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Abstract Rolling element bearing (REB) failure is one of the general damages in
rotating machinery. In this manner, the correct prediction of remaining useful life
(RUL) of REB is a crucial challenge to move forward the unwavering quality of
the machines. One of the main difficulties in implementing data-driven methods for
RUL prediction is to choose proper features that represent real damage progression.
In this article, by using the outcomes of frequency analysis through the envelope
method, the initiated/existed defects on the ball bearings are identified. Also, new
features based on developing faults of ball bearings are recommended to estimate
RUL. Early-stage faults in ball bearings usually include inner race, outer race, ball
and cage failing. These features represent the sharing of each failure mode in failure.
By calculating the severity of any failure mode, the contribution of each mode can be
considered as the input to an artificial neural network. Also, the wavelet transform
is used to choose an appropriate frequency band for filtering the vibration signal.
The laboratory data of the ball bearing accelerated life (PROGNOSTIA) are used to
confirm the method. To random changes reduction in recorded vibration data, which
is primary in real-life experiments, a preprocessing calculation is connected to the
raw data. The results obtained by using new features show amore accurate estimation
of the bearings’ RUL and enhanced prediction capability of the proposed method.
Also, results indicate that if the contribution of each failure mode is considered as
the input of the neural network, then RUL is predicted more precisely.
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1 Introduction

Correct failure timepredictionofmechanical elements acts as a vital role in improving
the reliability of production in different industries [1, 2]. Rolling element bearing
(REB) failure is one of the frequent damages in rotatingmachines, so researchers have
worked on the remaining useful life (RUL) of REB. The effectiveness of vibration
condition-monitoring analysis in this field has motivated many researchers to focus
on this subject [3]. In general, approaches used to predict failure times are divided into
three general categories: physical models, knowledge-based models and data-driven
models. In data-driven models, a feature of the recorded data is required to detect
bearing depression as well as the estimated RUL. The features must have adequate
information about the health of the machine. Artificial intelligence (AI) methods are
one of the main categories of data-drivenmodels, which involves two stages: training
(developing an AI model), predicting the RUL by using the data records [4, 5].

Researchers have used different features to predict the RUL. Gebraeel et al. [6]
employed the neural network (NN) model with the application of the amplitude of
vibration in the failure frequency as input features to predict the RUL. Mahammad
et al. [7] used root mean square (RMS) and kurtosis as inputs to a feed-forward neural
network (FFNN) for RUL prediction. Wang et al. [8] investigated the effects of using
a recurrent neural network with neuro-fuzzy systems in failure time prediction of
bearing. Zhao et al. [9] offered a method based on time-frequency domain features to
predict theRUL. In this study, new features based ondeveloping faults of ball bearings
are suggested to estimate RUL. The FFNN method has been used for prediction. By
calculating the severity of any failure mode, the sharing of each failure mode can be
considered as the input to an artificial neural network. Lastly, the outcomes of using
new and popular features have been compared.

2 Feature Selection

2.1 Rolling Bearing Failure Modes

Rolling bearings are one of themost commonly used elements in the industry. Randall
and Antoni [10] studied the advanced signal processing techniques of REBs diag-
nostic. Frequencies that appear in the case of various faults in the vibration signal
play an essential role in frequency analysis, and they can be computed from the
geometric properties and shaft speed. The equations for the different frequencies are
as follows: (“(1)” to “(3)”)

Ball pass frequency, outer race : BPFO = n fr
2

{
1 − d
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(1)
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Ball pass frequency, inner race : BPF I = n fr
2
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(2)

Ball (roller)spin frequency : BSF = D
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}

(3)

Which n is the number of rolling elements, d is the ball diameter,D is the outer ring
diameter, ∅ is the angle of the load from the radial plane, and f r is the shaft speed. In
the envelope analysis, the signal in the resonance region is bandpass filtered, and then,
the fast Fourier transform (FFT) is taken. The main challenge is the determination
of the filter range, mainly when the fault factors are weak.

2.2 Selecting Appropriate Band Filter for Envelope Analysis

In this paper, the Shannon entropy of the filtered signal (wavelet coefficients) is
accepted as the objective function of the algorithm. As the defect frequency of inner
race (BPFI) is the largest bearing characteristic frequency (BCF), the bandwidth is
chosen as 5BPFI for all scales, and the value of center frequency f 0 is equal to the
sampling frequency f s [11]. There are many approaches to calculate the optimum
scale parameter S. To select the optimal scale range, some constraints need be taken
into account as bellows:

According to Nyquist sampling theorem for the upper cut-off frequency (lowest
bound of scale):

fs
Smin

+ 5BPF I

2

〈
fs
2.5

→ Smin

〉
fs

0.4 fs − 2.5BPF I
(4)

In order to decrease the interfering of shaft harmonic effects, the lower cut-off
frequency is considered 25 times larger than the shaft speed:

fs
S ′
max

− 5BPF I

2

〈
25 fsha f t → S

′
max

〉 fs
25 fsha f t + 2.5BPF I

(5)

In continuos wavelet transform (CWT), the admissibility condition implies that
the wavelet does not have a zero frequency. In other words, it can be said that the
wavelet function has zeromean. To achieve this condition, f0

σ
should be large enough.

If f0
σ

> 1.3, the compatibility equation is satisfied with an acceptable approximation
[12]. So, an additionally constrain for lower frequency is considered as

f0
σ

= fs
σ S ′′

max

> 1.3 → S
′′
max <

fs
1.3σ

(6)
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Therefore, to select the upper limit of the scale, both “(5)” and “(6)” must be
satisfied. So, upper-scale limit is selected as below

Smax = Min
(
S

′
max , S

′′
max

)
(7)

As a conclusion, the range of the scale is selected as below:

(0.4 fs − 2.5BPF I )−1 fs < Si < Smax (8)

2.3 Degradation Features Extraction

The steps of the recommended approach of obtaining the features are described in
Fig. 1, which full description is as follows:

Step 1. Transform the time domain signals into the frequency domain by employing
fast Fourier transform (FFT): One cycle includes 2560 samples of vibration
signals, which is transformed into the frequency domain by applying FFT.
Step 2. Frequency-wise plot: The amplitude at a fixed frequency (e.g., Frq: BPFI)
varies at different cycles. Accordingly, amplitudes at various cycles are received
at a constant frequency, which is known as a frequency-wise plot. This method
is performed for three frequencies: BPFI, BPFO and BSF. The amplitude of the
envelop analysis in the defect frequencies of the inner ring, outer ring and balls
is named with IF, OF and BF, respectively.

Fig. 1 Degradation feature extraction
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3 Experimental Data

In the PHM 2012 conference [13], a dataset of the ball bearing accelerated life
(PROGNOSTIA) was published. The PROGNOSTIA includes the 17 ball bearing
run-to-failure tests in three operating conditions. In this experiment, an electricmotor
with a power of 250W and 2830 rpmwas used as a shaft supplier. A gearbox reduces
the electric motor’s speed to the required value in less than 2,000 rpm. In these tests,
both horizontal and vertical vibration of bearing housings have been monitored, and
the accelerometers have recorded the vibration signals with 25.6 kHz every 10 s. It
should be mentioned, the 0.1 s in every 10 s is considered as one cycle, and there
are 2560 samples in each cycle (Fig. 2). In this paper, the first operating condition is
chosen to examine the proposed approach. Because the applied load in this operating
condition is equivalent to the dynamic load of the ball bearing. Specifications of the
first operation conditions are presented in Table 1.

One of the standard critical features in the time domain is the RMS of the accelera-
tion signal [12]. In many cases, RMS is a useful tool for following the failure process.
Thus, the RMS trends of the seven datasets in operating condition one were plotted
in Fig. 3. As can be seen, the RMS feature of the acceleration signal in bearings 1

Fig. 2 Overview of PROGNOSTIA [13]

Table 1 Specifications of PROGNOSTIA test

OC Speed (RPM) Load (N) Number of Tests

1 1800 4000 7
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Fig. 3 RMS trends for first working condition

and 3 has a three-stage pattern of degradation (regular operation, slow and fast degra-
dation). In bearings 5, 6 and 7, this feature does not appear to be a good indication
of failure from the beginning of the failure process. In these circumstances, RMS
cannot be a proper and reliable feature for estimating RUL and the defect growth
process.

4 Artificial Intelligence Modeling

In this paper, the FFNN is used to predict the RUL of the ball bearings. This network
comprises two layers. The number of neurons in the first layer is ten, which is
elected by try and error. A nonlinear sigmoid function is taken for the output of the
first layer, and the linear function is used to produce the final output of the network.
For eliminating noise in the trend of features, the smoothing algorithm is applied to
all the suggested features. In the FFNN model, 55% of the data points are defined to
train, 30% of the points are employed for validation, and the left 15% of the points
are used to test. In the prediction stage, the obtained features from the vibration data
should be smoothened with the identical procedure that was proposed for the training
data. Before referring to the results, it is suitable to understand the offered algorithm
as a flowchart. The main steps of the proposed method are shown in Fig. 4.

5 Results

In summary, the algorithmused in this paper canbe explained as follows:Thefirst step
is to remove the noise from the vibration signal, which is done by wavelet transform.
The next step is to calculate the features associated with the defect frequency of the
REB.Of course, determining the proper band for filtering the signal is very important.
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Fig. 4 Flowchart of the proposed method

Fig. 5 a Frequency response—b Envelope Analysis (Signal No. 2750, Test 1-1)

According to Fig. 5a in test 1-1, the resonance band is between 500 and 3000 Hz.
Nevertheless, there is no sign of faults in frequency responsewhen the filter is applied
within this range. However, the frequency band from 4000 Hz to 6000 Hz is most
suitable for faults to appear, which is done by the Shannon entropy method (Fig. 5b).

When the fault occurs and hits the surface, these blows can resonate in the inner
ring, outer rings, balls, sensors and other components of the system, so more than
one resonance happens. There are several resonant in the frequency response that
certainly all do not have the same intensity. In conventional methods, the resonance
region is selected for filtering.

In many cases, especially when defects are in the initial stages of growth, this
selected range involves other factors [14]. In the proposed method, all large and
strong resonances and weak resonances are investigated, and the best resonator is
selected, which is indicative of defect and less disturbing factors (noise). It should be
noted that each test includes a large number of signals which are in the time domain,
and they should be converted into the frequency domain. The signal amplitudes can
be selected at BCF. These values are plotted for all the signals, which represent the
share of each failure mode in failure. Table 2 shows the characteristics of the inner

Table 2 Bearing characteristic frequencies

OC BSF (Hz) BPFO (Hz) BPFI (Hz)

1 107,7 168,3 221,6
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ring, outer ring and ball frequencies in the first operating condition.
In Fig. 6, the variation in the amplitude of the BCFs is shown in Test 1-1.
According to Fig. 6, it can be understood that all three features have an increasing

trend at the end of life. Themore interesting result is that if these values are considered
as inputs of the neural network, the RUL is estimated more precisely. RMS has been
used for comparison with standard features because this feature presents a downward
trend in life expectancy and has been used in the literature as the main feature in RUL
prediction and performs better than other features, too. Additionally, information on
the input and output of the neural network in the two cases is presented in Table 3.

In Fig. 7, the life expectancy results for test 1-3 are given in two cases. The red
line shows that the real-life and blue line is a predicted life. Estimations of RUL are
shown as a percentage. As can be considered for real life, at the start of the test,
all life is left (100%), and no life is left at the end of the experiment (0%). RUL
reduction is also considered linear. It is understood that when the new features (IF,
OF, BF) are used, RUL predictions are achieved more accurately.

This process is also used for all bearings, and the error values in these two cases
are given in Table 4. The error is calculated according to “(9)”.

Error = 1

N

N∑
i=1

∣∣∣∣ RULpredicted − RUL real

RUL real

∣∣∣∣ (9)

As can be understood from Table 4, the results of the RULwill be more accurate if
the features that indicate the defects in the ball bearings are used rather than using the
RMS, which only indicates the overall bearings condition.When a general parameter

a) Inner Race Defect b) Outer Race Defect c) Ball Defect

Fig. 6 Process of changing the amplitude of the envelope in the failure frequency

Table 3 Neural network specifications in two cases

Case Number Input Output

1 RMS RUL

2 IF, OF, BF RUL
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Fig. 7 Estimation of the RUL (Right: with first case input, Left: with second case inputs)

Table 4 Error values of the bearings tests in two cases

Predicting datasets Training datasets Error in case 1 Error in case 2

1 1–3, 1–4, 1–5, 1–6, 1–7 0.425 0.352

2 1–1, 1–4, 1–5, 1–6, 1–7 0.578 0.416

3 1–1, 1–4, 1–5, 1–6, 1–7 0.364 0.297

4 1–1, 1–3, 1–5, 1–6, 1–7 0.692 0.513

5 1–1, 1–3, 1-4, 1–6, 1–7 0.257 0.176

6 1–1, 1–3, 1–4, 1–5, 1–7 0.384 0.261

7 1–1, 1–3, 1–4, 1–5, 1–6 0.457 0.329

Average numerical testing error 0.451 0.334

like RMS is used, there is no distinction between the components and consider them
all the same.

6 Conclusion

In this paper, new features based on developing faults of ball bearings are suggested
to estimate RUL. These features represent the sharing of each failure mode. Also, the
wavelet transform is used to choose a proper frequency band for filtering the vibration
signal. The laboratory dataset of the bearing accelerated life in the PROGNOSTIA
tests is employed to approve the method.

These research results indicate that if the contribution of each failure mode is
considered as the input of the neural network, then life is estimated more precisely.
Applying this algorithm has two advantages: 1—More precise life is estimated. 2—
The failuremode of the ball bearing is known, which results in themaintenance being
taken to reduce the damage. In these situations, you should use condition-monitoring
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methods that show the state of the equipment at any given time and can be used to
estimate the lifetime more accurately.
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