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Abstract: The problem of failure detection applied to rotational systems with active magnetic bearing (AMB) has a
special difficulty because the mechanical system equations are associated to the system control structure. The
measurement of all state variables normally is not possible in real systems and the knowledge of stiffness and damping
values are also difficult to be identified. In order to avoid this practical characteristic, we propose a methodology that
works with the structure of the model and generates compatibility equations involving correlations between a reduced
numbers of state variables. These relations are obtained by the matrix equation of Ljapunov. The faults in the system
are detected by monitoring the change in the physical parameters and comparing the theoretical and estimated
correlation functions. Artificial neural networks are used to map the correlations involving states that are not
measured. The proposed method is applied numerically to detect and locate sensor and actuator faults.
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INTRODUCTION

Active magnetic bearings are used in equipment lilckvthe elimination of contact surfaces enablegry low
mechanical wear, a decrease in motor consumptidritendisposal of lubricants. They are suitabletlierconstruction
of sealed machines, which need to operate in awaar in atmospheres subject to contamination. Hewen critical
conditions of operation a possible fault can leadatastrophic consequences, leading to consideeaioinomic losses;
therefore, it is of extreme importance the use séeurity system tincrease its reliability of use. The faults of smnss
and actuators can be prevented by the redundan@omponents, doubling the sensors in operationhoyugh
touchdown bearings, which hold the rotor down, Ra&i; Sahinkaya and Keogh (2012). Modern turbonmachi
requires the use of simple bearings, sensors anttolers. However, in order to maintain the reliidp of the
equipment, it becomes necessary to use a faulttil@iesystem associated with prognosis and comecdystems,
called smart machines, Shweitzer, (2005).

Despite the viability of turbomachinery with magnedbearings, few studies have addressed the useetifods of
fault diagnosis in this type of system. Tiwari &ldougale (2014) have applied an algorithm for estiiom the dynamic
parameters and residual unbalances in a flexilier neith magnetic bearings, the algorithm is babeth on the
measured AMB controlling currents and rotor unbedaresponses. Aenis, Knopf and Nordmann (2002)exppl fault
detection algorithm in a centrifugal pump with matio bearings based on transfer functions andemtbasurement of
magnetic forces. Zhang et. al (2013) use staterediseand kb control for compensating the delay of the respahse
to faults in sensors and actuators. Losh (20028d wsdundant sensors to diagnose faults, usinggarnitam based on
the residue of measurements of the sensors withnéthdut faults, and for faults of actuators, thel current of the
magnetic bearing is compared with a sample of atsren which the bearing can operate without délstaig. Tsai
and Lee, (2009) apply two methods for detectindtdain sensors and actuators in a system of ratdr rmagnetic
bearing using state and parameters estimators,Jesweeeds to combine simulation data and parandgatification
to be able to identify the type of fault.

Eduardo and Pederiva (2002) developed a set oéletion equations related to the physical pararsetérthe
system together with artificial neural networksdtect mechanical failures in a rotor with convemil bearings. Silva
and Pederiva (2006) applies this formulation t@®m supported by active magnetic bearings, withhendegrees of
freedom, for detecting and locating mechanicalufes (loss of stiffness in the shaft) and eledtr{sg&nsor and
magnetic failures) numerically. Silva and Pedel2@07) explored mechanical faults at several rptunts using the
same detection strategy. Sanches and Pederiva)(&uthes the simultaneous identification of fablysimbalance and
shaft bow of the rotor, as the measured responsbdeauis lower than the total degree of freedomhefrotor, uses an
auxiliary system (filter) and techniques of ordeduction of the adjusted model in order to redineedomputational
effort in the determination of the observabilitytntg generating the additional correlations thiédva the identification
of the failures. Silva and Pederiva (2018), presefdarmulation for detection of unbalance failuieslexible rotors
supported by active magnetic bearings. The modetdarocedure makes use of the correlation equatibrough the
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matrix formulation of Ljapunov along with artifidimeural networks. By the method it is possiblel&tect unbalance
change in one or several planes simultaneouslyy elanging the phase angle between the disks.

In this work the same formulation is applied tontiy sensor and actuator faults. The failure dédecmethod is
based on knowledge of the mathematical model streateveloped for the mechanical and control systdomg with
the force laws of the bearings. Unbalance and whitise forces excite the system. By the analysishefmatrix
equation of Ljapunov it was chosen a set of equoatibat describe the behavior of the system inaglthe physical
parameters, along with the equations of correldbietween the measured states. The terms of thelation equations
related to states that cannot be measured are chaprmeigh Artificial Neural Networks, ANN. A neuraktwork was
generated for each equation of interest. At the #reldifference between the measured correlafwitb failure) and
the expected correlations (without failure) is ciédted. Observing these differences and the equatltere they are
manifested, we arrive at the conclusion of thetfandl the location in the system.

MATHEMATICAL MODEL AND CORRELATION FUNCTIONS

Model of Magnetic Bearing and Controller

The configuration of magnetic bearing is showniig B. The electromagnetic force is inversely pmtipoal to the
distance, and when applying an electromagneticefdocthe rotor the tendency is to be attractedh&o hinimum
possible distance between its surface and thereteagnet.

Power
Amplifier

Figure 1 - Radial AMB

The force applied to the rotor in a pair of cogsmde expressed by the following expression fotwhehalf-axes:
i 2
foo(iz) - km(—zbj 6y
In Eq. (1): z is the distance between the rotor tiredstator of the bearing, ib is the bias curieemd km is the
bearing constant depending on the air permeabililynber of coils and the cross sectional areaéngép, Mendes,

Cavalca and Ferreira (2012).

The law of force linearalized for small displacentsearound the operating point (z0, i0) and mafé?n:glp , for the
positive semi-axis is given by:

fz=4km, z(t)- 4km;.i (t) 2
.2 .
km, = 4.km3.|b andkm, = 4.Kn21.|b 3)
g9 g

In Eqg. (3): kmz is the constant of proportionalitf/force to displacement (negative spring), whistadded to the
mechanical stiffness matrix in the actuation plaoethe magnetic bearing, and kmi the constantropertionality of
force to the current (bearing gain).

The controller is a sixth-order SISO (single inirgte out), the dynamic of the control modelledhr state space is
given by:

%(t)=Acxc(t)+By,(t) andfy, = A x.(t)+By,(t) 4)
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In Eqg. (4): Ac is the dynamic matrix of the conten$, Bc is the input matrix of the controller, igathe input vector
of the mechanical system with the ks gain of theseg Cc is the output matrix of the control andisc¢he vector of
control states with the km gain of the magnetizaidr and kp power stage gain. Since the contradlaf the sixth
order, there are six control states for each actuaixis.

Rotor Model and the Complete State Space Equation

The mechanical model system is composed by a withr shaft and four discs. The magnetic bearings tavo
position sensors act in the external discs, an@dt@mand a rotational and position sensor act éniiternal discs. The
model uses three shaft elements and four disc elsnaad sixteen degrees of freedom, being two atigphents (y, z)
and two rotationst ¢) for each disc, Fig. (2).
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Figure 2 — Mechanical model of the system

The mechanical model can be represented by thenfimlyy differential equation:
M (t)+Galt) +Kalt) = (1) (5)

In Eqg. (5): M is the mass and inertia matrix of thiecs and shaft, G is the gyroscopic effect andpiiag matrix, K
is the stiffness matrix of the shafts and negasimeng of the magnetic bearing and f(t) is the oecf external forces,
which includes magnetic force, unbalanced forces white noise. The vector q(t) represents the disghent and
rotations of the system:

at)=lys v> Vs Ve @& @ & @ 7 2z, 23 2z, 6 8, 6; 8,] (6)
The equation in the state space of the mechanjstdm is given by:
m (t) = AmXm (t)+Bm felt) and y o (t) = Croxn (t) 7
Where:
Zz I 4
Am=|:—M_1K CM-lG and B"‘{—M‘l} (8)

n =l 2] and (<[ 30 ©

In EQ. (9): An is the dynamic matrix, Bis the input matrix, & is the output matrix, pyis the mechanical state
vector that can be measured apgt)is the state vector of the mechanical systens. iatrix of zeros, | represents the
identity matrix and the points indicate the diffeiation with respect to time.

From de Eqgs. (4) and (7) the state space equatitthre @omplete system is given by:

X (t)zAf X (t)"'Bff(t) (10)

A B,,C B X
Ap=| T M By =l ™ landx, =| " (12)
B.Cn Ag Zeros Xe
In Eq. (11): Af is the dynamic matrix of the comiglesystem, Bf is the input matrix, and xf is thenpdete vector in
the state space in closed loop, formed by the nméchlastate xm and control state xc.

Where:

Correlation Functions and Artificial Neural Network [

Considering the invariant system with stationaryries. In these conditions, the correlation funesicassume
constant values in time and depend only on the kimgei, given by:
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Rxq (1) = g{x; (t)x{ (t + 7} (12)
Replacing the solution of Eq. (10) in Eq. (12), eve:
A;RX; +Rx;A{ +B;RxX,X; +Rx;X,B{ =0 (13)

The Eg. (13) is called matrix equation of Ljapuriovlinear stationary systems and is the basishferdevelopment
of the fault diagnosis method proposed in this warkere:

RXmXm  RXpX RX X
Rxg=| ™™ "l RxpXs = [RXoXm  RXpXc] andRxex, =| _ ™" (14)
RX Xy,  RXcX¢ RX X

In Eg. (14): Rxxm is the matrix of correlations between the mectarstates, Rxx. is the matrix of correlations
between the mechanical states and states of cqrifekn, is the matrix of correlations between the statesomtrol
and mechanical states, Rxis the matrix of autocorrelations between theestaif control, Ry is the matrix of
correlations between the unbalances and mechastaials, R is the matrix of correlations between the unbaanc
and states of control, Rxn is the matrix of correlations between the mecharstates and unbalances andRis the
matrix of correlations between the states of cdmtnol unbalances.

From the evolution of Eq. (13) were chosen 4 eguatirelated to the mechanical states z1 and z4hendontrol
states Z1c and z4c. The terms difficult to be mesbswere excluded and the correlations that coaldhbasured were
placed as inputs in the neural network. The isdlé¢éems in each neural network output correspontiireach selected
compatibility equation are shown in Tab.1.

Table 1. — Mechanical and electrical parameters of  the Neural Networks

State Node Inputs Output  Network
z1 1 Rz,z,,Rz,2y,R2,4.21,RZ,5.2y, RZ13.2;, RZ 4.2, Rz ,z; Al

z4 4 Rz32,,R2424,R2 424, RZ41.24,RZ .24, RZ453.24,RZype2, Rz 42,4 Ad

zlc 1 Rz;1.21,RZ, 521, RZ,4.2,,RZ, 4.2, RZ;5.2; Rz 1z, Alc

z4c 4 RZ41024,RZ4524,R243.24,RZ44.24, RZ45.24 Rz 4z, Adc

The autocorrelations of output of architectures A4, Alc and A4c were trained for the system withfawlt. The
comparison between the output without and withtfeumade by calculating the mean square devigtitBD), given

by:
MsSD =| - EN Re, ~Rx)? || (15)
I N i:1( Xp —Rx¢)

In Eq. (15):rx, is the autocorrelation of output of the networkhafiault, rRx, is the autocorrelation of output of the
expected network without fault and N is the numiferaining data.

The neural network used has one input layer, tterimediate layer with ten neurons. We simultangonstasured
all signs of the position sensors (y1, y4, z1 afgand the states of control in the direction ZZt1(c, Z12c, Z13c,

Z14c and Z15c) and direction Z4c (Z41c, Z42c, Z43%8)c and Z45c) in the time domain, in the fixethtion. Figure
3, shows the network model (A1) used.

Activation Function
Sigmoidal

Inputs

Figure 3 — Atrtificial Neural Network - Al
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RESULTS

The time domain response of the system was obtdimedgh MatLab - Simulink software. The Simulinlode! is
essentially made of a block consisting of spacemefchanical states equations, Eq. (7), whose oupaitthe
displacements y1, z1, y4 and z4 that pass throlglgains of the sensors and feed the four blockgosed by the
equations of Eq. (4); their outputs pass throughbibaring gains and power stage that feedbackimétmagnetic force
in each direction of actuation of the magnetic mearThe system is excited by external unbalanceef@and white
noise. The mechanical states y1, y2, y3, y4, z1z323nd z4 are obtained simultaneously and theaixrol states in
the direction Z1c and in the direction Z4c in fixedation of 3000 RPM. The failure-free system paegters are listed
in Tab. 2.

The system was initially considered to have a redidnbalance of 0.1 g at zero degrees in the anbalradius of
25 mm on all disks. Correlation functions were gkdted and these results were used to train theaheetworks. The
Levenberg Marquart algorithm was used for trairtimg networks, adjusted for the following charastées: sigmoidal
activation function, admissible global errorél@nd learning rate 10 For the training of the networks the noise-free
system was considered, the correlations were eamliby the expansion of Eq. (13) and the inputsarputs for the
neural networks shown in Tab. 1, were obtained.

Table 2. — Physical properties of the rotor and AMB’  s.

Disks Parameter Value Unit
Mass md 8.80 10-2 kg
Moment inertia Id 3.1010-5 kg.m2
Polar moment of inertia Ip 6.02 10-5 Kg.m2
Shaft Parameter Value Unit
Length L1,L2,L3 0.150 m
Cross section Ashaft 1.57 10-5 m2
Moment of inertia of area le 5.10 10-11 m4
AMB'’s Parameter Value Unit
Gain of the sensor ks 1900 Vim
Gain of the power amplifier kp -0.25 AV
Gain of the bearing km 8 N/A
Negative spring kz -2450 N/m
Bias current ib 0.307 A
Air gap g 10-3 m

For the training of the networks the noise-freet@ayswas considered. Several magnitudes of whiteenaiere
added to the system in order to test the abilithép the networks in the presence of noise. Théewttise magnitude
was added based on the percentage of the RMS wélilie unbalance force. The mean square error M= ,(15)
which relates the outputs of the fault and faultlastworks was used to compare the different lesialghite noise, the
results of which are shown in Tab. 3.

Table 3 — Mean square deviation without fault and w  ith white noise

MSD [%]
White noise level Al A4 Alc A4c
10% 0.222 0.002 0.690 0.759
20% 0.282 0.021 0.930 0.821
30% 0.213 0.051 0.576 0.658

It is interesting to note that with the additionvafiite noise at different levels, the MSD parameliernot change
significantly. The simulations for the detectionedéctrical failures were made considering the ll@§e80% of white
noise and rotation of 3000 RPM.

Sensor Fault

The change in the parameters of the sensor wassedploy changing the kssensor gain, decreasing from 19000
V/m to 16000 V/m, resulting in a loss of sensitvitf approximately 15% compared to condition with€ailure. The
procedure was repeated making the same changesiseksor gain and in the sensorg ksd ks, simultaneously.

The same procedure was now performed by changmgdims of sensors from 19000V/m to 13000V /m, Wwhic
represents a loss of about 30% in the sensitiithe@sensor.

For all cases was calculated the MSD, Eq. (15néural networks with architectures Al, A4, Alc awtt. The
results are shown in Tab.4.
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Table 4 — Sensor fault— rotation 3000 RPM - with whit e noise

Sensor fault

Gain Position Al A4 Alc Adc
19000 V/m ksz1 2,51 1,34 45,9 4,06

para ksz4 1,29 3,10 7,08 47, 88| ¥
16000V/m | ksz1l and ksz4 2,41 1,9 40,53 45,72 | o
19000 V/m ksz1 2,45 0,6€ 62,34 3,00 2

para ksz4 0,67 3,21 6,75 59,13
13000V/m | ksz1 and ksz4 3,29 2,9 60, 78 55, 92

In the Tab. 4 the MSD error rate is higher for Atetwork architecture, which is related to the staimtrol zlc,
being more predominant in the network. The samediagd to the network Adc, which is related to tbetml state
z4c. The index MSD is significant in the network&cfand A4c, related to the states z4c and z1c cégply. In the
case where fault imposed is the same, and the toagndf the failure is greater the method is semstb this change.

It can be noted as well that the architecturehef networks Al and A4, which are related to the haatcal
parameters showed no significant change, indicdtiathe failure is of electrical type.

Bearing Fault

The bearing failures were imposed by changing Heedpil current of bearings for the axes z1lc and e
current was varied from 0.307 A to 0.250 A, meararigss of approximately 20% in the current in aris, causing a
loss in gain of the bearing kinand kmys by the same proportion, Eq. (3), and approxima88%o in the value of
negative spring.

The same procedure was now performed by changiihguwent of the bearing axis for the axes angdand/ zc
was varied from 0.307 A to 0.204 A, meaning a losapproximately 35% in the current in one axigjsiag a loss in
gain of the bearing kyp and kmys by the same proportion, Eq. (3), and approxima®ly in the value of negative
spring.

This decrease of current gain and consequentlygdie of the magnetic actuator changes the paraseter
stiffness, damping and actuation force of the ImgaiTable (5) shown the results of applying thidtfan the z direction
of the bearing 1 and of the bearing 4, as of ttexibhg 1 and 4 together. The differences betweeratliecorrelations
present at the outputs of the networks proposethéofailure condition and the system without feelare shown by the
index MSD.

Table 5 — Bearing fault— rotation 3000 RPM - with  white noise

Bearing fault

Value Position Al A4 Alc  A4dc
350 mA iZ1c 2498 4,25 36,01 3,12 | _
Para iZac 2,54 20,41 2,61 37,76 &
250 mA | iz;c and iz4c| 26, 87 18,33 35,13 37,76| o
350 mA iZ1c 31,82 391 4507 506| 2
Para iZac 3,98 2879 4,07 48,96
204 mA [ izicand iz4c| 27,41 25,16 46,84 42,95

In Tab. 5 the MSD error index is higher for thewnatk architectures Al related to the negative gpkim,; which
is related to the mechanical state z1 together avitincrease in the architecture Alc related tatimrol direction z1c,
related to the gain the actuator magnetic:kihhe same occurred for the networks A4 and A4t dha related to the
direction of action z4. The MSD index is signifitam the networks Al, A4, Alc and A4c related te #tates z1, z4,
z1c and z4c, respectively, when failure was impdsedoth controls. Although the failure imposedtlie same, the
amount of change of current in the bearing was drighnd the method was sensitive to this changhcating the
source correct fault condition.

CONCLUSION

The fault detection method was developed baseth@miatrix equation of Ljapunov and artificial ndunatworks
and applied to a flexible rotor with active magodtearings.

By the method used it was possible to detect sagmiarfaults and faults in the coil current of tiearing, where it
is not necessary to know the values of the modelrpeters, electrical or mechanical, but only thelehstructure.
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Considering that many states are not possible iofbmeasured due to the restriction imposed bydtation of the
drive motor or instrumentation, however the resulere quite satisfactory, since they are mappedhkyneural
network.

Networks related to mechanical failures did notng®significantly for the cases studied, indicatthg correct
fault diagnosis of electrical origin and the metli®ihsensitive to the addition of white noisets entrance, not taking
this factor as possible fault

It was possible to separate the failure relatethéochange in the sensor gain from the coil curf@hire, because
the error index appears in a different way relatethe neural networks.

Experimental studies are being provided to expigithis failures in the real case.
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