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Bearing fault signal analysis is an important means of bearing fault diagnosis. To effectively eliminate noise in a fault signal, an
adaptive multiscale combined morphological filter is proposed based on the theory of mathematical morphology. Both
simulation and experimental results show that the adaptive multiscale combined morphological filter can remove noise more
thoroughly and retain details of the fault signal better than the dual-tree complex wavelet filter, traditional morphological filter,
adaptive singular value decomposition method (ASVD), and improved switching Kalman filter (ISKF). The adaptive multiscale
combined morphological filter considers both positive and negative impulses in the signal; therefore, it has strong adaptability to
complex noise in the environment, making it an effective new method for bearing fault diagnosis.

1. Introduction

Bearings are important components in rotating mechanical
equipment, and their operating condition affects the overall
working state of mechanical equipment. A bearing is prone
to defects after prolonged use, and these defects can be useful
during bearing fault diagnosis [1–4]. When a bearing fails, its
vibration signal is composed of a modulation signal, periodic
pulse signal, and noise signal. The periodic pulse signal is
caused by the bearing fault, and the bearing fault type can
be determined by analyzing the characteristic frequency of
the periodic pulse signal. Due to the complex working envi-
ronment of the bearing, the vibration signals of the bearing
collected by relevant equipment show obvious nonstationary
and nonlinear characteristics [5–9].

The mathematical morphology filter, developed on the
basis of mathematical morphology transformation, is an
effective method of analyzing nonlinear signals. The mathe-
matical morphology filter selects appropriate structuring ele-
ments to decompose the signal into several components,
according to the geometric characteristics of the signal. Even
if there is strong noise or distortion in the signal, the basic

morphological characteristics of the signal can be preserved
after the signal is filtered. Compared with other signal analy-
sis methods, the mathematical morphology filter, which has
been widely used in pattern recognition, image processing,
computer vision, power signals, ECG and EEG signal pro-
cessing, mechanical equipment fault diagnosis, and other
fields, has the advantages of easy implementation, fast algo-
rithms, and minimal calculations [10–14]. Because the col-
lected vibration signal of the bearing inevitably contains
noise, the frequencies of the noise and fault signal will over-
lap in the frequency spectrum. A traditional morphological
filter uses a single-scale operation, so its noise-filtering effects
are general; in addition, it may filter out useful fault signals,
which may prevent a true reflection of the bearing fault sig-
nals [15–18].

An adaptive multiscale combined morphological filter is
developed based on the concept of multiscale overall filtering
to overcome the shortcomings of the traditional morpholog-
ical filter. Both simulation and experimental results show that
the adaptive multiscale combined morphological filter has a
better denoising effect and can retain useful signals better
than the traditional filter.
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2. Summary of Mathematical Morphology
Filtering Theory

2.1. Basic Morphology Operators. Dilation and erosion are the
two basic operators of mathematical morphology. The col-
lected vibration signal of the bearing is a one-dimensional dis-
persed signal, so this paper only introduces a one-dimensional
dispersed gray-value morphological transformation.

f ðnÞ is defined as a disperse one-dimensional input sig-
nal, and its domain is F = f0, 1, 2⋯,N − 1g. gðmÞ is the
structuring element, and its domain is G = f0, 1, 2⋯,M − 1
g; in addition, M≪N .

The dilation of f ðnÞ on gðmÞ is

f ⊕ gð Þ nð Þ =max f n −mð Þ + g mð Þf g
m∈G

: ð1Þ

The erosion of f ðnÞ on gðmÞ is

fΘgð Þ nð Þ =min
m∈G

f n +mð Þ − g mð Þf g: ð2Þ

The dilation operation is equivalent to the maximum
value filtering of the disperse function in the sliding filter
window (structuring element), which widens the peak value
as well as increases the valley value of the signal. The erosion
operation is equivalent to the minimum value filtering of the
disperse function in the sliding filter window (structuring ele-
ment), which widens the valley value as well as increases the
peak value of the signal. Dilation and erosion, as two basic
operations, can be used to form opening operations and clos-
ing operations, and their expressions are as follows:

The opening operation

f ∘ gð Þ nð Þ = fΘg ⊕ gð Þ nð Þ: ð3Þ

The closing operation

f · gð Þ nð Þ = f ⊕ gΘgð Þ nð Þ: ð4Þ

From Equation (3) and Equation (4), it can be seen that
the opening operation means the signal is eroded first and
then dilated by the structuring element, and the closing oper-
ation means the signal is dilated first and then eroded by the
structuring element. The opening operation can eliminate
the isolated point and weaken the positive pulse interference
in the signal to smoothen the signal waveform. The closing
operation can repair the holes and gaps, fill the grooves to
make them flat, and suppress the negative pulse interference
in the signal waveform.

Selection of the structuring element used in morphologi-
cal transformation is also very important because different
structuring elements have different effects on signal process-
ing. Several common types of structuring elements are flat,
circular, cosine, triangular, and curved. The flat structuring
element has the following advantages: the amplitude is zero,
the calculation is simple and fast, the signal processing effi-
ciency is high, and the processing effect can be guaranteed.
Therefore, in this paper, a flat structuring element is selected
for the morphological filtering of the bearing fault signal.

2.2. Traditional Morphological Filter. Because the dilation,
erosion, opening, and closing operations can only filter one
of the positive and negative impulse noise in the signal, in
many cases, the opening and closing operations are com-
bined to construct the morphological closing-opening filter
and morphological opening-closing filter, which are as
shown in Equation (5) and Equation (6), respectively.

FCO f nð Þð Þ = f · g ∘ gð Þ nð Þ: ð5Þ

FOC f nð Þð Þ = f ∘ g · gð Þ nð Þ: ð6Þ
Morphological closing-opening and opening-closing

filters combine two kinds of operations (opening and clos-
ing), which can weaken both positive and negative impulse
noise in the signal, but they cannot avoid the statistical bias
of the filtering results caused by the dilatability of the closing
operation and the erodibility of the opening operation. To
achieve a better filtering effect, the combined morphological
filter is usually constructed by combining morphological
closing-opening and opening-closing filters, as shown in
Equation (7).

FCO−OC f nð Þð Þ = 1
2 FCO f nð Þð Þ + FOC f nð Þð Þ½ �: ð7Þ

2.3. Multiscale Morphological Filter. Originally, multiscale
morphology was established to enrich the practicability of
morphology in the field of image processing and shorten
the operation time when the size of the structuring element
is large, which is based on decomposing morphological struc-
turing elements. When applied to the research of a one-
dimensional vibration signal, the structuring element of the
multiscale morphological filter can be obtained by corre-
sponding time dilations of the unit structuring element itself.

If the structuring element of scale i is ig and the unit
structuring element is g, then ig can be obtained by i − 1
times dilation of g itself, as shown in Equation (8).

ig = g ⊕ g ⊕⋯⊕ g|fflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflffl}
i−1 times

: ð8Þ

The dilation and erosion operations of signal f by multi-
scale structuring elements are as shown in Equation (9) and
Equation (10), respectively:

f ⊕ i + 1ð Þg nð Þ = f ⊕ ig nð Þð Þ ⊕ g nð Þ, ð9Þ

fΘ i + 1ð Þg nð Þ = fΘig nð Þð ÞΘg nð Þ: ð10Þ
Similarly, the multiscale morphological opening, closing,

opening-closing, and closing-opening operations of signals
are as shown in Equations (11) to (14):

f ∘ gð Þi nð Þ = fΘig nð Þð Þ ⊕ ig nð Þ, ð11Þ

f · gð Þi nð Þ = f ⊕ ig nð Þð ÞΘig nð Þ, ð12Þ
FCO f nð Þð Þ = f · ig nð Þð Þ ∘ ig nð Þ, ð13Þ
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FOC f nð Þð Þ = f ∘ ig nð Þð Þ · ig nð Þ: ð14Þ
2.4. Adaptive Multiscale Combined Morphological Filter. The
environment and working conditions of the bearing are often
complex and changeable; consequently, noise in the collected
signal of the bearing is also complex and diverse; thus, it is
difficult to achieve an ideal filtering effect by using a single-
scale structuring element. To enable the morphological filter
to deal with noise in various situations, multiple groups of
structuring elements with different scales are adopted to
carry out morphological closing-opening and opening-
closing combined filtering for a signal based on the concept
of overall multiscale filtering. In addition, structuring ele-
ments with different scales are used successively in the same
group. The final scale signal is obtained by adaptive weight-
ing combination for each group of operation results. The
principle is as follows:

F1CO f nð Þð Þ = f · g11 ∘ g12ð Þ nð Þ,
F1OC f nð Þð Þ = f ∘ g11 · g12ð Þ nð Þ,
F2CO f nð Þð Þ = f · g21 ∘ g22ð Þ nð Þ,
F2OC f nð Þð Þ = f ∘ g21 · g22ð Þ nð Þ,

⋯⋯

FiCO f nð Þð Þ = f · gi1 ∘ gi2ð Þ nð Þ,
FiOC f nð Þð Þ = f ∘ gi1 · gi2ð Þ nð Þ:

8>>>>>>>>>>>>>><
>>>>>>>>>>>>>>:

ð15Þ

In Equation (15), g11 ⊆ g12, g21 ⊆ g22, andgi1 ⊆ gi2.
The final signal filtered by k groups of structuring ele-

ments is as shown in Equation (16):

F fð Þ = 〠
k

i=1
λi1FiCO f nð Þð Þ + λi2FiOC f nð Þð Þð Þ, ð16Þ

where λi1 represents the weight of the results of the morpho-
logical closing-opening operation on the signal by the ith
group of structuring elements in the final signal. λi2 repre-
sents the weight of the results of the morphological
opening-closing operation on the signal by the ith group of
structuring elements in the final signal. λi1 and λi2 can be cal-
culated by Equations (17) to (20):

δi1 = 〠
N

n=1
FiCO f nð Þð Þ − f nð Þj j, ð17Þ

δi2 = 〠
N

n=1
FiOC f nð Þð Þ − f nð Þj j, ð18Þ

λi1 =
δi1

∑k
i=1 δi1 + δi2ð Þ

, ð19Þ

λi2 =
δi2

∑k
i=1 δi1 + δi2ð Þ

: ð20Þ

It can be seen that the morphological closing-opening
(opening-closing) operation results from large-scale struc-
turing elements have a large proportion of weight in the final
signal, and the morphological closing-opening (opening-
closing) operation results from small-scale structuring ele-
ments have a small proportion of weight, which considers
denoising and protecting details under the premise of giving
first priority to denoising.

The process of the proposed morphological filter is as
follows:

(1) Read the signal f ðnÞ to be processed

(2) Calculate the value of d (the number of sampling
points in a pulse period) according to the sampling
frequency and pulse frequency (or theoretical fault
frequency)

(3) Obtain the width ð0:6dÞ of the flat structuring
element

(4) According to Equation (15), use 2i (the value of i is
optional) groups of different scale structuring ele-
ments to carry out morphological closing-opening
and morphological opening-closing operations for
f1ðnÞ and obtain the final signal f1ðnÞ according to
Equations (16) to (20)

(5) Implement a fast Fourier transform of f1ðnÞ to obtain
its spectrum F1ðnÞ

(6) Output f1ðnÞ and F1ðnÞ

3. Analysis of the Filtering Effect for the
Simulation Signal

To test the effect of the proposed adaptive multiscale com-
bined morphological filter, a simulation signal is created for
filtering research, which is shown in Equation (21):

x tð Þ = x1 tð Þ + xn tð Þ: ð21Þ

In Equation (21), x1ðtÞ is a periodic pulse attenuation
signal with a frequency of 60Hz and a weekly attenuation
function of e−800·t · cos ð2π · 800 · tÞ; xnðtÞ is a white Gaussian
noise signal. The sampling frequency of the signal is 6000Hz,
and the sampling time is 1 s.

The amplitude of the flat structuring element is 0.
According to [19], the width of the structuring element was
selected as 0:6d (d is the number of sampling points in a
pulse period). Since the sampling frequency is 6000Hz and
the pulse frequency is 60Hz, it can be seen that d = 100, so
the width of the structuring element is 60.

The waveform and frequency spectrum of the simulated
signal are shown in Figure 1. Clearly, there is considerable
noise in the simulation signal; the signal-to-noise ratio is
low; the pulse signal is completely submerged by noise; the
frequency spectrum is relatively messy; neither the waveform
nor the frequency spectrum can reflect the periodic charac-
teristics of the pulse signal.
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The waveform and frequency spectrum of the simulated
signal denoised by the dual-tree complex wavelet are shown
in Figure 2. It can be seen obviously that noise in the signal
is suppressed to a certain extent by the dual-tree complex
wavelet, but considerable noise still remains. The character-
istic frequency of the pulse signal can be reflected in the
frequency spectrum, but there is still considerable interfer-
ence. Moreover, the periodic characteristic of the signal is
not obvious.

The waveform and frequency spectrum of the simulated
signal denoised by the traditional morphological filter with
small-scale structuring elements are shown in Figure 3. It
can be seen obviously that the denoising effect is better than

that of the dual-tree complex wavelet, but a certain amount of
noise remains. The characteristic frequency of the pulse sig-
nal can be reflected in the frequency spectrum, but the peri-
odic characteristic of the signal is still not sufficiently
obvious because of the interference of the left noise.

The waveform and frequency spectrum of the simulated
signal denoised by the traditional morphological filter with
large-scale structuring elements are shown in Figure 4. It
can be seen obviously that some useful signals in the wave-
form are filtered, resulting in distortion of the signal, and
the frequency spectrum only reflects the primary frequency
of the pulse signal.
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Figure 1: Simulated signal and its frequency spectrum. (a) The
waveform of the simulated signal. (b) The frequency spectrum of
the simulated signal.
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Figure 2: Waveform and frequency spectrum of the simulated
signal denoised by the dual-tree complex wavelet. (a) Waveform.
(b) Frequency spectrum.
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Figure 3: Waveform and frequency spectrum of simulated signal
denoised by traditional morphological filter with small-scale
structuring elements. (a) Waveform. (b) Frequency spectrum.
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Figure 4: Waveform and frequency spectrum of simulated signal
denoised by traditional morphological filter with large-scale
structuring elements. (a) Waveform. (b) Frequency spectrum.
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The waveform and frequency spectrum of the simulated
signal denoised by the adaptive multiscale combined mor-
phological filter are shown in Figure 5. It can be seen obvi-
ously that not only a great quantity of noise in the signal is
effectively filtered but also the distortion of the effective sig-
nal is avoided. Only a miniscule quantity of clutter remains
in the frequency spectrum, which reflects both the primary
and double frequency of the pulse signal. The denoising effect
is obviously better than that of the dual-tree complex wavelet
and traditional morphological filter.

4. Analysis of the Filtering Effect for the Bearing
Fault Signal

The bearing fault signal is collected through an experiment
involving a two-stage transmission gearbox whose structure
is shown in Figure 6. In the first-stage transmission, gear A
on the input shaft (I) and gear B on the intermediate shaft
(II) mesh with each other. The tooth numbers of gear A
and gear B are 23 and 47, respectively. In the second-stage
transmission, gear C on the intermediate shaft (II) and gear
D on the output shaft (III) mesh with each other. The tooth
numbers of gear C and gear D are 19 and 78, respectively.

During the experiment, the outer ring of bearing R3 on the
intermediate shaft (II) is set to be defective, and the accelera-
tion sensor is set at the bearing block of R3 to collect the fault
signal. The speed of the input shaft (I) is 1520 r/min, the sam-
pling frequency is 10 kHz, and the number of sampling
points is 5000. It can be calculated that the characteristic fre-
quency of the bearing R3 outer ring defect signal is 126.4Hz.

The width of the structuring element is chosen as 0:6d
(d is the number of sampling points in a pulse period).
Since the sampling frequency is 10 kHz and the pulse fre-
quency is 126.4Hz, it can be seen that d = 79, so the width
of the structuring element is 47.

The waveform and frequency spectrum of bearing R3
with an outer ring defect obtained by the experiment are
shown in Figure 7.

The waveform and frequency spectrum of bearing R3
with an outer ring defect signal denoised by a dual-tree com-
plex wavelet are shown in Figure 8. It can be clearly seen that
the dual-tree complex wavelet can filter out most of the noise
in the signal, but the filtering is insufficient. The frequency
spectrum reflects the primary frequency (126Hz) and double
frequency (252Hz) of the pulse signal; however, there is
excessive clutter in the frequency spectrum, which easily pro-
duces interference.

The waveform and frequency spectrum of bearing R3
with an outer ring defect signal denoised by a traditional
morphological filter with small-scale structuring elements
are shown in Figure 9. It can be seen obviously that the noise
is less than that by the dual-tree complex wavelet; the fre-
quency spectrum obviously highlights the primary frequency
(126Hz) and double frequency (252Hz) of the pulse signal,
and the clutter is further reduced as well.

The waveform and frequency spectrum of bearing R3
with an outer ring defect signal denoised by a traditional
morphological filter with large-scale structuring elements
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Figure 5: Waveform and frequency spectrum of the simulated signal
denoised by the adaptive multiscale combined morphological filter.
(a) Waveform. (b) Frequency spectrum.
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Figure 7: Waveform and frequency spectrum of bearing R3 with an
outer ring defect. (a) Waveform. (b) Frequency spectrum.
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are shown in Figure 10. It can be seen obviously that the sig-
nal is distorted, with a loss of partial effective information;
the frequency spectrum only reflects the primary frequency
(126Hz) of the pulse signal.

The waveform and frequency spectrum of bearing R3
with an outer ring defect signal denoised by an adaptive mul-
tiscale combined morphological filter are shown in Figure 11.
It can be seen obviously that the signal details are well pre-
served while the noise is effectively filtered out; the frequency
spectrum clearly reflects the primary frequency (126Hz) and

double frequency (252Hz) of the pulse signal; furthermore,
the clutter is extremely small.

In recent years, Qin et al. [20] proposed an adaptive sin-
gular value decomposition method (ASVD) for gearbox fault
signal filtering. Cui et al. [21] proposed an improved switch-
ing Kalman filter (ISKF) to filter bearing fault signals. We use
these two methods to denoise the outer ring defect signal of
bearing R3, and the results are shown in Figures 12 and 13.
It can be seen obviously that although these two methods
can filter out most of the noise in the signal, yet they are both
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Figure 8: Waveform and frequency spectrum of bearing R3 with an
outer ring defect signal denoised by a dual-tree complex wavelet. (a)
Waveform. (b) Frequency spectrum.
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Figure 9: Waveform and frequency spectrum of bearing R3 with an
outer ring defect signal denoised by a traditional morphological
filter with small-scale structuring elements. (a) Waveform. (b)
Frequency spectrum.
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Figure 10: Waveform and frequency spectrum of bearing R3 with
an outer ring defect signal denoised by a traditional morphological
filter with large-scale structuring elements. (a) Waveform. (b)
Frequency spectrum.
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Figure 11: Waveform and frequency spectrum of bearing R3 with
an outer ring defect signal denoised by an adaptive multiscale
combined morphological filter. (a) Waveform. (b) Frequency
spectrum.

6 International Journal of Rotating Machinery



inferior to our proposed filter. The frequency spectrum
reflects the primary frequency (126Hz) and double fre-
quency (252Hz) of the pulse signal, but there is still much
interference in the high-frequency part. By comparing with
these two methods, the novelty of our proposed adaptive
multiscale combined morphological filter is reflected.

5. Conclusions

To address the insufficient denoising effects of traditional
filters, an adaptive multiscale combined morphological fil-

ter is proposed, which is composed of morphological
closing-opening and opening-closing operations. The
advantages of the proposed filter are verified by simula-
tions and experiments, as specifically manifested in the fol-
lowing three aspects:

(1) The morphological filter proposed in this paper
uses multiple groups of structuring elements with
different scales to carry out morphological closing-
opening and opening-closing combined filtering for
signals. In addition, structuring elements with differ-
ent scales are used successively in the same group.
The final scale signal is obtained by a self-adaptive
weighting combination of each group of operation
results. The morphological closing-opening (open-
ing-closing) operation results by large-scale structur-
ing elements have a large proportion of weight in the
final signal, and the morphological closing-opening
(opening-closing) operation results by small-scale
structuring elements have a small proportion of
weight, which can take into account the denoising
and protecting details of the signal under the premise
of giving first priority to denoising

(2) The proposed filter can filter out noise more thor-
oughly and extract pulse signals more effectively
than dual-tree complex wavelets, ASVD and ISKF.
Compared with the traditional morphological filter
with small-scale structuring elements, which has an
incomplete denoising effect, the proposed filter can
filter out noise more effectively; compared with the
traditional morphological filter with large-scale
structuring elements, which loses part of the useful
signal, the proposed filter can preserve the useful
signal much better

(3) The proposed filter takes into account both posi-
tive and negative pulses in the signal; therefore, it
has strong adaptability to complex and variable
noise in actual environments. Thus, the filter pro-
vides a new effective method for rotating machinery
fault diagnosis
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Frequency spectrum.
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