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Abstract. Rolling bearings are among the most used elements in rotating
machines, thus effective bearing work condition monitoring is necessary to avoid
sudden machine failures. Vibration signal analysis is a common way. In order to
automatically provide accurate diagnosis results, a new method based on Back
Propagation (BP) network is proposed. Wavelet ridge transform has been applied
to filter part environmental noise, and then a new demodulation method combing
Hilbert transform method and autocorrelation curve has been introduced to over-
come the remaining noise. The autocorrelation curve of envelop signal always
shows its common and relatively apparent periodicity rule when defect occurs. At
last, a Back Propagation (BP) network is used and trained to identify the periodic-
ity and give the label whether the bearing is normal (label = 0) or defective (label
= 1). Thus, bearing condition can be effectively monitored. At the same time, the
characteristic frequency of the defect can be directly obtained according to the
autocorrelation curve. Compared to existing methods based on complicated net-
works, this method operates simpler. Simulated signals and experimental defect
signals illustrated the effectiveness and superiority of this method.
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1 Introduction

Rolling bearing has been widely used in rotatingmachines such as turbine, and its failure
will cause costly downtime. So effective bearing condition monitoring techniques are
required to prevent this kind of damage, and among them vibration signal analysis is a
common way [1, 2]. Many theoretical researches [3–5] about the bearing failure mecha-
nism have proved that the damage bearing signature consists of exponentially decaying
ringing that occurs periodically at the characteristic frequency. Also, the defective bear-
ing vibration signal is usually considered being amplitudemodulated at the characteristic
defect frequency. Thus, the demodulation and following defect diagnosis are the main
research contents.
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However, the vibration signal is collected by the sensor installed on the bearing
housing, so the environmental noise is inevitably introduced. The effective information
is usually drowned especially on the early stage of the defect development. So how
to reduce the interference of the noise before demodulation is a key problem. Many
different methods have been proposed in the past. Wavelet threshold method has been
widely used [6–8]. This method computes the wavelet decomposition of the signal and
then adjusts the wavelet coefficients according to a given threshold. Through wavelet
reconstruction, a de-noising signal is obtained. The noise and original signal can be
separated effectively when selecting a suitable threshold, but how to select this threshold
and perform thresholding is still an open issue. Wavelet filter-based denoising method
is introduced and proved performing better when facing the impulse-like defect signal
[9]. In order to select optimal parameters for the wavelet filter, a two-step optimization
process is proposed, which is a little time-consuming. What’s more, a patch-based de-
noising method has been proposed which was called nonlocal means (NLM) based on
the abundant signal redundant information and the rich similar patches [10]. But the
noise variance of the bearing fault signal needs to be estimation in advance according to
the characteristics of Gauss noise.

Due to the amplitude-modulated effect, the spectrum of defect signals consists of a
harmonic series of frequency components present at the bearing defect frequency with
the highest amplitude around the resonance frequency. In order to achieve effective
signal demodulation and defect diagnosis, Fast Fourier transform (FFT) method [11],
Hilbert transformmethod [12–14] andwavelet transformmethod [15, 16] havebeenused.
The wavelet transform method owns its extraordinary time-frequency representation
capability compared with FFTmethod, but it relies on appropriate wavelet basis function
which is similar to the original signal. Besides, the envelop spectrum of the defect
signal can be obtained with Hilbert transform, and then its characteristic features can be
extracted from the envelop spectrum. Besides, Diego et al. have proposed a one-class
v-SVM method to discriminate between normal and faulty conditions [17]. However,
these methods will all be influenced by the remaining noise.

In recent years, in order to automatically provide accurate diagnosis results, many
methods based on artificial neural networks (ANNs) have been proposed, which employ
signal processing techniques for extracting features and further input the features to
ANNs for classifying faults. Some studies focus on building suitable manual features
such as root mean square (RMS) [18], Rényi entropy based feature [19], features
extracted by locality preserving projections and Gaussian mixture models [20] and so
on [21, 22] to discriminate between normal and faulty conditions. However, it is hard
to find a feature suitable to all issues. On the other hands, more and more complicated
networks such as MD-CUMSUM and NARX neural network [23], convolutional and
long-short-term memory network [24], hierarchical gated recurrent unit network [25]
and multi-scale dense gate recurrent unit network (MDGRU) [26] have been used to
mine the useful information from the raw data, which are called data-driven methods
[27, 28]. High nonlinear characteristics are learned by deep layers gradually, in the last,
the difference between the normal and defect condition can be learned by these networks.
Thus, a large quantity of data is needed. Also, aiming to promptly process the massive
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data and complicated networks, there is some requirement on the computing ability of
the device.

In this paper, a de-noising method based on wavelet ridge transform has been pro-
posed, which performs like a low-pass filter. Then, a new demodulationmethod combing
Hilbert transform method and autocorrelation curve has been introduced to overcome
the remaining noise. The vibration signal is usually considered being amplitude modu-
lated at the characteristic defect frequency when defect occurs, however, it is still hard
to recognize the periodicity of the envelop signal due to the remaining noise. But the
autocorrelation curve of envelop signal always shows its common and relatively appar-
ent periodicity rule. A Back Propagation (BP) network is used and trained to identify
the periodicity and give the label whether the bearing is normal (label = 0) or defective
(label = 1), which input the whole autocorrelation curve to the network rather than sev-
eral manual parameters. Thus, bearing condition can be effectively monitored. At the
same time, the characteristic frequency of the defect can be directly obtained according
to the autocorrelation curve. Compared to above methods based on complicated net-
works, this method operates simpler. Simulated signals and experimental defect signals
illustrated the effectiveness and superiority of this method.

2 Principle

2.1 De-noising Method Based on Wavelet Ridge Transform

When choosing analytic wavelet ∅(t) = g(t) ∗ exp(iw0t), the continuous Wavelet
Transform of a vibration signal f(t) = A(t) ∗ cos(ϕ(t)) is defined as:

W(a, b) =
√
a

2
A(b)exp[iϕ(b)]

{
G

[
a(ξ − ϕ′(b))

]}
(1)

where a is the scale parameter, and b is a shift parameter related to t. A(b) is the instanta-
neous amplitude at point b, andϕ′(b) represents its instantaneous frequency.G represents
the Fourier Transform. Also, ξ = w0/a.

According to Eq. (1), the modulus of W(a, b) can be calculated as:

|W(a, b)|√
a

= A(b)

2
|G[

a
(
ξ − ϕ′(b)

)]| (2)

Thus, for a fixed point b, when ξ = ϕ′(b), this is w0
ab

= ϕ′(b), W(ab, b) get its
maximum called ridge value, where ab represents the scale at the ridge point associated
with position b. The de-noising signal can be obtained by applying inverse wavelet
transform to the ridge curve [29]. This method performs like a low-pass filter, but it
avoids selecting suitable threshold and filter compared to traditional wavelet method.

A sinusoidal signal and a modulation signal both with additive white noise were
shown in Fig. 1(a). Figure 1(b) shows that the signals after wavelet ridge transform
de-noising fit well with the original signal, verifying the effectiveness of this method.
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Fig. 1. (a) Original signals and (b) signals after wavelet ridge transform.

2.2 Defect Diagnosis Method

For a vibration signal f(t) = A(t) ∗ cos(ϕ(t)), its Hilbert transform is defined as:

f(t)
∧

= H[f(t)] = 1

π

∫ +∞

−∞
f(τ)

1

t − τ
dτ (3)

So f(t)
∧

is a linear function of f(t). It is obtained from x(t) applying convolution with
(πt)−1 as shown in the following formula:

f(t)
∧

= (πt)−1 ∗ f(t) (4)

Many theoretical researches have proved that the Hilbert transform of the original
signal f(t) represents its harmonic conjugate. By introducing its harmonic conjugate, a
new complex analytical signal can be described by the expression:

g(t) = f(t) + jf(t)
∧

(5)

And the envelop signal A(t) can be calculated as:

A(t) =
√

(f(t))2 + (f(t)
∧

)
2

(6)

Thus, defect characteristic frequency can be obtained through its envelop signal.
However, the effective information still can be drowned when the remaining noise is
too strong. According to the theoretical solution of the defect bearing vibration signal,
a simulation signal adding white noise is used to illustrate this issue. The simulation
signal is described as following:

y = [
∑N

n=0
δ(t − nT)] ∗ [e−γ2πftcos(2πf

√(
1 − r2

)
t)] (7)
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where δ represents impulse function. T = 1/300, which means the defect frequency is
300 Hz. f represents the bearing natural frequency, and here is 3000 Hz. γ represents the
damping ratio, and here is 0.1.

As the figure shows, Fig. 2(a) and Fig. 3(a) represents the simulated defect bearing
vibration signal adding 10dBwhite noise and20dBwhite noise, respectively. Figure 2(b)
gives the envelop signal of Fig. 2(a), and its periodicity is obvious, so the defect frequency
can be obtained directly. However, the signal of Fig. 3(b) is disordered, which is envelop
signal of Fig. 3(a).

Fig. 2. (a) Simulated defect bearing vibration signal adding 10 dB white noise and (b) its envelop
signal.

Fig. 3. (a) Simulated defect bearing vibration signal adding 20 dB white noise and (b) its envelop
signal.

Facing this problem, a method based on autocorrelation curve is proposed. The
autocorrelation curve of the envelop signal is calculated, which owns stronger periodicity
and the same period. The autocorrelation curve of Fig. 3(b) is drawn in Fig. 4(a), and it
exists relatively apparent periodicity. The detailed profile of the marked region in (a) is
shown in (b), from which the defect impulse frequency 300 Hz can be easily seen.

2.3 Work Condition Monitoring Method

The accompanying periodicity of autocorrelation curve when defect happens can be
used to monitor the work condition of bearing, which is the key to prevent sudden
failure. The costly damage can be avoided if the defect can be distinguished once it
happens. Regarding as a binary classification problem, theBPneural network is chosen to
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Fig. 4. (a) Autocorrelation curve and (b) detailed profile of the marked region.

distinguish the periodicity of autocorrelation curve corresponding to the work condition
of bearing. The autocorrelation curve data is used as the input of the network, and the
output is 0 or 1, which represents normal and defective, respectively. After training, the
network can be used to give label directly according to new autocorrelation curve, this
is to say, identifying the work condition. Thus, costly downtime due to bearing sudden
failure can be avoided successfully.

The more layers and more neurons a BP network have, the more complex corre-
sponding relationship can be learned. Considering there is two condition needed to be
identified, a four-layer network was used. As Fig. 5 shows, the input layer consisted
of 2000 neurons corresponding to the number of the autocorrelation curve data used
for training. The number of neurons in the two hidden layers were set to 100 and 100,
respectively. The output layer consisted of 2 neurons, and two output values represent
the probability to be 0 and 1, respectively. At last, the label was given according to the
one owning larger probability. The cross-entropy [27] known as multi-class log loss was
used as loss function. All connecting weights were initialized with random numbers
from a truncated Gaussian distribution and the values of the biases were initialized as
constant.

Fig. 5. BP network schematic diagram.

In the training processes, an input was first propagated through the network. The
difference between the calculated and the desired outputs was then backpropagated from
the output neurons to the first layer of the network, thereby adjusting network weights in
the direction opposite to that of the derivative of the network error with respect to each
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network weight. By repeating this procedure multiple times for each data in a training
set, the network can be taught to map the inputs to the correct outputs. Here the learning
rate was set to 0.001.

3 Experiment

The experiment was conducted by the NSF I/UCR Center for Intelligent Maintenance
Systems. As the Fig. 6 shows, four bearings were installed on a shaft. The rotation speed
was kept constant at 2000 RPMby an ACmotor. A radial load of 6000 lbs is applied onto
the shaft and bearing by a spring mechanism. All bearings are force lubricated. Rexnord
ZA-2115 double row bearings were installed on the shaft. PCB 353B33 High Sensitivity
Quartz ICP accelerometers were installed on the bearing housing (One accelerometer
for each bearing). Sensor placement is also shown in Fig. 7.

Fig. 6. Experiment schematic diagram.

The data set 1 describes a test-to-failure experiment (Bearing 1 happens defect.), and
each bearing records 900 groups of data at different time. Each group consists of 20,480
points with the sampling rate set at 20 kHz. The record process of data set 2 is the same,
the only difference is bearing 3 happens defect.

Based on data set 1, vibration signal of bearing 1 before failure is shown in Fig. 7(a),
and vibration signal of bearing 1 after failure is shown in Fig. 7(b). Figure 7(c) and (d)
give corresponding envelop signal after de-noising, respectively. The disordered envelop
signals show the information is highly masked by the remaining noise. The normalized
autocorrelation curve of Fig. 7(c) is drawn in Fig. 8(a), and the detailed profile of the
marked region in Fig. 8(a) is shown in Fig. 8(b). The autocorrelation curve of Fig. 7(d)
is drawn in Fig. 9(a), also, the detailed profile of the marked region in (a) is shown in (b).
Through comparison, the Fig. 9 shows apparent periodicity, which means defect exists.
Besides, the impulse frequency can be calculated.

Considering the key problem is to real-time diagnosis, this is to find the sudden
change moment, normalized autocorrelation curves at different moments (every 30
groups) are shown in Fig. 10. Results show there exist two kinds of curve, and change
begins in time series of No.19. The shape of autocorrelation curve changes suddenly
once the defect happens. Thus, the difference can be used as failure sign.

A BP neural network was then used to learn and discriminate the difference. 90
groups of normalized autocorrelation curve data were used as the input of the network,
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Fig. 7. (a) Vibration signal of bearing 1 before failure and (c) its envelop signal; (b) vibration
signal of bearing 1 after failure and (d) its envelop signal.

Fig. 8. (a) Normalized autocorrelation curve and (b) its detailed profile of the marked region.

Fig. 9. (a) Normalized autocorrelation curve and (b) its detailed profile of the marked region.

and artificially given labels were set as the output of the network. The training procedure
repeated 1000 times, and the learning rate was set to 0.001. After training, the network
could be used to discriminate and give label directly.

For data set 2, vibration signals of bearing 3 before and after failure were also used
to verify the proposed method. The normalized autocorrelation curves of envelop signal
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Fig. 10. Normalized autocorrelation curve.

showed same regularity, changing fromFig. 11(a) to Fig. 11(b). Also, the trained network
gave correct labels 0 and 1, respectively.

Fig. 11. Normalized autocorrelation curves (a) before failure and (b) after failure.

More data coming from data set 1 (bearing 1) and data set 2 (bearing 3) were used
to test the trained network, and the test results were recorded in Table 1. Note that the
validation data includes un-trained data and partly trained data.

Table 1. Accuracy results

Data set 1 Data set 2

The number of test data 90 100

The number of correct labels 90 99

Accuracy 100% 98.89%
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As the Table 1 shows, the results verified the high accuracy and generalization ability
of the trained network,which also illustrated the effectiveness of the proposedmonitoring
method.

4 Conclusion and Discussion

A new rolling bearing work condition monitoring method based on Back Propagation
network has been described in this paper, and simulation results and experimental results
verified its effectiveness and high accuracy.

A de-noising method based on wavelet ridge transform has been proposed, which
performs like a low-pass filter. Noise can’t be filtered completely, especially the infor-
mation is totally and highly masked by the noise. Considering the autocorrelation curve
of envelop signal always owns relatively apparent periodicity rule when defect occurs, a
new demodulation method combing Hilbert transformmethod and autocorrelation curve
has been introduced to overcome the remaining noise. Also, experimental results verify
that the stage of autocorrelation curve changes suddenly once the defect happens, thus,
it can be used as failure sign. What’s more, the characteristic frequency of the defect can
be directly obtained according to the autocorrelation curve.

Aiming to achieve real-time monitoring, a Back Propagation (BP) network is used
and trained to identify the periodicity and give the label whether the bearing is normal
(label = 0) or defective (label = 1), which input the whole autocorrelation curve to
the network rather than several manual parameters. Compared to above methods based
on complicated networks, this method also owns generalization ability in a degree but
operates simpler.
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