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Analysis of Effects of Sizes of Orifice and Pockets on the
Rigidity of Hydrostatic Bearing
Using Neural Network Predictor System

Fazil Canbulut, Cem Sinanoglu, Sahin Yildirim
Erciyes University, Faculty of Eng., Mechanical Engineering Department,
Kayseri, 38039, Turkey

This paper presents a neural network predictor for analysing rigidity variations of hydrostatic

bearing system. The designed neural network has feedforward structure with three layers . The

layers are input layer, hidden layer and output layer. Two main parameter could be considered
for hydrostatic bearing system. These parameters are the size of bearing pocket and the orifice
dimension. Due to importancy of these parameters, it is necessary to analyse with a suitable

optimisation method such as neural network. As depicted from the results, the proposed neural

predictor exactly follows experimental desired results.
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. Pocket pressure

. Outer radius of slipper

- Inner radius of slipper

. =P,/ P non-dimensional pressure
- Pressure

. Supply pressure

. Leakage from pool across slipper lands
- Radial direction flow rate

. Dynamic viscosity

. Diameter of orifice

. Length of orifice

. Orifice coefficient

. =h/ R4 non-dimensional clearance
. Bearing rigidity

. =k/P,R, non-dimensional bearing
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. =W/ P»R% non-dimensional vertical
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N . Training numbers
1. Introduction

Piston pumps are manufactured two types of
radial and axial. Also, produced with different
capacity, for producing fluid with variable pres-
sure. The most common method of lubricating
the slippers is to use the oil in the pump and to
generate pressure under the slipper in order for
the slippers to float on an oil film. This lifting
pressure can be generated entirely hydrodyna-
mically. Alternatively, the lift can be obtained
largely hydrostatically by tapping the piston
pressure.

Circular pocket hydrostatic axial bearings in
hydraulic axial piston pump are under the in-
fluence of a wide variety of forces. Therefore, the
sliding surface of hydrostatic bearing must have
the necessary axial rigidity. The constitution of
the slope of load film thickness curve is quite
important for hydrostatic bearing applications.
The value of this slope called rigidity is capabi-
lity of the bearing to withstand the variation in
the load depending on the variation of film thick-
ness. The bearing rigidity is one important factor
in selecting parameters of the bearing working
under variable loads. Therefore, the bearing must
be designed in such a way as to obtain maximum
rigidity in minimum oil film thickness and maxi-
mum load. The surface roughness and sudden
load are two important factors to decrease oil film
thickness. Oil film permanency is only possible
when adequate oil is supplied to the hydrostatic
bearing pocket. Lubrication oil is transferred to
bearing pocket by orifice and flow-control valve
in hydrostatic axial bearing. In addition to these
factors, bearing rigidity is affected by the size of
the pocket.

Ko¢ and Hooke have examined the design of
hydrostatically balanced bearings as used in the
slippers of high pressure axial pumps, and out-
lined a design procedure whereby the slipper
behaviour, minimum film thickness and loss of
high pressure fluid could be estimated. It was
shown that for successful operation the slippers
need to have small amounts of non-flatness on

the running surfaces. In addition, good agree-
ment between the measured and calculated film
thickness was demonstrated (Kog¢ and Hooke,
1997).

The same researchers experimentally investigat-
ed the performance of hydrostatic slipper bearings
in axial piston pumps and motors (Kog¢ and
Hooke, 1996). The effect of clamping ratio, offset
loading and orifice size on the behaviour of
overclamped and underclamped slippers was
outlined. It was shown that the slippers run satis-
factorily with no orifice and have their greatest
resistance to tilting couples and to minimum film
thickness. The underclamped slippers and slip-
pers with larger orifice diameter run with rela-
tively larger clearance and tilt than those of over-
clamped slippers with no orifice. Cavitation tends
to affect the slippers, especially at the rear of the
slipper. Ineffective flood lubrication might be the
cause of the cavitation and oil jet pressure must
have maintained to prevent oil starvation. In high
pressure hydraulic equipment the bearings and
seals are usually designed to operate hydrosta-
tically in partial. In some, such as the end plates
or bushes of gear pumps and the valve plates of
axial piston pumps, this is achieved by adjusting
the pressurised areas so that the hydrostatic loads
are nearly in balance, leaving a small residual
clamping load to be carried by hydrodynamic
pressures (Kog, 1989).

Wang and Yamaguchi presented the charac-
teristics of disk-type hydrostatic thrust bearings
supporting concentric loads, simulating the major
bearing/seal parts of water hydraulic pumps and
motors (Wang and Yamaguchi, 2002a). They
evaluated the characteristics by studying the
relationships among the load carrying capacity,
pocket pressure, film thickness, and leakage flow
rate.

Wang and Yamaguchi also theoretically in-
vestigated the load carrying capacity, power loses
and stiffness of disk-type hydrostatic thrust
bearings including the case of eccentric load for
elastic and rigid materials respectively {Wang and
Yamaguchi, 2002b). In their paper, a numerical
analysis method was employed based on a two-
dimensional elastohydrostatic problem with elas-
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tic deformation model.

Another approach for different lubricant and
lubrication condition can be given in (Durak,
2003). An experimental investigation has been
presented for the performance of porous bearing
under different lubricating conditions. The ex-
perimental results obtained in his study indicated
that the correct selection of lubricant and suitable
running conditions.

In this study, the effects of orifice diameter and
the size of pocket in slippers with circular pocket,
which affect the performance of swash plate axial
piston pump and motor are examined using neur-
al network. The neural network is employed as a
robust predictor for analyzing hydrostatic bearing
systems instead of traditional optimization me-
thods. The neural network has fast learning and
parallel processing structure.

2. Theoretically Analyses

Figure 1 shows typical hydrostatic bearing and
plate system used in this study. As can be seen in
the figure, the slipper moves on slipper plate with
a certain film thickness (/). The fluid coming
from piston side is transferred to the pocket
(bottom of the slipper) by orifice to equilibrate
the slipper. While the system is running, the
clearance (/) between the slipper and the slipper
plate must be neither small enough to cause
metal-metal contact nor too big to cause fluid
leakage. Therefore, this critical area has to be
precisely designed in consideration of the dy-
namic working conditions.

The vertical load W (Fig. 1) acting on circular
pocket hydrostatic bearing and formed by loading
pressure Py is kept in equilibrium by the fluid
pressure between the load bearing face and the
opposite element.

The vertical load (Canbulut et al., 1992) is

W= n(RJR)

(1)

where, P is pocket pressure, Ry and R; are outer
and inner radii of bearing respectively.
The flow-rate (Q.) transferred from loading

area of the bearing to bearing pocket and the
radial direction flow-rate (Q,) neglecting the
speed of the hydrodynamic bearing are

nd?

Q=5 (P~ P) @
and
. P.rh®
Qr_677 In(R4/R:) 3)

respectively, where d. and /. are the diameter
and length of orifice, 7 is the dynamic viscosity of
oil.

If P, is drived from Eq. and substituted into
Eq., we obtain

_3Qm(R3—R?)

w j (4)
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If the fluid permanency is considered (Qc= @r)
and Eq. is placed to Eq., the load expression
becomes independent of viscosity
1 1

where, P=Py/P., kc=d}/128 1., and R=Ra/
R..

Generally, the rigidity of hydrostatic bearing
system is denoted by

k=="an

The negative sign (—), is written to signify the
positivity of rigidity equilibrium not in mathe-
matical sense. Rigidity (%) can be driven in the
following form from the Eq. regarding to deri-
vative of /4 film thickness

w
k=3‘h— (7

If necessary for the sake of the simplicity in
working with dimensionless values, the bearing
rigidity in dimensionless form can be expressed as
follows

(8)
where in A=h/Ra, W=W/R,R%, k=Fk/PsR..
3. Experimental System

3.1 Experimental setup

Parameters governing the workings of the hy-
drostatic sliding bearing precedently mentioned
can be explained theoretically with certain as-
sumptions, but experimental determination of the
values closest to reality is the most favorable
scientific approach.

In this study, the effects of slippers, which
enhance the efficiency of axial piston pumps and
motors on lubrication are examined under vari-
ous working conditions. An experimental setup
has been designed to examine the performance of
slippers, in various working conditions of the
axial piston pump. The schematic experimental
setup is shown in Fig. 2.

Experimental setup consists of three main uni-
ts: The main test unit, for the testing of slippers,
the hydraulic power unit and the driving unit
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Fig. 2 The schematic experimental setup
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with control and measurement devices.

3.2 Main test unit

The slippers in axial piston pumps and motors
working on the hydrostatic bearing principle
were taken into account in this study. The struc-
ture of the main test unit are demonstrated in
Fig. 3.

This unit consists of the bottom (3) and top
tables (2), which are constant with studs and
stud bolts (1), the hydraulic loading cylinder
(block) (10), slippers (6) and the elements pro-
viding non-leakage (7). The hydrostatic bearing
with a large circular pocket has been put up
on the bottom table to operate the slipper plate
(11) smoothly. The loading cylinder was de-
signed such a way to load three slippers simulta-
neously.

This region is classified in captions as first,
hydrostatic bearing and slipper plate, second,
hydraulic loading cylinders and slippers, third,
leakproof.

3.2.1 Hydrostatic bearing and slipper plate

Since they instantly resist sudden increases of
load, hydrostatic bearings enable the moving
components on them to work more steadily. A
hydrostatic bearing with a circular pocket has
been provided for the slipper plate, which is in
relative motion with slippers, to work without
vibration. The slipper plate moved by a shaft
from the gearbox is on the hydrostatic bearing
(No 11 in Fig. 3). The slipper plate is designed in
such a way as to prevent the mixture of oil coming
from the hydrostatic bearing with the oil from the
slipper plate. The surfaces of the slipper plate
which are responsible for slipping are ground to
surface roughness quality of 0.6 um. The angular
eccentricity is 25 pm.

3.2.2 Hydraulic cylinder and slipper

There are three cylinder barrels (@ 25.5 mm)
on the hydraulic loading cylinder (Part No 10 in
Fig. 3) to position the slipper at an angle of 120°.
The connections in the cylinder are designed in
such a way as to allow each slipper to be loaded
equally. The loading pressure is controlled by a

manometer on cylinder cover.

The pressure measurement located on the bot-
tom sliding surface of the slippers with an outer
diameters of @ 41 mm. Slippers are made of brass
material and given tolerances their regions on the
cylinder block supplying leakproof. Moreover,
the surface roughness of sliding side on the slip-
per plate are processed with different values to
aim of the experiments. The orifices with inner
diameters 0.3 mm, 0.5 mm are used to send the oil
from top region to slipper pocket.

3.2.3 Leakproof

Oil barricade made of cast aluminium is used to
prevent mixture each other between the leakage
oil bottom the slippers and oil get out of hy-
drostatic bearing (Part No 7 in Fig. 3). Experi-
mental set is supplied with two hydraulic power
units. One of them, it is supplied to hydrostatic
bearing (Part No 12 in Fig. 3) to prove regular
working of slipper plate, another is supplied to
load slippers in the cylinder block and support oil
of slipper pocket.

3.3 Experimental method

In the experiment, three circular pocket bear-
ings with different diameters have been tested.
The Bourdan type hydrostatic pressure manome-
ters were used to measure the loading pressure,
pocket pressure and the pressures of the front and
rear sliding faces where considered to be hydro-
dynamic effect occurs. Oil temperature was set
to be constant to prevent the variation of vis-
cosity.

The ambience temperature was held at 20°C.
Moreover, the temperature of the oil used in the
experiments at the beginning of experiment was
considered not to exceed 20°C. Therefore, an air-
cooled system was used for keeping the tempera-
ture constant.

Loading force can be obtained from the piston
diameter (@ 29.85mm) and measured loading
pressure (pp). Film thickness (%) can be found
by using Eq. (3) consisting of geometric dimen-
sions (R4 R:), measured pocket pressure (pc)
and dynamic viscosity. Finally, bearing rigidity
(k) can be estimated by using Eq. (7).
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4. Artificial Neural Networks

Artificial neural networks (ANNs) have a
large number of highly interconnected proces-
sing elements (nodes or units) that usually operate
in parallel and are configured in regular archi-
tectures. The collective behaviour of an ANNs,
like a human brain, demonstrates the ability to
learn, recall, and generalise from training pat-
terns or data. ANNs are inspired by modelling
networks of real (biological) neurons in the
brain. Hence, the processing elements in ANNs
are also called “artificial neurons”, or “simply
neurons” (Sinanoglu, 2004).

A typical real neuron has a branching dentritic
tree that collects signals from many other neurons
in a limited area; a cell body that integrates
collected signals and generates a response signal
and along branching axon that distributes the
response through contacts with dentritic trees of
many other neurons. The response of each neuron
is a relatively simple non-linear function of its
inputs and is largely determined by the strengths
of the connections from its inputs.

An ANNs shown in Fig. 4 is very loosely bas-
ed on these ideas. In the most general terms, a
ANNs consist of large number of simple pro-
cessors linked by weighted connections. A net-
work is specialised different functions by varying
the connection topology and the values of the

Output
Layer

Hidden Hidden
Layer { Layer2

- « Non-linear neuron O « Lincar neuron

> :Feedforward conncction

Fig. 4 A layered feed-forward artificial ANNs

connecting weights. Complex functions can be
implemented by connecting units together with
appropriate weights. Usually, the processing units
have responses like (see Fig. 4)

y=f <Zu> (9)

where #%; are the output signals of hidden layer
to output layer, #(.) is a simple nonlinear func-
tion such as the sigmoid, or logistic function. This
unit computes a weighted linear combination of
its inputs and passes this through the nonlinearity
to produce a scalar output.

A network is trained so that application of a set
inputs produces the desired set of outputs. The
proposed neural network was trained with two
types of learning algorithms which are QuickProp
and Delta-Bar-Delta. Quick propagation is based
on the following assumptions (Sinanoglu et al.,
2004 ; Canbulut et al., 2004).

E (@) for each weight can be approximated by
a parabola that opens upward, and the change in
slope of E(w) for this weight is not affected by
all other weights that change at the same time.
The weight update rule is;

_oan_ S S
Aw(ﬁ—mAw(t 1) —#7S(¢) (10)
where
_oF
S(H)=7=(t) (11)

The numerator is the derivative of the error
with respect to the weight and (S(¢—1) —S(¢))/
Aw(t—1) is a finite difference approximation
of the second derivative. Together these approxi-
mate Newton’s method for minimising a one
dimensional function

Fx): Ax=—f"(x)/f"(x)

To avoid taking an infinite backward step, or a

(12)

backward uphill step, a maximum growth factor
parameter y is introduced. No weight change is
allowed to be larger than y times the previous
weight change. Quick propagation has a fixed
learning rate parameter, 7,, that needs to be cho-
sen to suit the problem.
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An adaptive learning rate method (Delta-Bar-
Delta) (Yildinm and Uzmay, 2003; Yildirim,
2002) in which every weight has its own learning
rate. The learning rates are updated based on the
sign of the gradient. If the gradient does not
change signs on successive iterations then the step
size is increased linearly. If the gradient changes
signs, the learning rate is decreased exponentially.
In some cases this method seems to learn much
faster than non-adaptive methods. Learning rates
7:(t) for delta-bar-delta algorithm are updated
as follows:

K if §(t—1)8() >0
—¢p(t) if S(t—1)8(¢) <0 (13)
0 else

An(t) =

where &(#) =g—g at time f and § is the ex-
ponential average of past values of §.

SHy=0—-8)6(t)+65(¢t—1) (14)

where 6 (¢) is the derivation of error in weights
and @ is the coefficient of the exponential average
value.

The activation (transfer) functions are possible
for each hidden layer and the output layer. In this
study, the logistic function is used to hidden
layers and output layers. Linear function is taken
for input layer. The logistic function is used to
hidden layers and output layers as an activation
function. Logistic function is as follows ;

y=F(x) = (15)

T lte

Linear function is taken for input layer. The
linear function is;

y=f(x)=x (16)

The result is given in the RMS form for compari-
son with experimental (desired) results (Table
1). The structural and training parameters of the
network are given in Table 2.

Figure 5 shows the currently loaded network.
The connections can represent the current weight
values for each weight. Squares represent input
nodes, circles depict the neurons, the rightmost
being the output layer. Triangles represent the
bias for each neuron. The neural network consist

of three layer which are input, output and hidden
layers. It is easy train the neural network using

Table 1 Average and maximum Rms error for
training algorithms used

Training Algorithms
Quick Prop | Delta-Bar-Delta

Case | | Average RMS | 0.0458435 0.101273

Figure 6 |Maximum RMS| 0.0999992 0.221908
Case 2 | Average RMS | 0.0450971 0.0603726

Figure 7 {Maximum RMS| 0.0984351 0.0998888
Case 3 | Average RMS | 0.0704097 0.0705123

Figure 8 |Maximum RMS| 0.0995733 0.0992878
Case 4 | Average RMS | 0.0737403 0.0706576

Figure 9 |Maximum RMS| 0.0999829 0.0999235
Case 5 | Average RMS | 0.0523453 0.0662205

Figure 10|Maximum RMS| 0.0999353 0.0999115

Table 2 Structural and training parameters of the
proposed neural predictor

7| K N nr | ne | no
Casel 1 611{ 0 (200000 1 {10 3
Figure 6
Case2 1511 0 | 200000 1 | 10| 3
Figure 7
Case3 1611 0 200000 1 | 10] 3
Figure 8
Cased g1 0 200000 1 |10] 3
Figure 9
Case 5
. 0. 0 0000 1 1 4
Figure 10 ! 20 0
Input Layer Hidden Layer, Ouzput Layer
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I > Dimgnsionless
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W =10
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(== Dimensionless
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=15

Bias (+1) Bas (+1)

Fig. 5 Currently loaded network
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one input and three outputs. The input and
outputs data are used as Jearning and testing data.
But the testing data samples are decreased from
fearning rate.

5. Simulation Resulis

The bearing rigidity has been examined in the
framework of the analyses above in various sizes
of orifice and pocket. The variation of dimen-
sianless bearing rigidity with dimensionless film
thickness in various dimensionless bearing Joad
for desired and oeural network approaches is
given in Fig. 6 {Case 1). It is seen that the rigidity
of bearing is greater for the lower values of film
thickness and higher values of load. The load and
film thickness does not much affect sigidity after a
certain film thickness. The results in the ANNs
and test data targets {experiments) are match for
different dimensionless bearing load. ANNs sys-
tem can easily predict bearing rigidity parameters
for real time application.

Figure 7 (Case 2) shows the results of desired
and neural network assuming the variation of
the dimensionless bearing rigidity with dimen-
sionless bearing load in various dimensionless
film thickness. The dimensionless bearing rigidity
is linearly increased with increased dimansionless
bearing load (W), It is seep that the rigidity of
bearing is greater for the lower values of film
thickness and higher values of load. The load and
film thickness does not much affect rigidity after a
certain bearing load. The bearing rigidity was

grpsriens pebeog ey Kt

et i
2 3 + ¢
dianersriess i Bakers G 1

<+ - Necal Nt o Gyt - B -Hieoks ReDhorks et Dvaps - O tipurad Neneel, =~ Desred |

Fig. 6 The relationship between dimensioniess bear-
ing rigidity and dimensionjess film thickness

examined in various dimensionless film thickness,
while the bearing rigidity rose from to , and the
capacity of Joad and dimensionless film thickness
were change. While the bearing rigidity falls
swiftly down to value of dimensionless bearing
load, after this point the fall is less swift.

In case 2, neural network predictor consisted of
pne input neurone, ten hidden layer neurounes,
three owtput neurones with logistic non-linear
activation function. Network has good perform-
ance to predict such systems with all kinds of
working conditions.

The bearing geometry, orifice diameter, and the
levels of loading and pocket pressures in dynamic
working can be evaluated in the oi] film equation,
independent of viscosity. The effects of two facto-
rs on the rigidity of hydrostatic bearing have been
investigated experimentally. These factors are or-
ifice diameter and bearing ratio. The orifice di-
ameler and bearing ratio are considered two dif-
ferent levels {de=0.3 mm, d.=0.5 mm) and three
different levels {R=1650, R=1422, F=1.734)
respectively (Canbulut et al, 1992},

The variation of bearing rigidity with dimen-
sionless radius ratios, in various loading pressures
is shown in Fig. 8 (Case 3). As can be seen in the
figure, the bearing rigidity is increased with load-
ing pressure at the same radius ratios.

The load equilibrium on sliding faces is sup-
plied predominantly by hydrostatic bearing in
the lower radius ratios. As the bearing pocket
shrinks, this weight ratio slips towards hydro-
dynamic bearing area and thus increases rigi-

dinen aresS et Ry (5

3
misriesy by d f |

© - N MO crapin N - T - Mol Nty ~3bDesegt . .- Moyl Neweors —D—Deseg

Fig. 7 The relationship between dimensionless bear-
ing rigidity and dimensionless bearing load
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dity. It is suitable that the radius ratio should be
selected around R=1.5, since no significant
change in the bearing rigidity is observed, when
R ranges from 1.422 to [.650, and since they are
consistent with the findings from theoretical
values. The bearing rigidity is also increased with
increases loading pressure because of the aug-
mentation of the P./ P, ratio. The designed neur-
al predictor has also superior performance for
modelling of such systems.

Figure 9 (Case 4) shows the variation of film
thickness with dimensionless radius in various
loading pressure. The film thickness is also in-
creased with increased dimensionless radius ratio
especially after R=1.65. The hydrodynamic bear-
ing area is effective to support load with de-
creasing area. Therefore, this area must produce
the pressure necessary for the equilibrium of
the load. Since, however, it is possible only with
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Fig. 8 The relationship between bearing rigidity and
dimensionless radius
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Fig. 9 The relationship between film thickness and
dimensionless radius

small film thickness, the variation corroborates
theoretical results also. The results in the ANNs
and test data targets (experiments) are similar to
each other in both approaches. The film thickness
can be predicted using ANNs for experimental
approach.

The effects of various orifice diameters and
radius ratios on the system performance have
been examined and a behaviour similar to the one
in Fig. 10 (Case 5) has been observed. As can be
seen in the figure, generally, the augmentation of
loading pressure linearly increases bearing
rigidity in two various orifice diameters and ra-
dius ratios. When the diameter of orifice de-
creased, the linear flow increased. Otherwise, the
diameter of orifice is increased, the linearity of
flow decreased.

Especially when, the diameter of orifice is 0.3
mm and the radius ratios are 1.67 and 1.784,
increasing loading pressure caused rigidity to
show fluctuating changes. In this curve, as the
pressure increased to 200 N/cm® and 400 /cm?,
rigidity decreased. This was believed to have
resulted from faulty measurement. The behaviour
posed by these curves is the form of behaviours
expected theoretically. As shown in this figure,
the results obtained from these two approach are
consistent with each other for different working
conditions such as orifice diameter, dimensionless
radius and loading pressure.

The error convergence graphs of the Case 1, 2,
3, 4 and 5 are depicted in Fig. 11, 12, 13, 14 and
15 during the training of the network. As can be
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Fig. 10 The relationship between bearing rigidity
and loading pressure
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RMS Error vs Training Time

1264
-~ Trairang Error
11 3% - Testng Enror

<
T LT

o
o
o

T

or
THreTeTs

TR T T T

N
>

T

N,

mﬂ»\xdm‘ o 4 4 It 4. 3 $

800 1600 240G 3200 4050 4800 %600 6400 7200 8000
pochy

<

Fig. 11 The error convergence graph of the Case 1
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Fig. 13 The error convergence graph of the Case 3

seen from the figures, the error is rapidly reduced
to small values. Small epochs can be employed
for Case 3. But Case | needs comparatively large

RMS Error vs Training Time

1(“ 53 .
e ~e Traning Error
956F. -~ Tasing Eror

GO bl ok e Y § catardianiasach
460 800 1206 1800 2000 2400 2800 3200 3600 400
Epochs

Fig. 14 The error convergence graph of the Case 4

RMS Esor vs Training Time

——— Traning Ewor
2 261 -vT_Tes?mg Ener

[
w
<

RME Error
~
9

o
pete

L ¢ L by

RTPTT IETPReYIN RVINTTI S 1ot

] 400 800 1200 1600 2000 2400 2800 3200 3800 4000
Epocts

Fig. 15 The error convergence graph of the Case 5

number of epochs, because of sudden decreased
film thickness.

6. Couclusions

In this paper, an experimental and neural net-
work application were employed for analysing
rigidity variations on hydrostatic bearing system.
As can be depicted from the results, the neural
predictor can be used as a predictor for possible
experimental applications of hydrostatic bearing
system. Also, on the different working conditions
of the system, neural network exactly followed the
rigidity variations of the system with various
loading pressure and dimensionless radii.

It was shown from theoretical and experimental
results that orifice diameter and radius ratio sig-
nificantly affect on bearing rigidity. The design
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criteria of an orifice diameter of 0.3 mm and a
radius ratio of about 1.5 can be recommended for
the procurement of maximum rigidity.

Finally, due to the parallel structure and fast
learning of neural network, this kind of neural
network algorithm could be utilised to model
another types of bearing systems. The neural net-
work can be used in practical applications after
finding exact model of the system.
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