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Vibration Bearing Diagnostic System Machine
Learning
S. Sinutin, S. Lebedev, E. Sinutin

Abstract: The article shows the possibility of using a
mathematical model of a bearing with various types of defects for
machine learning of the vibration diagnostic system. A plane
geometric model of a radial bearing with two degree of freedom is
considered in detail, a system of differential equations describing
the nature of the motion of moving masses in the mechanical
bearing system is presented. A formula is obtained for calculating
the total kinematic disturbance, the calculation of which is
associated with significant computational costs. The article
proposes an alternative calculation method, namely, modeling the
profile of kinematic disturbances in the time domain, which will
minimize computational costs. The adequacy of the proposed
method is confirmed by calculations in Matlab and comparison
with experimental data.
The development of equipment maintenance systems for the
actual technical condition is relevant as in the case of operation of
facilities of increased danger Gerike, and in the case of the
operation of expensive equipment Pisarev and Vaganov, where
the diagnosis with disassembling the machine leads to large
financial losses. Diagnostics of equipment by vibration
parameters allows fixing defects in the early stages during normal
operation without the need to disassemble the units and take them
out of service.
Keywords: Acceleration spectrum, bearing, machine learning,
neural network, rolling element defects, vibration velocity.

I. INTRODUCTION

C

urrently, the most popular analysis methods are
threshold methods (for example, for turbines this is an excess
of the threshold value of the mean square value (MSV) of the
vibration velocity or rotor displacement value) and spectral
methods. The second ones mainly rely on Fourier analysis and
observation of certain parts of the spectrum. An increase in
the power of the signal spectrum in these areas signals a
developing defect. Due to the nonlinear nature of defects, an
expert who is able to differentiate artifact records and real
manifestations of defects is required for a qualitative
assessment of processed signals [1, 2].
To automate this process, you can use machine learning
methods, in particular neural networks for time series
analysis. Rozhkov and Shadsky [3] refer to 4 main diagnostic
methods:
 according to the MSV of vibration velocity;
 the spectra of vibration signals;
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 the ratio of peak/background vibration signal;
 the spectrum of the envelope of the vibration signal.
An analysis of spectrum of the envelope of a vibration
signal is proposed as the most effective method. The usage of
a previously taught neural network on the unique vibration
patterns of malfunctions is proposed to recognize a rotor unit
malfunction. It should be noted that the implementation of
such diagnostic methods requires large amounts of data for
training the neural network, especially when it comes to
classification problems. All of this lead either to an excessive
complication of the structure of the neural network (which in
turn leads to the effect of “memory” - the neural network
simply remembers the data of the training sample, but does
not generalize it), or to the rejection of neural network
modeling. Suggested solutions to the problem include:
 reduction in volume or rejection of the test sample;
 pseudo-random generation of new examples;
 structural changes in the neural network or neural network
model.
To solve the problem of vibration diagnostics, you can turn
to the second one option, complicating the method of
generating new examples. The main structures of neural
networks are the multilayer perceptron [5], and deep belief
networks (DBN) [6]. The sample size in the first case was
2500 samples of MSV vibration velocity, in the second case,
the implementation of vibration signals was used, in the
amount of 64 for each defective and normal condition of the
bearing.
II. METHODOLOGY
The problem of small training samples can be solved by
constructing a mathematical model of the bearing, with the
possibility of introducing “defects”. Using this model, one
can generate signals and supplement the training sample
unlike bootstrap methods and should not be afraid of
saturation due to the lack of really new data [4].
For the effective application of neural network modeling, it
will be necessary to use not only signals with isolated defects,
but also variants of complex faults. Otherwise, the neural
network may be not able to cope with the problem of
classifying faults (the problem of giving an answer “I don’t
know” or “both” [7]). This is easy to implement by using the
mathematical model of the bearing. In a real bearing, it is a
difficult engineering task to simultaneously introduce several
defects into the structure.
The problem of “ideality” of the training sample data
should be noted. If the neural network is trained on idealized
model data, real signals taken from the bearings of the
bearings may be too noisy for it.
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In addition, when developing a model, the presence of
tolerances in the structural elements of bearings should be
taken into account.
In this work, we used a method for modeling the profile of
the kinematic disturbance in the time domain, which consists
in representing the kinematic disturbance Ai as a program
function with argument t (current simulated time), from which

(a)

the instantaneous phase is obtained, and then the defect is
modeled as a deterministic function . Then the additive
noise of random surface defects is added.
This method will significantly reduce computational costs
with the machine learning method of the vibration diagnostics
system.
III. RESULTS

The initial bearing model is a flat geometric model of a
radial bearing with two degree of freedom in radial directions
[11, 12]. Gasparov gives a bearing model in the form of a
mechanical system with a combination of linear and nonlinear
stiffnesses [8-10]. Bearing elements are considered as rigid
bodies locally deformable in small contact areas. In this case,
the bearing assembly is represented as a system of
interconnected concentrated masses. The oscillations of the
elements of the rotor assembly will be determined by the
vector sum of their movements along the directions of their
contact with the rolling bodies. In Fig. 1, the geometric model
(a) and the generalized calculation scheme (b) of the rotor
support are shown. The model has one fixed and several
movable coordinate systems rigidly connected with balls in
the cage. Moving coordinate systems rotate relatively
motionless with an angular velocity equal to the speed of
rotation of the separator с, i.e. the geometric center of the
ball lies on the axis of the corresponding moving coordinate
system.
The following assumptions are made in the model:

(b)
Fig. 1. The geometric model (a) and the design scheme (b)
of the bearing support of the rotor assembly
The design scheme in Fig. 1 (b) takes into account the
influence of amplitude feedback, i.e. the effect of rotor
movement on the amplitude of the periodic disturbing force
caused by the initial rotor imbalance.
Periodic force will be calculated by the formula:

F  m e
1

where m1 is the rotor mass brought to the support, e is the
dynamic eccentricity, p is the angular velocity of the rotor.
Denoting the oscillations of the cased mass of the housing
m4 supported along the n-th movable axis as x4 for their
projections relative to the Y axis of the fixed coordinate
system, we can write:

• there is no sliding of balls,

( x )  x cos( t   

• the treadmill profile is unchanged,
• the contact angle is constant,
• there is no gyroscopic effect when spinning balls.
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where x4n is the oscillation of the m4 mass along the n-th
moving axis, and the expression under the cosine sign is the
angle between the moving axis xn and the Y axis of the fixed
coordinate system.
Then, from geometric considerations, the resulting
displacement of the m4mass along the Y axis will be equal to
the sum of the projections of the oscillations along the moving
axis onto the fixed axis:
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where z is the number of rolling elements in the bearing.
The stiffness characteristics of rolling bearings, especially
ball bearings, have a pronounced nonlinear character.
Installing a rolling bearing in a support with linear stiffness c3
of the “outer ring-node” subsystem (Fig. 2) creates a
constructive mechanical system with a combination of linear
and nonlinear stiffnesses, where:
 m1 is the rotor mass brought to the support;
 m2 is the mass of the ball;
 m3 is the mass of the outer ring;
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 m4 is the mass of the rotor assembly body reduced to the
support;
 c1 is the nonlinear rigidity of the subsystem “inner
ring-ball”;
 k1 is the coefficient of viscous resistance of the subsystem
“inner ring-ball”;
 c2 is the nonlinear rigidity of the subsystem “ball-outer
ring”;
 k2 is the coefficient of viscous resistance of the subsystem
“ball-outer ring”;
 c3 is the rigidity of the “outer ring-node” subsystem;
 c4 is the rigidity of the “node-bed” subsystem;
 Fin.ten. is the force preload (initial tension);
 Frotor is the periodic force caused by an imbalance of the
rotor;
 Fcut.force is cutting force reduced to the support;
 di is the error profile of the ball, expressed as a change in its
diameter;
 Fcentr.ball is centrifugal force of the ball, the value of which
increases with the speed of the separator;
 k3, k4 are the coefficients of viscous deformation resistance
of the subsystems “outer ring-node” and “node-bed”,
respectively.
These coefficients (k3 and k4) cannot be taken into account
in view of the smallness of their values. Let’s consider an
oscillatory system along 1 of the moving axes. Such an
oscillatory system consists of 4 elastically and dissipative
connected concentrated masses (Fig. 2, a).

(a)
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where cgen is the total nonlinear rigidity of the rotor-outer
ring subsystem, A(t) is the total kinematic perturbation caused
by irregularities in the racetrack profiles of the rings and the
ball, kgen is the total viscous drag coefficient equal to the sum
of the coefficients k1 and k2, xi is the displacement
corresponding to i-th of the same mass, Source - the
projection of the vector of the total force impact from the
rotor side to the given axis:
F
F
F
F F
(5)
source

in.ten.

period

grav.

cut . force

where Fin.ten. is the preload force, Fperiod is the periodic
force caused by imbalance of the rotor, Fgrav. is the gravity, the
value of which depends on the location of the rotor, Fcut.force is
the cutting force reduced to the support. Contact deformation
is determined, based on the static elastic characteristic
according to the Hertz theory, which considers the static
contact of two bodies under the following assumptions:
 the materials of the contacting bodies are homogeneous,
isotropic and perfectly elastic;
 the contact area is small compared with the radius of
curvature of the surfaces;
 the pressure forces are normal to the contact surface of
bodies;
 no friction.
Numerous studies of Leontiev [12, 13] pointed out that
under static loading, the dimensions of the contact and
proximity surfaces calculated by Hertz are in good agreement
with the experimentally measured ones. The formula for
deformation can be written in the form:
(6)
  aF
3

where a is a numerical coefficient depending on the size of
the bearing and the elastic constants of the material of the
rings and balls [14].
In the Table 1, the geometric characteristics of the angular
contact ball bearing of the model 214 and the approximate
data of the mass-stiffness characteristics of the model are
shown.
Table 1. The geometric characteristics of the angular
contact ball of the model 214
The characteristic

(b)
Fig. 2. A mechanical system along one of the movable
axes, taking into account (a) and without taking into
account (b) the mass of the ball

The average diameter of the bearing, mm
Contact angle, °
Diameter of rolling bodies (balls), mm
Number of rolling bodies (balls), n

We neglect the mass of the ball m2 and take it equal to 0 due
to the fact that the mass of the ball is less than the masses of
the other elements by more than an order of magnitude and
thus simplify the mechanical system to a system of 3
concentrated masses (Fig. 2, b). The centrifugal force acting
on the ball can also be neglected accordingly. In this case, the
influence of the error in the profile of the ball is preserved.
The system of differential equations that describe the motion
of the simplified mechanical system masses shown in Fig. 2 is
given below:
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The radius of the grooves, mm
Damping in the bearing, Nsec/m

Value
125
15
17.462
10
2
100-400

m1 the reduced rotor mass, kg

1.21

m4 the mass of the body, kg

3.0

m3 the mass of the outer ring, kg

0.82

c3 the rigidity of the subsystem “outer ring-node”, N/m

107÷2·107

c4 the rigidity of the subsystem “node-bed”, N/m

108÷2·108
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A (t )  R  R  D 

In further calculations, modeling, and plotting, the data in
Table 1 will be used. Using the data of Table 1, the expression
of contact deformation can be written in the form of formula
(6):

  33.3 10  F
7

Fig. 3. Graphical explanation of the kinematic
disturbance function
In view of the foregoing, the expression for the kinematic
disturbance is written as:
(7)
A (t )  ( R ( )  R ( )  D ( ))
O

I

B

i

where RO , RI , DBi  are the radius of the
treadmill profiles of the outer and inner rings of the bearing
and the diameter of the i-th ball at the point of contact with the
treadmills.
The parameters RO , RI , DBi  are functions of
the phase  (Fig. 3), which changes over time with angular
velocities: separator ωс, rotor relative to the separator (ωр ωс), the 2nd ball spinning ωB, respectively.
Under the condition of expansion in a Fourier series,
formula (7) can be transformed into formula (8):

Retrieval Number: A4804119119/2019©BEIESP
DOI: 10.35940/ijitee.A4804.119119

O
0

I

B
0

0

  n 1 A cos( n   


n

c

2

(i  1)   ) 

z

n

  m 1 A cos( m  (   )t 

3/2

(6)
The quantity A(t) given in formulas (4) is the total
kinematic perturbation caused by the unevenness of the
raceways of the rings and the rolling lines of the balls. Such
disturbances can be caused both by manufacturing
technological errors and by defects that have arisen at the
operational stage. In the general case, the kinematic
perturbation function can be approximated by any series, but
the approximation by the trigonometric series is most often
used. In this case, the profiles of racetracks are presented in
the form of a Fourier series as a function of changing the radii,
and the ball line of rolling as a function of changing the
diameter of a given ball (Fig. 3), where RI is the radius
changing function that describes the profile of the race tracks
of the inner ring, RO  is the radius change function that
describes the treadmill profile of the outer ring, DB is the
function that describes the change in the diameter of the balls.
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where ωp, ωc, ωB are the rotational speeds of the rotor,
separator and spinning balls, respectively, i is the number of
the ball, z is the number of balls in the bearing race, An, Am, Ak
are the amplitudes of the harmonic components the radius of
the treadmill profiles of the outer and inner rings and the
diameters of the balls, respectively, ɸn, ɸm , ɸk are the initial
phases of the harmonic components of the radius of the
treadmill profiles of the outer and inner rings and the
diameters of the balls, respectively; RO0, RI0, DB0 are
constant components of the radius of the treadmill profiles of
the outer and inner rings and the diameter of the balls.
From the formula (8) it is clear that the solution of the
system (4) will require significant computational costs at each
integration step. For the normal reproduction of defects with
sharp edges, about 10 members of the Fourier series are
needed. For a 214 model bearing, the parameter z=10,
therefore, even for a one-step integration method there will be
120 calculations of trigonometric functions at each step, for
the Runge-Kutta method there will already be 480
calculations of trigonometric functions at each step, and with
an adaptive choice of the step, such calculations will be even
greater.
Taking into account the simulation of rotor acceleration,
each training set should be at least 10 seconds of real time. For
modeling 10 seconds of real time, 256,000 steps are required,
therefore, for the one-step method, 30,720,000 calculations of
trigonometric functions will be required, which is obviously
completely unacceptable.
In this paper, a different approach was used, namely,
modeling the profile of kinematic disturbances in the time
domain. For this, formula (7) is represented by a program
function with argument t (current simulated time), from which
the instantaneous phase  is obtained, and then the defect is
modeled as a deterministic function  and the additive noise
of random surface defects is added based on the following
condition,
if Psi>=Psid and Psi<=Psid+Dd,
then R=R-Hd,
otherwise R=R0+LPFd (Random (Hv)) - Hv/2),
where Psi is the current phase, Psid is the defect onset
phase, Dd is the defect duration (in radians), Hd is the defect
depth, R0 is the initial radius of the outer ring (inner ring,
ball), LPFd is a low-pass filter, forming a random profile of
white noise, Random (Hv) - Hv/2 is a white noise generator
with an amplitude of Hv and zero mean.
Such a method for determining the kinematic perturbation
will require the use of the random and LPF functions only 12
times [25, 26].
The proposed model is the most complete, i.e. takes into
account most of the factors affecting the dynamic quality of
the support and the rotor assembly as a whole. The main
differences between this model
and others available in the
literature are the consideration of
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the nonlinear characteristics of the contact deformation of the
support and relatively low computational costs [15, 16]. To
solve the system of differential equations (4), the Matlab
package was used, in particular, the Ode45 solver with a
uniform constant integration step of 1/25600 sec. This
approach was chosen because of a further mechanical
experiment, carried out with a model 214 bearing, the
vibration parameters of which were measured with a sampling
frequency of 25600 Hz [17-20].
The simulation results are presented in Figures 4-9.

Fig. 7. Acceleration Implementation. Defective outer ring
bearing

Fig. 8. Acceleration spectrum. Defective outer ring
bearing

Fig 4. The implementation of acceleration. Normal
bearing

Fig. 9. Spectrum of the amplitude envelope of
acceleration. Defective outer ring bearing.

Fig. 5. Acceleration spectrum. Normal bearing

Fig. 6. Spectrum of the amplitude envelope of
acceleration. Normal bearing
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To assess the adequacy of the model, vibration
measurements were carried out on a 214 radial ball bearing,
which was driven into rotation using a SP-180M drive unit.
Overall dimensions of the bearing: outer diameter 125 mm,
inner diameter 70 mm, width 24 mm, weight 1.08 kg. The
measurements were carried out using the prototype of the
specialized Vibro-ASIC microcircuit, and the AC-102
accelerometer was used as the primary transducer. In the tests,
several bearings of the same type were used in different
technical conditions: serviceable (no significant damage) and
a bearing having a single damage on the outer ring. The
measurements were carried out at a constant shaft rotation
frequency of 30 Hz and an axial load of 440 N, the values of
these parameters were selected in accordance with GOST
52545.2-2012. The force of pressing the vibration sensor to
the outer ring of the bearing was 25 N. Industrial oil I-12 was
used as a lubricant [23].
Consider the acceleration signal received on the LF
channel in the band up to 10 kHz, Fig. 10, sample length 4096
samples (duration 80 ms), sampling frequency 25600 Hz. The
spectrum obtained from the acceleration signal up to 10 kHz
with a frequency resolution of 12.5 Hz is shown in Fig. 11.
The spectrum of the amplitude envelope of the acceleration of
the bearing up to 1000 Hz, with a frequency resolution of 1.25
Hz, is shown in Fig. 12.
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Fig. 14 Acceleration spectrum. Defective outer ring
bearing.

Fig. 10. The implementation of acceleration. Normal
bearing.

Fig. 15 Spectrum of the amplitude envelope of
acceleration. Defective outer ring bearing.

Fig. 11. Acceleration spectrum. Normal bearing

IV. DISCUSSION

Fig. 12. Spectrum of the amplitude envelope of
acceleration. Normal bearing.
Bearing vibration measurements with damage to the outer
ring are presented below.
The measurement results are presented by the same
measurements as a serviceable bearing, this is done so that the
signals and spectra can be compared with each other [21, 22,
24].
The acceleration signal received on the LF channel in the
band up to 10 kHz is shown in Fig. 13. The spectrum of
accelerations up to 10 kHz is shown in Fig. 14. The spectrum
of the amplitude envelope of the acceleration of the bearing is
shown in Fig. 15.

From a comparison of the waveforms, it can be seen that in
the presence of defects in the bearing, the shape of the
acceleration signal changes significantly, the differences can
be easily differentiated. To automate the analysis of
acceleration signals, it is more convenient to work not with
the original acceleration signals, but to use spectral analysis of
the envelope. The test shows that the Vibro-ASIC
microcircuit makes it possible to differentiate different states
of a rolling bearing according to acceleration signals,
amplitude acceleration envelope and spectra of amplitude
acceleration envelope.
V. CONCLUSION
The work shows a promising approach to machine learning
of the vibrodiagnostic system, which consists in modeling the
profile of kinematic disturbances in the time domain. The
application of this approach will reduce the computational
cost of hardware in the process of training a real system of
vibration diagnostics. The adequacy of the proposed method
is confirmed by calculations in Matlab and comparison with
experimental data.
This work shows the possibility of sufficiently accurate
reproduction of the vibrational characteristics of the bearing
assembly with relatively low computational costs. This allows
you to generate a large amount of training data for defect-free
bearings, as well as for bearings with single and multiple
defects.

Figure 13. The implementation of acceleration. Defective
outer ring bearing.
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