify the robustness to noise in the discrete wavelet
transform. As shown in Fig. 5, we constructed the sample data
to train the artificial neural network by segmenting the actual

Feature extraction
Feature point extraction crucially influences the fault diagnosis
of rotating machinery. The best way to diagnose the faults of
rotating machinery from the vibration signal is to utilize the
statistical parameters of the vibration signal. The statistical
parameters we present are as follows.
1

2
𝑟𝑚𝑠 = √ ∑𝑁
𝑖=1 |𝑥𝑖 |
𝑁

(12)
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Case1 (= 0 HP) data set, the accuracy of the artificial neural
network model using the DWT was 82.6% and the loss was
0.07782. This indicated a better performance than the vibration
signal analysis method using the EMD technique. (IMF1 –
accuracy: 70.1%, loss: 0.1538, IMF2 – accuracy: 71.2%, loss:
0.1488, IMF1+IMF2 – accuracy: 0.07781). In addition, when
the noise was gradually reduced, the vibration signal analysis
method using the DWT reached an accuracy of 100% when the
SNR was 15 dB. In contrast, the vibration signal analysis
method using the commonly used EMD technique did not reach
an accuracy of 100% due to poor denoise performance. The loss
performance was also degraded compared to the vibration
signal analysis method using DWT. As shown in Fig. 6, we
comparatively analyzed the performance of the artificial neural
network by gradually increasing the load (Case 2 = 1 HP, Case
3 = 2 HP, Case 4 = 3 HP).

vibration signal added with white Gaussian noise into 4392. For
each sample data, we applied Daubechies wavelet 10, which
was the discrete wavelet function. We then extracted the
statistical parameters proposed to use as the input values of the
artificial neural network in the approximation level 1 signal
applied with the discrete wavelet transform.

Create neural network
To detect the faults of rotating machinery, the number of nodes
in the input layer of the artificial neural network was set to 6
(i.e., rms, entropy, peak, variance, kurtosis, skewness), in the
hidden layer to 20, and in the output layer to 4. This is because
the four fault states required to be identified.
From the data sets of each case to train the artificial neural
network, a train set accounted for 70%, a validation set to
determine whether the training goes well accounted for 15%,
and the remaining 15% was allocated to a test set to determine
the performance of the entire artificial neural network. When
training the artificial neural network, the activation function
used the sigmoid function, the backpropagation used the scaled

When the SNR was 1 dB, the accuracy of the artificial neural
network model using the DWT was reduced compared to the
no-load condition (Case 2 - accuracy: 71.7%, loss: 0.1388, Case
3 –accuracy: 71.9%, loss: 0.1431, Case 4 – accuracy: 69.3%,
loss: 0.1411).
However, overall when the SNR was 17 dB, the accuracy
reached 100% (Case 2 (17 dB) – accuracy: 100% loss:
0.001337, Case 3 (17 dB) – accuracy: 100%, loss: 0.001428,
Case 4 (17 dB) – accuracy: 100%, loss: 0.000201), and the
performance was better than in the vibration signal analysis
method using the EMD technique (Case 2 (17 dB): IMF1 –
accuracy: 90.7%, loss:

training the artificial neural network, the activation function
used the sigmoid function, the backpropagation used the scaled
conjugated gradient, and the classification used the crossentropy. In addition, we configured the system to forcefully
terminate the training in case of any overfitting. During training,
the artificial neural network using the validation was set to
prevent overfitting. In this paper, to verify the robustness to
noise of the discrete wavelet transform, we compared it with
the conventional empirical mode decomposition (EMD)
technique.

0.001149, IMF2 – accuracy: 90.6%, loss: 0.05915,
IMF1+IMF2 – accuracy: 89.9%, loss: 0.06203, Case 3 (17 dB):
IMF1 – accuracy: 90.4%, loss: 0.05853, IMF2 – accuracy:
90.3%, loss: 0.05988, IMF1+IMF2 – accuracy: 89.5%, loss:
0.06088, Case 4 (17 dB): IMF1 – accuracy: 88%, loss: 0.0731,
IMF2 – accuracy: 87.9%, loss: 0.07676, IMF1+IMF2 –
accuracy: 88.1%, loss: 0.07942).

IV. SIMULATION
Comparison accuracy & loss

These results confirmed that the vibration signal analysis using
the discrete wavelet transform showed an improved robustness
to noise as compared to the conventional method. Furthermore,
when we extracted the feature points and used them as the input
values of the artificial neural network after applying the
discrete wavelet transform, we confirmed the effectiveness and
safety compared to the conventional vibration signal analysis
method.

As illustrated in Fig. 4, after the DWT of the vibration signal
was added to white Gaussian noise using Daubechies wavelet
10, which was the discrete wavelet function, we extracted the
proposed statistical parameters and then used them as the input
values of the artificial neural network.
To compare the performance of the generated artificial neural
network (Fig. 6), we compared the accuracy and loss between
DWT and EMD by SNR level. When the SNR was 1 dB in the

Fig 4. The process of fault diagnosis in vibration signal adding gaussian noise
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(a)

(b)

(c)

(d)
Fig 5. Result of fault diagnosis (accuracy & loss) – (a) Case1(=0HP) (b)Case2(=1HP) (c)Case3(=2HP) (d)Case4(=3HP)
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For Case 3, when SNR is 1, the artificial neural network
performance is affected in the order of rms, peak, kurtosis,
entropy, variance, and skewness; when SNR is 10, in the order
of rms, entropy, peak, kurtosis, skewness, and variance; and
when SNR is 20, in the order of peak, skewness, variance,
kurtosis, entropy, and rms.

Feature importance of artificial neural network
We displayed the results in Table 1 by using the weight
connection algorithm to identify the importance of parameters
according to load and noise in the fault diagnosis of rotating
machinery using the vibration signal [24].
For Case 1, when SNR is 1, the artificial neural network
performance is affected in the order of kurtosis, rms, variance,
skewness, peak, and entropy; when SNR is 10, the performance
is affected in the order of skewness, variance, peak, kurtosis,
entropy, and rms; and when SNR is 20, the performance is
affected in the order of peak, skewness, variance, entropy,
kurtosis, and rms.

For Case 4, when SNR is 1, the performance of the artificial
neural network is affected in the order of 𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠, 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒,
𝑒𝑛𝑡𝑟𝑜𝑝𝑦, 𝑝𝑒𝑎𝑘, 𝑟𝑚𝑠, 𝑎𝑛𝑑 𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠; when SNR is 10, in the
order of variance, rms, peak, kurtosis, skewness, and entropy;
and when SNR is 20, in the order of kurtosis, peak, entropy,
variance, skewness, and rms.
The above results indicate that the degree of load does not
significantly affect the feature importance of the artificial
neural network. However, the intensity of noise affects the
feature importance of the artificial neural network.

For Case 2, when SNR is 1, the artificial neural network
performance is affected in the order of kurtosis, peak, variance,
entropy, skewness, and rms; when SNR is 10, in the order of
skewness, kurtosis, rms, entropy, and peak; and when SNR is
20, in the order of peak, rms, entropy, skewness, and variance.

Table 1. Feature importance comparison by load and noise
Input
(SNR 1)
Case1

Case2

Case3

Weight
connection

Rank

𝑝𝑒𝑎𝑘

1.3891

5

𝑒𝑛𝑡𝑟𝑜𝑝𝑦

-6.8009

𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠

Input
(SNR 10)

Weight
Connection

Rank

𝑝𝑒𝑎𝑘

-0.4600

3

6

𝑒𝑛𝑡𝑟𝑜𝑝𝑦

-9.4767

2.0257

4

𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠

𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠

7.3396

1

𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒

4.5867

𝑟𝑚𝑠

Weight
Connection

Rank

𝑝𝑒𝑎𝑘

5.4696

1

5

𝑒𝑛𝑡𝑟𝑜𝑝𝑦

1.9053

4

5.9000

1

𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠

3.3109

2

𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠

-1.9693

4

𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠

-2.4286

5

3

𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒

0.2013

2

𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒

2.8304

3

5.4010

2

𝑟𝑚𝑠

-27.9849

6

𝑟𝑚𝑠

-3.1797

6

𝑝𝑒𝑎𝑘

12.0866

2

𝑝𝑒𝑎𝑘

-2.9464

6

𝑝𝑒𝑎𝑘

8.3396

1

𝑒𝑛𝑡𝑟𝑜𝑝𝑦

9.4048

4

𝑒𝑛𝑡𝑟𝑜𝑝𝑦

-1.6847

5

𝑒𝑛𝑡𝑟𝑜𝑝𝑦

3.1561

3

𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠

0.9414

5

𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠

5.3616

1

𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠

1.9339

5

𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠

12.2516

1

𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠

-0.9151

3

𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠

2.4996

4

𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒

10.4544

3

𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒

-0.7794

2

𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒

0.6884

6

𝑟𝑚𝑠

-1.5704

6

𝑟𝑚𝑠

-0.9560

4

𝑟𝑚𝑠

3.6871

2

𝑝𝑒𝑎𝑘

2.3758

2

𝑝𝑒𝑎𝑘

0.7677

3

𝑝𝑒𝑎𝑘

6.8431

1

𝑒𝑛𝑡𝑟𝑜𝑝𝑦

-0.0577

4

𝑒𝑛𝑡𝑟𝑜𝑝𝑦

4.5048

2

𝑒𝑛𝑡𝑟𝑜𝑝𝑦

-2.3311

5

𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠

-5.9106

6

𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠

-3.3227

5

𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠

1.8187

2

𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠

1.7786

3

𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠

-1.7910

4

𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠

-0.7298

4

𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒

-0.7305

5

𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒

-3.4876

6

𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒

0.9775

3

𝑟𝑚𝑠

13.3524

1

𝑟𝑚𝑠

10.0270

1

𝑟𝑚𝑠

-5.1456

6
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Case4

𝑝𝑒𝑎𝑘

-3.9757

4

𝑝𝑒𝑎𝑘

-0.3804

3

𝑝𝑒𝑎𝑘

4.9393

2

𝑒𝑛𝑡𝑟𝑜𝑝𝑦

-1.1748

3

𝑒𝑛𝑡𝑟𝑜𝑝𝑦

-9.7355

6

𝑒𝑛𝑡𝑟𝑜𝑝𝑦

4.4743

3

𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠

-6.7264

6

𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠

-7.3626

5

𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠

-7.1037

5

𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠

5.5924

1

𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠

-0.9376

4

𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠

8.5410

1

𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒

2.3544

2

𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒

5.9906

1

𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒

-7.1002

4

𝑟𝑚𝑠

-4.2686

5

𝑟𝑚𝑠

5.3312

2

𝑟𝑚𝑠

-17.4795

6

V. CONCLUSION
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